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Teresa Attenborough

Abstract

In this thesis, I apply bioinformatic methods and statistical techniques to three
data sets found in immunocompromised paediatric patients, who are receiving hae
matopoieticstem cell transplants (HSCT) or HIV treatment.

In the first part, I examine aspects of the gut microbiome with targeted metage-
nomics using the 16S rRNA gene. In Chapter 3, I focus on how pre-processing
affects the outcomes, and I present and implement a systematic method to identify
and remove probable contaminants, leaving the data ready for analysis in Chapter
4. I then examine the changes in the gut microbiomes of a set of paediatric patients
undergoing transplants. Many different factors, including specific antibiotic regimes
and gut-associated viral infections (i.e. not the transplant alone), appear to affect
gut microbiota. Some taxa are differentially abundant when separated by the pa-
tients’ outcome.

In the second part, I analyse aspects of the T cell receptor (TCR) repertoire us-
ing high-throughput sequencing. In Chapter 5, I examine the effects of the different
methods on the sequenced TCR repertoire. I conclude that biomedical status can
affect library size, an effect which would be concealed by subsampling. I find that
some clonotypes come from distinct recombination events. In Chapter 6, I track
TCR repertoire diversity following transplants from umbilical cord blood (UCB).
The recovery of TCR diversity was highly variable, although the majority of patients
returned to normality around 12 months post-transplant. This study contributes to
the characterisation of the recovery trajectory from UCB HSCT, and supports UCB
as a viable source for HSCT. In Chapter 7, I examine the effects of a planned treat-
ment interruption for children living with HIV. While the immune profile returned
in many respects to a pattern similar to that of children without an interruption,
there may be some long-term effects on the diversity of the TCR repertoire.
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Impact Statement

Children who are immunocompromised, either from primary immunodeficiency
or infection, or through a pre-transplantation conditioning drug regimen, are vulner-
able to a wide variety of infections. Greater understanding of the immunodeficiency
and its interaction with microbial communities in the body can only help in moni-
toring the recovery of these children and improving their outcomes.

The role of microbial communities, including the gut microbiota, in both health
and disease has risen in prominence in the last two decades. There are many choices
to make in the sequencing and analysis of data; but the use of positive and negative
controls in microbiome data analysis is generally not presented in sufficient detail.
In Chapter 3, I present a novel framework to utilise positive and negative controls in
profiling and contextualising the gut microbiomes of immunocompromised children.
This provides a new specificity as how contaminants are identified and removed, as
well as tailoring the approach to the specific samples of interest. This framework
could be used by other researchers in similar settings, or be adapted for other con-
texts.

In Chapter 4, my analysis of gut microbiome composition before, during, and af-
ter transplant contributes towards the body of knowledge on this topic. It goes some
way to improving the understanding of which environmental and medical factors -
most prominently, antibiotic use and intercurrent viral infections - are associated
with major shifts in microbiome composition. Microbial taxa were found to be dif-
ferentially abundant according to the health outcomes of patients. This may provide
some clues as to how modulating the gut microbiome may improve patient outcomes.

In Chapter 5, I present a methodological analysis of outputs from a T-cell re-
ceptor (TCR) sequencing pipeline. As well as contributing examples and analyses
of how diversity estimates intersect, I also show that in this pipeline, some TCR
“clonotypes” are likely to be derived from multiple recombination events. This is
both informative for other users of this approach, but also contributes to a broader
understanding of VDJ recombination.

In Chapter 6, I provide a detailed profile of the TCR repertoire in children re-
ceiving stem cell transplants from umbilical cord blood. The sequencing of the TCR
repertoire was found to give similar outcomes to other clinical diagnostics, but with
more in-depth understanding of the patients’ immunological state. This technique
could in future be implemented while patients’ immune reconstitution is ongoing.
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Finally, in Chapter 7, I use similar techniques to profile the TCR repertoire of
HIV+ children undergoing a planned treatment interruption. Effects of this on the
repertoire were evidenced in more detail than has yet been published. The diversity
of the repertoire was reduced in the short term but largely recovered within three
years. This finding may support safer HIV treatment interruptions in children when
there is a clinical case, as well as giving some insight into the effects of unplanned
treatment breaks, including in low-resource settings.
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Table 1: Abbreviations used in this thesis.

Abbreviations

AIDS Acquired immune deficiency syndrome

ALL Acute lymphoblastic leukaemia

AML Acute myeloid leukaemia

ART Anti-retroviral treatment

ARV Anti-retroviral

ASV Amplicon sequence variant

BR Broad spectrum

CMV Cytomegalovirus

CT Continuously treated

CyT Cycle threshold

DNA Deoxyribonucleic acid

FLASH Fast length adjustment of short reads

FMT Faecal microbiota transplantation

GN Gram negative

GOSH Great Ormond Street Hospital

GP Gram positive

HD Heart disease

HIV Human immunodeficiency virus

HLH Haemophagocytic lymphohistiocytosis

HM Haematological malignancy

HSCT Haematopoietic stem cell transplant
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Abbreviations

HTS High-throughput sequencing

JMML Juvenile myelomonocytic leukemia

KD Kidney disease

MA Myeloablative

MD Metabolic disorder

MDS Myelodysplastic syndrome

NMA Non-myeloablative

NMDS Non-metric multidimensional scaling

OTU Operational taxonomic unit

PBMC Peripheral blood mononuclear cell

PCR Polymerase chain reaction

PENTA Paediatric European Network for Treatment
of AIDS

PID Primary immunodeficiency

PTI Planned treatment interruption

RIC Reduced intensity conditioning

RNA Ribonucleic acid

rRNA Ribosomal RNA

SCID Severe combined immunodeficiency

SID Secondary immunodeficiency

SIHMDS Specialist Integrated Haematology and Ma-
lignancy Diagnostic Service

t-SNE t-Distributed Stochastic Neighbour Embed-
ding

TCR T cell receptor

UCB Umbilical cord blood

UCL University College London

UCL GOS ICH UCL Great Ormond Street Institute of Child
Health

WAS Wiskott-Aldrich syndrome
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Abbreviations

WES Whole exome sequencing

WGS Whole genome sequencing

Table 2: Project abbreviations used in this thesis.

Project code Description Results chapter
CVG Gut microbiome and

stem cell transplant
Chapter 4

CBT T cells after cord blood
transplant

Chapter 6

PENTA T cells in HIV treatment
interruption

Chapter 7

Throughout this thesis I will be following the advice of the Journal of Bacteriology
for the presentation of bacterial taxonomy: all taxonomic levels will be written in
italics. Furthermore, if there is no confusion in the document, bacterial species will
be referred to as their genus initial followed by species name (e.g. Clostridium dif-
ficile referred to as C. difficile) (Journal of Bacteriology, 2020).

10



Contents

1 Introduction 39
1.1 Biological diversity . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

1.1.1 Diversity and the genome . . . . . . . . . . . . . . . . . . 41
1.1.2 Quantification of diversity . . . . . . . . . . . . . . . . . . 42

1.2 Genetic sequencing . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
1.2.1 High-throughput sequencing . . . . . . . . . . . . . . . . 43
1.2.2 Whole genome sequencing . . . . . . . . . . . . . . . . . . 43
1.2.3 Whole exome sequencing . . . . . . . . . . . . . . . . . . 44
1.2.4 Amplicon sequencing . . . . . . . . . . . . . . . . . . . . 44

1.3 Human gut microbiome . . . . . . . . . . . . . . . . . . . . . . . . 45
1.3.1 Early development . . . . . . . . . . . . . . . . . . . . . . 45
1.3.2 Mature gut microbiome . . . . . . . . . . . . . . . . . . . 48
1.3.3 Sample collection . . . . . . . . . . . . . . . . . . . . . . 48
1.3.4 Sampling and sequencing . . . . . . . . . . . . . . . . . . 49
1.3.5 Bioinformatic processing . . . . . . . . . . . . . . . . . . 54

1.4 The human immune system . . . . . . . . . . . . . . . . . . . . . . 58
1.4.1 Haematopoiesis . . . . . . . . . . . . . . . . . . . . . . . 58
1.4.2 Innate immunity . . . . . . . . . . . . . . . . . . . . . . . 59
1.4.3 Adaptive immunity . . . . . . . . . . . . . . . . . . . . . 60
1.4.4 T lymphocytes . . . . . . . . . . . . . . . . . . . . . . . . 60
1.4.5 T cell maturation . . . . . . . . . . . . . . . . . . . . . . 61
1.4.6 Gut microbiome and immunity . . . . . . . . . . . . . . . 64
1.4.7 Major histocompatibility complex (MHC) . . . . . . . . . 65
1.4.8 T cell receptor . . . . . . . . . . . . . . . . . . . . . . . . 66
1.4.9 VDJ recombination . . . . . . . . . . . . . . . . . . . . . 66
1.4.10 TCR structure . . . . . . . . . . . . . . . . . . . . . . . . 68
1.4.11 Spectratyping . . . . . . . . . . . . . . . . . . . . . . . . 70
1.4.12 TCR sequencing . . . . . . . . . . . . . . . . . . . . . . . 70
1.4.13 Decombinator . . . . . . . . . . . . . . . . . . . . . . . . 72

1.5 Immunodeficiency . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
1.5.1 Primary immunodeficiencies . . . . . . . . . . . . . . . . 77

11



1.5.2 Secondary immunodeficiencies . . . . . . . . . . . . . . . 77
1.6 Haematopoietic stem cell transplantation . . . . . . . . . . . . . . . 78

1.6.1 Types of HSCT . . . . . . . . . . . . . . . . . . . . . . . 78
1.6.2 Conditioning . . . . . . . . . . . . . . . . . . . . . . . . . 79
1.6.3 Graft-versus-host disease . . . . . . . . . . . . . . . . . . 80
1.6.4 HLA matching . . . . . . . . . . . . . . . . . . . . . . . . 82
1.6.5 Umbilical cord blood transplantation . . . . . . . . . . . . 82
1.6.6 TRECs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
1.6.7 Immune reconstitution following transplant . . . . . . . . 85
1.6.8 T cell reconstitution following transplant . . . . . . . . . 88

1.7 Human Immunodeficiency Virus . . . . . . . . . . . . . . . . . . . . 90
1.7.1 World-wide pandemic . . . . . . . . . . . . . . . . . . . . 90
1.7.2 Strains . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
1.7.3 Transmission . . . . . . . . . . . . . . . . . . . . . . . . . 91
1.7.4 HIV replication . . . . . . . . . . . . . . . . . . . . . . . 92
1.7.5 Infection and latency . . . . . . . . . . . . . . . . . . . . 93
1.7.6 Anti-retroviral treatment . . . . . . . . . . . . . . . . . . 95
1.7.7 HIV in paediatric patients . . . . . . . . . . . . . . . . . 96
1.7.8 Planned treatment interruption . . . . . . . . . . . . . . . 97

1.8 Bioinformatic and statistical methods . . . . . . . . . . . . . . . . 98
1.8.1 Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . 98
1.8.2 Diversity indices . . . . . . . . . . . . . . . . . . . . . . . 103
1.8.3 Statistical methods . . . . . . . . . . . . . . . . . . . . . 105
1.8.4 MAPseq . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

1.9 Aim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

2 Methods, materials, and patients 110
2.1 Statement of Ethics . . . . . . . . . . . . . . . . . . . . . . . . . . 110

2.1.1 CVG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
2.1.2 CBT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
2.1.3 PENTA . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

2.2 Gut microbiome following HSCT (CVG) . . . . . . . . . . . . . . . 111
2.2.1 Study cohort . . . . . . . . . . . . . . . . . . . . . . . . . 111
2.2.2 Sample collection and storage . . . . . . . . . . . . . . . . 114
2.2.3 Extraction, library preparation, and 16S rRNA gene se-

quencing . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
2.2.4 Virus PCR . . . . . . . . . . . . . . . . . . . . . . . . . . 115
2.2.5 Bioinformatic pipeline . . . . . . . . . . . . . . . . . . . . 115

2.3 TCR repertoire following HSCT using cord blood (CBT) . . . . . . 118

12



2.3.1 Study population . . . . . . . . . . . . . . . . . . . . . . 119
2.3.2 Sample preparation . . . . . . . . . . . . . . . . . . . . . 120
2.3.3 Library preparation and sequencing . . . . . . . . . . . . 121

2.4 Decombinator . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
2.5 Treatment interruption in children with HIV (PENTA) . . . . . . . 121

2.5.1 PENTA 11 patients . . . . . . . . . . . . . . . . . . . . . 122
2.5.2 Sample collection . . . . . . . . . . . . . . . . . . . . . . 123
2.5.3 Sample extraction and sequencing . . . . . . . . . . . . . 124
2.5.4 Analysis methods . . . . . . . . . . . . . . . . . . . . . . 124

2.6 Programming languages and packages . . . . . . . . . . . . . . . . 125
2.7 Diversity indices . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

2.7.1 Gini coefficient . . . . . . . . . . . . . . . . . . . . . . . . 125
2.7.2 Shannon entropy . . . . . . . . . . . . . . . . . . . . . . . 126
2.7.3 Chao1 index . . . . . . . . . . . . . . . . . . . . . . . . . 126

2.8 Statistical methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
2.8.1 ANOSIM . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
2.8.2 Linear modelling . . . . . . . . . . . . . . . . . . . . . . . 127
2.8.3 Regression lines . . . . . . . . . . . . . . . . . . . . . . . 127

2.9 Visual methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
2.9.1 t-SNE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
2.9.2 Sequential sharing plots . . . . . . . . . . . . . . . . . . . 127

3 Positive controls, negative controls, and contaminant detection
in a 16S rRNA gene gut microbiome study 130
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

3.1.1 Context and goals of this study . . . . . . . . . . . . . . . 131
3.1.2 Low confidence taxonomies . . . . . . . . . . . . . . . . . 132
3.1.3 Bias . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
3.1.4 Contamination . . . . . . . . . . . . . . . . . . . . . . . . 134
3.1.5 Negative controls, blanks, and mock communities . . . . . 135
3.1.6 Removal of contaminants . . . . . . . . . . . . . . . . . . 136
3.1.7 Decontam . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
3.2.1 Pre-processing . . . . . . . . . . . . . . . . . . . . . . . . 141
3.2.2 Mock community analysis . . . . . . . . . . . . . . . . . . 142
3.2.3 Biomass classification . . . . . . . . . . . . . . . . . . . . 144
3.2.4 Applying Decontam: OTUs . . . . . . . . . . . . . . . . . 145
3.2.5 Applying Decontam: genus . . . . . . . . . . . . . . . . . 145

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

13



3.3.1 Taxonomy identification . . . . . . . . . . . . . . . . . . . 147
3.3.2 Mock community composition . . . . . . . . . . . . . . . 149
3.3.3 Mock community methodological implications . . . . . . . 153
3.3.4 Blank samples and negative controls . . . . . . . . . . . . 155
3.3.5 Decontam results . . . . . . . . . . . . . . . . . . . . . . 158

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165
3.4.1 Mock communities . . . . . . . . . . . . . . . . . . . . . . 165
3.4.2 Negative controls . . . . . . . . . . . . . . . . . . . . . . 166
3.4.3 Putative contaminants . . . . . . . . . . . . . . . . . . . . 167

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

4 Gut microbiome trajectories of paediatric stem cell transplant
patients 171
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

4.1.1 Context of this study . . . . . . . . . . . . . . . . . . . . 172
4.1.2 Antibiotics . . . . . . . . . . . . . . . . . . . . . . . . . . 173
4.1.3 Graft-versus-host disease . . . . . . . . . . . . . . . . . . 174
4.1.4 Diarrhoea . . . . . . . . . . . . . . . . . . . . . . . . . . . 174
4.1.5 Gut microbiome during HSCT in paediatric patients. . . . 174
4.1.6 Gut microbiome during HSCT in adults . . . . . . . . . . 176
4.1.7 GvHD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
4.1.8 Differential abundance . . . . . . . . . . . . . . . . . . . . 179
4.1.9 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

4.2 Methods, materials, and patients . . . . . . . . . . . . . . . . . . . 181
4.2.1 Combined patient analysis . . . . . . . . . . . . . . . . . 181
4.2.2 Antibiotic records . . . . . . . . . . . . . . . . . . . . . . 183
4.2.3 Analytical methods . . . . . . . . . . . . . . . . . . . . . 184
4.2.4 Microbiome composition shifts . . . . . . . . . . . . . . . 184
4.2.5 Differential abundance . . . . . . . . . . . . . . . . . . . . 184
4.2.6 Sequential sharing plots . . . . . . . . . . . . . . . . . . . 185

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
4.3.1 Sample diversity is largely unaffected by timing and li-

brary size . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
4.3.2 Gut microbiome dynamics of individual patients . . . . . 190
4.3.3 Patient CVG001 . . . . . . . . . . . . . . . . . . . . . . . 192
4.3.4 Patient CVG002 . . . . . . . . . . . . . . . . . . . . . . . 198
4.3.5 Patient CVG004 . . . . . . . . . . . . . . . . . . . . . . . 203
4.3.6 Patient CVG012 . . . . . . . . . . . . . . . . . . . . . . . 208
4.3.7 Patient CVG014 . . . . . . . . . . . . . . . . . . . . . . . 213

14



4.3.8 Patient CVG019 . . . . . . . . . . . . . . . . . . . . . . . 217
4.3.9 Patient CVG021 . . . . . . . . . . . . . . . . . . . . . . . 222
4.3.10 Patient CVG028 . . . . . . . . . . . . . . . . . . . . . . . 227
4.3.11 Patient CVG032 . . . . . . . . . . . . . . . . . . . . . . . 233
4.3.12 Patient CVG041 . . . . . . . . . . . . . . . . . . . . . . . 240
4.3.13 Patient CVG042 . . . . . . . . . . . . . . . . . . . . . . . 246
4.3.14 Patient CVG046 . . . . . . . . . . . . . . . . . . . . . . . 251
4.3.15 Patient CVG047 . . . . . . . . . . . . . . . . . . . . . . . 256
4.3.16 Diversity over time varies between patients . . . . . . . . 261
4.3.17 The gut microbiome is perturbed by HCST . . . . . . . . 263
4.3.18 Perturbation from HCST includes a prolonged loss of di-

versity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 266
4.3.19 Taxa show different abundance dynamics over the HCST

period and recovery . . . . . . . . . . . . . . . . . . . . . 269
4.3.20 Different taxa are detected as differentially abundant when

samples are separated by neutrophil engraftment, although
abundance distribution is highly similar . . . . . . . . . . 270

4.3.21 Diarrhoea significantly affects the taxa present . . . . . . 275
4.3.22 Differences in GvHD severity are associated with changes

in taxa . . . . . . . . . . . . . . . . . . . . . . . . . . . . 277
4.3.23 No significant effect was found on GvHD development

from antibiotic load . . . . . . . . . . . . . . . . . . . . . 280
4.3.24 Dominant genera made up a greater proportion of the

pre-transplant samples of patients who developed moder-
ate/severe GvHD or died . . . . . . . . . . . . . . . . . . 281

4.3.25 Differentially abundant taxa following transplant vary ac-
cording to survival . . . . . . . . . . . . . . . . . . . . . . 282

4.3.26 Different factors contribute towards major shifts in mi-
crobiome composition . . . . . . . . . . . . . . . . . . . . 283

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 290
4.4.1 Microbiome composition and stability is affected by trans-

plant but is highly variable between individuals . . . . . . 290
4.4.2 Drivers of change in the gut microbiome . . . . . . . . . . 291
4.4.3 Following the transplant there is a prolonged loss of mi-

crobiome diversity and change in the composition . . . . . 293
4.4.4 GvHD is associated with changes in microbiome compo-

sition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 295
4.4.5 Neutrophil engraftment, antibiotic regime, and diarrhoea

affect microbiome composition . . . . . . . . . . . . . . . 297

15



4.4.6 Mortality risk may be affected by microbiome composition 298
4.4.7 Study cohort compared to healthy children . . . . . . . . 299

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 299

5 Methodological analysis of Decombinator in T cell receptor reper-
toire studies 302
5.1 Publication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 303
5.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 303

5.2.1 Aims of the chapter . . . . . . . . . . . . . . . . . . . . . 304
5.2.2 Decombinator . . . . . . . . . . . . . . . . . . . . . . . . 304
5.2.3 Diversity estimation . . . . . . . . . . . . . . . . . . . . . 305

5.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 305
5.3.1 Library size methods . . . . . . . . . . . . . . . . . . . . 306

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 308
5.4.1 Characterization of Decombinator data . . . . . . . . . . 308
5.4.2 DCR and CDR3 . . . . . . . . . . . . . . . . . . . . . . . 312
5.4.3 Input and output . . . . . . . . . . . . . . . . . . . . . . 328
5.4.4 Diversity comparisons . . . . . . . . . . . . . . . . . . . . 332
5.4.5 Subsampling and library size . . . . . . . . . . . . . . . . 336

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 347
5.5.1 Data and the pipeline . . . . . . . . . . . . . . . . . . . . 347
5.5.2 Input and output . . . . . . . . . . . . . . . . . . . . . . 347
5.5.3 Diversity comparisons . . . . . . . . . . . . . . . . . . . . 348
5.5.4 DCR and CDR3 . . . . . . . . . . . . . . . . . . . . . . . 349

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 351

6 The T cell receptor repertoire of paediatric stem cell transplant
patients receiving umbilical cord blood 354
6.1 Publication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 355
6.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 355

6.2.1 TCR repertoire after HSCT . . . . . . . . . . . . . . . . . 355
6.2.2 Context and aims of this study . . . . . . . . . . . . . . . 356

6.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 357
6.3.1 Bioinformatic methods . . . . . . . . . . . . . . . . . . . 357
6.3.2 Clinical data . . . . . . . . . . . . . . . . . . . . . . . . . 358
6.3.3 Antigen matching . . . . . . . . . . . . . . . . . . . . . . 359
6.3.4 T cell reference ranges . . . . . . . . . . . . . . . . . . . . 359
6.3.5 Healthy controls . . . . . . . . . . . . . . . . . . . . . . . 361

6.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 361

16



6.4.1 Diversity following UCB HSCT is heterogeneous but tends
towards normality . . . . . . . . . . . . . . . . . . . . . . 361

6.4.2 Clinical immune markers indicate variable speed and suc-
cess of immune reconstitution following UCB HSCT . . . 365

6.4.3 Individual patients have highly heterogeneous patterns of
sharing and clonality . . . . . . . . . . . . . . . . . . . . 370

6.4.4 Spectratyping . . . . . . . . . . . . . . . . . . . . . . . . 418
6.4.5 Immune parameters correlate with diversity metrics . . . 422
6.4.6 Heatmaps show that CDRs sequences are shared between

patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . 426
6.4.7 Gene usage and clonotype distribution differs over time

and between patients with differing success of immune
reconstitution . . . . . . . . . . . . . . . . . . . . . . . . 429

6.4.8 Clonotype expansion . . . . . . . . . . . . . . . . . . . . . 434
6.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 446

6.5.1 α-diversity . . . . . . . . . . . . . . . . . . . . . . . . . . 446
6.5.2 Immune parameters . . . . . . . . . . . . . . . . . . . . . 448
6.5.3 Patient outcomes . . . . . . . . . . . . . . . . . . . . . . 449
6.5.4 Top clonotypes . . . . . . . . . . . . . . . . . . . . . . . . 455
6.5.5 Gene usage and relative composition . . . . . . . . . . . . 456
6.5.6 Heatmaps . . . . . . . . . . . . . . . . . . . . . . . . . . . 457
6.5.7 Clinical correlations . . . . . . . . . . . . . . . . . . . . . 457
6.5.8 Survival and mortality . . . . . . . . . . . . . . . . . . . . 458
6.5.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 459

7 Using the T cell receptor repertoire to examine the effects of a
planned treatment interruption in children living with HIV 462
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 463

7.1.1 Importance of TCR repertoire in HIV . . . . . . . . . . . 463
7.1.2 PENTA 11 . . . . . . . . . . . . . . . . . . . . . . . . . . 464
7.1.3 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 467

7.2 Materials, methods, and patients . . . . . . . . . . . . . . . . . . . 468
7.2.1 Analysis methods . . . . . . . . . . . . . . . . . . . . . . 468
7.2.2 Bioinformatic analysis methods . . . . . . . . . . . . . . . 471

7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 471
7.3.1 Repertoire richness and evenness are perturbed by treat-

ment interruption . . . . . . . . . . . . . . . . . . . . . . 472
7.3.2 Treatment interruption is associated with an temporary

increase in clonality in the TCR repertoire . . . . . . . . 477

17



7.3.3 Clonotypes persist within patients over time despite treat-
ment interruption . . . . . . . . . . . . . . . . . . . . . . 480

7.3.4 Bioinformatic spectratyping shows little change over the
interruption period . . . . . . . . . . . . . . . . . . . . . 500

7.3.5 Public clonotypes can be identified within the PTI group 502
7.3.6 Predominance of public clonotypes varies between indi-

vidual patients . . . . . . . . . . . . . . . . . . . . . . . . 504
7.3.7 Gene usage divergence shows that patient samples are

generally most similar within patients . . . . . . . . . . . 512
7.3.8 Treatment interruption is associated with V and J region

use disruption . . . . . . . . . . . . . . . . . . . . . . . . 517
7.3.9 There may be long term effects of the treatment interrup-

tion on TCR repertoire . . . . . . . . . . . . . . . . . . . 522
7.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 527

7.4.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . 536

8 Concluding discussion 538
8.1 Background to the present project . . . . . . . . . . . . . . . . . . 538

8.1.1 Stem cell transplants . . . . . . . . . . . . . . . . . . . . 538
8.1.2 HIV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 539
8.1.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 540

8.2 Findings from the present project . . . . . . . . . . . . . . . . . . . 541
8.2.1 Microbiome . . . . . . . . . . . . . . . . . . . . . . . . . . 541
8.2.2 TCR repertoire . . . . . . . . . . . . . . . . . . . . . . . . 542
8.2.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 542

8.3 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 543
8.3.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 544
8.3.2 Stem cell transplants . . . . . . . . . . . . . . . . . . . . 545
8.3.3 HIV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 546

8.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 547

Bibliography 549

Appendices 630

A A new method for sampling the mucosal gut microbiome 630

B Patients’ underlying diagnoses (CVG & CBT) 631

C Clinical metadata (CVG) 634

18



D Laboratory methodology (CVG) 640

E Clinical metadata (CBT) 643

F Laboratory methodology (CBT) 647

G Laboratory methodology (PENTA) 649

H Summary and discussion of putative contaminant genera 650

I OTUs with ambiguous initial taxonomical identification 672

J Mock community OTUs 683

K Microbiome sequential sharing plots with contaminants 690

L Extended background to antibiotics and the paediatric micro-
biome 696

M Individualised analysis of CVG patients with fewer than four
samples 701

N Medications given to CVG study patients 733

O Low abundance genera detected in CVG patients 754

P Full set of samples from patient CVG017 759

Q Additional diversity visualisations (CVG) 764

R Trajectory of bacterial families over the HSCT study period 768

S Extended discussion of major shifts in microbiome composition
by patient 774

T Full analysis of CDR3 and DCR sequence differences 798

U Analytical discussion of CDR3 and DCR sequence differences 853

V TCR repertoire subsampled to a depth of 10,000 (CBT) 861

W TCR repertoire subsampled to a depth of 5,000 (PENTA) 865

X TCR repertoire subsampled to a within-patient minimum depth
(CBT) 868

19



Y TCR repertoire subsampled to a within-patient minimum depth
(PENTA) 880

Z Most abundant CDR3 sequences detected in CBT patients 896

AA Individualised analysis of CBT patients with fewer than four
samples 930

AB Sequential sharing plots from continuously treated patients (PENTA)
970

AC Summary of findings across projects 978

List of Figures

1.1 16S rRNA gene structure . . . . . . . . . . . . . . . . . . . . . . . . 51
1.2 An example 16S rRNA gene sequencing workflow . . . . . . . . . . 53
1.3 An example 16S rRNA gene sequencing bioinformatic workflow . . . 57
1.4 Haematopoiesis summary . . . . . . . . . . . . . . . . . . . . . . . . 59
1.5 VDJ recombination in αβ T cells . . . . . . . . . . . . . . . . . . . 67
1.6 TCR rearrangement and structure in αβ cells . . . . . . . . . . . . 69
1.7 The progression of data through the Decombinator pipeline . . . . . 73
1.8 Immune reconstitution following UCB HCST part 1 . . . . . . . . . 86
1.9 Immune reconstitution following UCB HCST part 2 . . . . . . . . . 87
1.10 The HIV-1 replication cycle . . . . . . . . . . . . . . . . . . . . . . 92
1.11 HIV-1 infection progression . . . . . . . . . . . . . . . . . . . . . . . 94

2.1 The progression of samples through the study analysis . . . . . . . . 112
2.2 Population pyramids showing the patient group in this study . . . . 113
2.3 16S rRNA gene sequencing bioinformatic workflow used in Chapters

4 & 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
2.4 The progression of OTUs through the bioinformatic pipeline . . . . 118
2.5 Population pyramid showing the age and sex of the patients in this

study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
2.6 Attributes of the patients enrolled in the original PENTA 11 study . 123
2.7 Example sequential sharing plot . . . . . . . . . . . . . . . . . . . . 129

3.1 Framework to retain or remove genera for future analysis (methods) 146

20



3.2 Framework to retain or remove genera for future analysis (results) . 159

4.1 Library size in each study sample . . . . . . . . . . . . . . . . . . . 186
4.2 Time points of all samples coloured by successful sequencing . . . . 187
4.3 Library size in each sample ordered by time of collection . . . . . . 188
4.4 Relationship between library size in all samples, and observed OTUs

and Shannon entropy . . . . . . . . . . . . . . . . . . . . . . . . . . 189
4.5 Genera shared over time in patient CVG001 . . . . . . . . . . . . . 192
4.6 The antibiotics given to patient CVG001, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 194
4.7 α-diversity of the samples from patient CVG001 . . . . . . . . . . . 195
4.8 CVG001 abundance distribution . . . . . . . . . . . . . . . . . . . . 196
4.9 t-SNE plot showing the samples from patient CVG001 . . . . . . . . 197
4.10 Genera shared over time in patient CVG002 . . . . . . . . . . . . . 198
4.11 The antibiotics given to patient CVG002, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 200
4.12 α-diversity of the samples from patient CVG002 . . . . . . . . . . . 201
4.13 CVG002 abundance distribution . . . . . . . . . . . . . . . . . . . . 202
4.14 t-SNE plot showing the samples from patient CVG002 . . . . . . . . 202
4.15 Genera shared over time in patient CVG004 . . . . . . . . . . . . . 203
4.16 The antibiotics given to patient CVG004, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 205
4.17 α-diversity of the samples from patient CVG004 . . . . . . . . . . . 206
4.18 CVG004 abundance distribution . . . . . . . . . . . . . . . . . . . . 206
4.19 t-SNE plot showing the samples from patient CVG004 . . . . . . . . 207
4.20 Genera shared over time in patient CVG012 . . . . . . . . . . . . . 208
4.21 The antibiotics given to patient CVG012, and the changing genera . 210
4.22 α-diversity of the samples from patient CVG012 . . . . . . . . . . . 211
4.23 CVG012 abundance distribution . . . . . . . . . . . . . . . . . . . . 211
4.24 t-SNE plot showing the samples from patient CVG012 . . . . . . . . 212
4.25 Genera shared over time in patient CVG014 . . . . . . . . . . . . . 213
4.26 The antibiotics given to patient CVG014, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 214
4.27 α-diversity of the samples from patient CVG014 . . . . . . . . . . . 215
4.28 CVG014 abundance distribution . . . . . . . . . . . . . . . . . . . . 215
4.29 t-SNE plot showing the samples from patient CVG014 . . . . . . . . 216
4.30 Genera shared over time in patient CVG019 . . . . . . . . . . . . . 217
4.31 The antibiotics given to patient CVG019, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 219

21



4.32 α-diversity of the samples from patient CVG019 . . . . . . . . . . . 220
4.33 CVG019 abundance distribution . . . . . . . . . . . . . . . . . . . . 220
4.34 t-SNE plot showing the samples from patient CVG019 . . . . . . . . 221
4.35 Genera shared over time in patient CVG021 . . . . . . . . . . . . . 222
4.36 The antibiotics given to patient CVG021, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 224
4.37 α-diversity of the samples from patient CVG021 . . . . . . . . . . . 225
4.38 CVG021 abundance distribution . . . . . . . . . . . . . . . . . . . . 226
4.39 t-SNE plot showing the samples from patient CVG021 . . . . . . . . 226
4.40 Genera shared over time in patient CVG028 . . . . . . . . . . . . . 227
4.41 The antibiotics given to patient CVG028, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 229
4.42 α-diversity of the samples from patient CVG028 . . . . . . . . . . . 230
4.43 CVG028 abundance distribution . . . . . . . . . . . . . . . . . . . . 231
4.44 t-SNE plot showing the samples from patient CVG028 . . . . . . . . 232
4.45 Genera shared over time in patient CVG032 . . . . . . . . . . . . . 233
4.46 The antibiotics given to patient CVG032, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 236
4.47 α-diversity of the samples from patient CVG032 . . . . . . . . . . . 237
4.48 CVG032 abundance distribution . . . . . . . . . . . . . . . . . . . . 238
4.49 t-SNE plot showing the samples from patient CVG032 . . . . . . . . 239
4.50 Genera shared over time in patient CVG041 . . . . . . . . . . . . . 240
4.51 The antibiotics given to patient CVG041, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 243
4.52 α-diversity of the samples from patient CVG041 . . . . . . . . . . . 244
4.53 CVG041 abundance distribution . . . . . . . . . . . . . . . . . . . . 244
4.54 t-SNE plot showing the samples from patient CVG041 . . . . . . . . 245
4.55 Genera shared over time in patient CVG042 . . . . . . . . . . . . . 246
4.56 The antibiotics given to patient CVG042, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 248
4.57 α-diversity of the samples from patient CVG042 . . . . . . . . . . . 249
4.58 CVG042 abundance distribution . . . . . . . . . . . . . . . . . . . . 249
4.59 t-SNE plot showing the samples from patient CVG042. Arrows

indicate the direction of time. . . . . . . . . . . . . . . . . . . . . . 250
4.60 Genera shared over time in patient CVG046 . . . . . . . . . . . . . 251
4.61 The antibiotics given to patient CVG046, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 253
4.62 α-diversity of the samples from patient CVG046 . . . . . . . . . . . 254
4.63 CVG046 abundance distribution . . . . . . . . . . . . . . . . . . . . 254

22



4.64 t-SNE plot showing the samples from patient CVG046 . . . . . . . . 255
4.65 Genera shared over time in patient CVG047 . . . . . . . . . . . . . 256
4.66 The antibiotics given to patient CVG047, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 259
4.67 α-diversity of the samples from patient CVG047 . . . . . . . . . . . 260
4.68 CVG047 abundance distribution . . . . . . . . . . . . . . . . . . . . 260
4.69 t-SNE plot showing the samples from patient CVG047 . . . . . . . . 261
4.70 α-diversity within subgroup patients . . . . . . . . . . . . . . . . . . 262
4.71 Abundance distribution pre and post transplant. . . . . . . . . . . . 264
4.72 Differential abundance of genera between pre and post transplant

samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 265
4.73 α-diversity in all patients . . . . . . . . . . . . . . . . . . . . . . . . 267
4.74 Abundance distribution over time . . . . . . . . . . . . . . . . . . . 269
4.76 Abundance distribution pre- and post-neutrophil engraftment . . . . 270
4.75 Relative abundance of the top 12 families over time . . . . . . . . . 271
4.77 Differential abundance of genera between pre and post neutrophil

engraftment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272
4.78 Differential abundance of genera between bin 2 and bin 1 . . . . . . 274
4.79 Differential abundance of genera between diarrhoea positive and

negative samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . 276
4.80 Differential abundance of genera between no GvHD/GvHD (grade

I) and GvHD (grade II/III) . . . . . . . . . . . . . . . . . . . . . . 278
4.81 Differential abundance of genera between no GvHD and gut GvHD 279
4.82 Differential abundance of genera between pre and post transplant

samples separated by patient outcome . . . . . . . . . . . . . . . . . 282

5.1 Correlation between the initial number of reads demultiplexed and
the number of reads for which VJ rearrangements were identified . . 309

5.2 Relationship between the number of reads for which rearrangements
were identified, and the number of reads after error correction for
each sample in the study. . . . . . . . . . . . . . . . . . . . . . . . . 311

5.3 The number of clonotypes in the samples from the CBT as calcu-
lated in the DCR and CDR3 formats. . . . . . . . . . . . . . . . . . 313

5.4 Cell count and read count of PENTA samples . . . . . . . . . . . . 329
5.5 Number of reads (error-corrected) and the nanograms (ng) of RNA 331
5.6 Cell count and read count of PENTA samples . . . . . . . . . . . . 332
5.7 Correlation between Shannon entropy and read count . . . . . . . . 333
5.8 Relationship between Gini coefficient and read count . . . . . . . . 334

23



5.9 Shannon entropy and Gini coefficient compared in the DCR and
CDR3 data for each sample in the UCB study . . . . . . . . . . . . 335

5.10 Number of different clonotypes, size of largest clonal expansions,
Shannon entropy, and Gini coefficient of sample CB2 beta subsam-
pled at a range of library sizes . . . . . . . . . . . . . . . . . . . . . 336

5.11 Observed and estimated clonotype richness in CBT β samples . . . 338
5.12 Observed and estimated clonotype richness in CBT β samples by

patient . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 339
5.13 Shannon entropy and Gini coefficient in Patients F, H, I, L, and M

(CBT) sampled to an even library size . . . . . . . . . . . . . . . . 341
5.14 Shannon entropy and Gini coefficient in Patients QUK, QUL, and

QUE (PENTA) sampled to an even library size . . . . . . . . . . . 343
5.15 Shannon entropy and Gini coefficient in Patient I (CBT) comparing

raw and subsampled data . . . . . . . . . . . . . . . . . . . . . . . . 344
5.16 Shannon entropy and Gini coefficient in Patient QUL’s CD8+ sam-

ples (PENTA) comparing raw and subsampled data. . . . . . . . . . 345
5.17 Shannon entropy and Gini coefficient in Patient M (CBT) compar-

ing raw and subsampled data . . . . . . . . . . . . . . . . . . . . . 346
5.18 Shannon entropy and Gini coefficient in Patient QUL’s CD4+ sam-

ples (PENTA) comparing raw and subsampled data . . . . . . . . . 346

6.1 Gini coefficient, Shannon entropy, and Chao1 index in all patient
samples over time . . . . . . . . . . . . . . . . . . . . . . . . . . . . 362

6.2 Gini coefficient, Shannon entropy, and Chao1 index in all patient
samples over time . . . . . . . . . . . . . . . . . . . . . . . . . . . . 364

6.3 T cell subsets over time . . . . . . . . . . . . . . . . . . . . . . . . . 366
6.4 T cell subsets compared to healthy paediatric reference ranges . . . 367
6.5 CD4+/CD8+ T cell ratio during immune reconstitution . . . . . . . 369
6.6 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient A . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 371
6.7 Clonotypes shared over time in patient A (α chain) . . . . . . . . . 373
6.8 Clonotypes shared over time in patient A (β chain) . . . . . . . . . 374
6.9 Percentage of clonotypes shared between each sample from Patient A375
6.10 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 377
6.11 Clonotypes shared over time in patient D (α chain) . . . . . . . . . 379
6.12 Clonotypes shared over time in patient D (β chain) . . . . . . . . . 380
6.13 Percentage of clonotypes shared between each sample from Patient D381

24



6.14 Gini coefficient, Shannon entropy, and top clonotypes over time in
patient F . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 383

6.15 Clonotypes shared over time in patient F (α chain) . . . . . . . . . 384
6.16 Clonotypes shared over time in patient F (β chain) . . . . . . . . . 385
6.17 Percentage of clonotypes shared between each sample from Patient F386
6.18 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient H . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 388
6.19 Clonotypes shared over time in patient H (α chain) . . . . . . . . . 390
6.20 Clonotypes shared over time in patient H (β chain) . . . . . . . . . 391
6.21 Percentage of clonotypes shared between each sample from Patient H393
6.22 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient I . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 395
6.23 Clonotypes shared over time in patient I (α chain) . . . . . . . . . . 397
6.24 Clonotypes shared over time in patient I (β chain) . . . . . . . . . . 398
6.25 Percentage of clonotypes shared between each sample from Patient I 399
6.26 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient L . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 401
6.27 Clonotypes shared over time in patient L (α chain) . . . . . . . . . 403
6.28 Clonotypes shared over time in patient L (β chain) . . . . . . . . . 404
6.29 Percentage of clonotypes shared between each sample from Patient L406
6.30 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient M . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 408
6.31 Clonotypes shared over time in patient M (α chain) . . . . . . . . . 409
6.32 Clonotypes shared over time in patient M (β chain) . . . . . . . . . 410
6.33 Percentage of clonotypes shared between each sample from Patient M411
6.34 Gini coefficient, Shannon entropy, and top clonotypes over time in

patient P . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 413
6.35 Clonotypes shared over time in patient M (α chain) . . . . . . . . . 415
6.36 Clonotypes shared over time in patient P (β chain) . . . . . . . . . 416
6.37 Percentage of clonotypes shared between each sample from Patient P417
6.38 Shannon entropy of each sample over time . . . . . . . . . . . . . . 419
6.39 Gini coefficient of each sample over time . . . . . . . . . . . . . . . 420
6.40 Spectratyping of an abnormal and a normal sample. . . . . . . . . . 421
6.41 TRECs count of each sample from the subset over time . . . . . . . 422
6.42 TRECs count compared to Shannon entropy and Gini coefficient . . 423
6.43 CD4+ count compared to time . . . . . . . . . . . . . . . . . . . . . 424
6.44 CD4+ count compared to Shannon entropy and Gini coefficient . . 425
6.45 Heatmap showing the abundance and sharing of clonotypes within

and between patients (α chain) . . . . . . . . . . . . . . . . . . . . 427

25



6.46 Heatmap showing the abundance and sharing of clonotypes within
and between patients (β chain) . . . . . . . . . . . . . . . . . . . . 428

6.47 Relative abundance of V and J gene usage in α chain samples from
Patient A . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 430

6.48 Relative abundance of V and J gene usage in β chain samples from
Patient A . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 431

6.49 Relative abundance of V and J gene usage in α chain samples from
Patient M . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 432

6.50 Relative abundance of V and J gene usage in β chain samples from
Patient M . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 433

6.51 Relative abundance of V gene usage in β chain samples from all
patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 435

6.52 Mean abundance of the 100 largest clonal expansions in each sample
over time . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 436

6.53 Relative abundance of clonotypes in Patient A . . . . . . . . . . . . 437
6.54 Relative abundance of clonotypes in Patient D . . . . . . . . . . . . 438
6.55 Relative abundance of clonotypes in Patient F . . . . . . . . . . . . 439
6.56 Relative abundance of clonotypes in Patient H . . . . . . . . . . . . 440
6.57 Relative abundance of clonotypes in Patient I . . . . . . . . . . . . 441
6.58 Relative abundance of clonotypes in Patient L . . . . . . . . . . . . 442
6.59 Relative abundance of clonotypes in Patient M . . . . . . . . . . . . 443
6.60 Relative abundance of clonotypes in Patient P . . . . . . . . . . . . 444
6.61 Relative abundance of clonotypes classified in all patient α chain

samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 445
6.62 Relative abundance of clonotypes classified in all patient β chain

samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 445

7.1 Findings from the original PENTA 11 study . . . . . . . . . . . . . 466
7.2 Diversity in the CD4+ T cell samples. . . . . . . . . . . . . . . . . . 473
7.3 Diversity in the CD8+ T cell samples. . . . . . . . . . . . . . . . . . 474
7.4 Subsampled diversity in the CD4+ T cell samples. . . . . . . . . . . 475
7.5 Subsampled diversity in the CD8+ T cell samples. . . . . . . . . . . 476
7.6 Clonality in first and last time points by treatment group . . . . . . 477
7.7 Clonality in PTI patients on and off ART . . . . . . . . . . . . . . . 478
7.8 Top 10 clonotypes in CD4+ α samples of PTI patients . . . . . . . 481
7.9 Top 10 clonotypes in CD4+ β samples of PTI patients . . . . . . . 482
7.10 Top 10 clonotypes in CD8+ α samples of PTI patients . . . . . . . 483
7.11 Top 10 clonotypes in CD8+ β samples of PTI patients . . . . . . . 484

26



7.12 Percentage of clonotypes shared between each CD4+ α sample within
PTI patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 486

7.13 Percentage of clonotypes shared between each CD4+ β sample within
PTI patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 487

7.14 Percentage of clonotypes shared between each CD8+ α sample within
PTI patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 488

7.15 Percentage of clonotypes shared between each CD8+ β sample within
PTI patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 489

7.16 Clonotypes shared over time in Patient K’s CD4+ samples . . . . . 491
7.17 Clonotypes shared over time in Patient L’s CD4+ samples . . . . . 492
7.18 Clonotypes shared over time in Patient Q’s CD4+ samples . . . . . 493
7.19 Clonotypes shared over time in Patient T’s CD4+ samples . . . . . 494
7.20 Clonotypes shared over time in Patient K’s CD8+ samples . . . . . 495
7.21 Clonotypes shared over time in Patient L’s CD8+ samples . . . . . 497
7.22 Clonotypes shared over time in Patient Q’s CD8+ samples . . . . . 498
7.23 Clonotypes shared over time in Patient T’s CD8+ samples . . . . . 499
7.24 Spectratyping of CDR3 amino acid lengths of the CD4+ β chain

samples from patient K . . . . . . . . . . . . . . . . . . . . . . . . . 501
7.25 Spectratyping of CDR3 amino acid lengths of the CD8+ β chain

samples from patient K . . . . . . . . . . . . . . . . . . . . . . . . . 502
7.26 Shared sequences between patients K, L, Q, and T for CD4+ α and

β T cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 503
7.27 Shared sequences between patients K, L, Q, and T for CD8+ α and

β T cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 504
7.28 Top ten clonotypes in week 0 CD4+ α chain samples from CT pa-

tients which are shared with other samples within the patient and
with other patients . . . . . . . . . . . . . . . . . . . . . . . . . . . 505

7.29 Top ten clonotypes in week 0 CD4+ α chain samples from PTI
patients which are shared with other samples within the patient
and with other patients . . . . . . . . . . . . . . . . . . . . . . . . . 506

7.30 Top ten clonotypes in week 0 CD4+ β chain samples from CT pa-
tients which are shared with other samples within the patient and
with other patients . . . . . . . . . . . . . . . . . . . . . . . . . . . 507

7.31 Top ten clonotypes in week 0 CD4+ β chain samples from PTI
patients which are shared with other samples within the patient
and with other patients . . . . . . . . . . . . . . . . . . . . . . . . . 508

7.32 Top ten clonotypes in week 0 CD8+ α chain samples from CT pa-
tients which are shared with other samples within the patient and
with other patients . . . . . . . . . . . . . . . . . . . . . . . . . . . 509

27



7.33 Top ten clonotypes in week 0 CD8+ α chain samples from PTI
patients which are shared with other samples within the patient
and with other patients . . . . . . . . . . . . . . . . . . . . . . . . . 510

7.34 Top ten clonotypes in week 0 CD8+ β chain samples from CT pa-
tients which are shared with other samples within the patient and
with other patients . . . . . . . . . . . . . . . . . . . . . . . . . . . 511

7.35 Top ten clonotypes in week 0 CD8+ β chain samples from PTI
patients which are shared with other samples within the patient
and with other patients . . . . . . . . . . . . . . . . . . . . . . . . . 512

7.36 Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD4+ α chain samples . . . . . . . . . . . . . . . . . 513

7.37 Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD4+ β chain samples . . . . . . . . . . . . . . . . . 514

7.38 Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD8+ α chain samples . . . . . . . . . . . . . . . . . 515

7.39 Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD8+ β chain samples . . . . . . . . . . . . . . . . . 516

7.40 V and J gene region usage in PTI CD4+ α chain samples . . . . . . 518
7.41 V and J gene region usage in PTI CD4+ β chain samples . . . . . . 519
7.42 V and J gene region usage in PTI CD8+ α chain samples . . . . . . 520
7.43 V and J gene region usage in PTI CD8+ β chain samples . . . . . . 521
7.44 Clonotypes in weeks 0 and 150 in CD4+ α samples of all patients . 523
7.45 Clonotypes in weeks 0 and 150 in CD4+ β samples of all patients . 524
7.46 Clonotypes in weeks 0 and 150 in CD8+ α samples of all patients . 525
7.47 Clonotypes in weeks 0 and 150 in CD8+ β samples of all patients . 526

I.1 Phylogenetic tree from BLAST showing the sequences most similar
to OTU 267 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 673

I.2 Phylogenetic tree from BLAST showing the sequences most similar
to OTU 425 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 676

I.3 Phylogenetic tree from BLAST showing the sequences most similar
to OTU 360 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 677

I.4 Phylogenetic tree from BLAST showing the sequences most similar
to OTU 372 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 679

I.5 Phylogenetic tree from BLAST showing the sequences most similar
to OTU 479 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 680

K.1 CVG005 time series (with contaminants). . . . . . . . . . . . . . . . 691
K.2 CVG021 time series (with contaminants). . . . . . . . . . . . . . . . 692
K.3 CVG041 time series (with contaminants). . . . . . . . . . . . . . . . 693

28



K.4 CVG042 times series (with contaminants). . . . . . . . . . . . . . . 694
K.5 CVG046 time series (with contaminants). . . . . . . . . . . . . . . . 695

M.1 Genera shared over time in patient CVG003 . . . . . . . . . . . . . 702
M.2 The antibiotics given to patient CVG003, and the changing genera . 704
M.3 α-diversity of the samples from patient CVG003 . . . . . . . . . . . 705
M.4 CVG003 abundance distribution . . . . . . . . . . . . . . . . . . . . 705
M.5 Genera shared over time in patient CVG005 . . . . . . . . . . . . . 706
M.6 The antibiotics given to patient CVG005, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 708
M.7 α-diversity of the samples from patient CVG005 . . . . . . . . . . . 709
M.8 CVG005 abundance distribution . . . . . . . . . . . . . . . . . . . . 710
M.9 Genera shared over time in patient CVG016 . . . . . . . . . . . . . 711
M.10 The antibiotics given to patient CVG016, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 713
M.11 α-diversity of the samples from patient CVG016 . . . . . . . . . . . 714
M.12 CVG016 abundance distribution . . . . . . . . . . . . . . . . . . . . 715
M.13 Genera shared over time in patient CVG017 . . . . . . . . . . . . . 716
M.14 The antibiotics given to patient CVG017, and the changing genera . 717
M.15 α-diversity of the samples from patient CVG017 . . . . . . . . . . . 718
M.16 CVG017 abundance distribution . . . . . . . . . . . . . . . . . . . . 718
M.17 Genera shared over time in patient CVG048 . . . . . . . . . . . . . 719
M.18 The antibiotics given to patient CVG048, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 721
M.19 α-diversity of the samples from patient CVG048 . . . . . . . . . . . 722
M.20 CVG048 abundance distribution . . . . . . . . . . . . . . . . . . . . 723
M.21 Genera shared over time in patient CVG052 . . . . . . . . . . . . . 724
M.22 The antibiotics given to patient CVG052, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 726
M.23 α-diversity of the samples from patient CVG052 . . . . . . . . . . . 727
M.24 CVG052 abundance distribution . . . . . . . . . . . . . . . . . . . . 727
M.25 Genera shared over time in patient CVG054 . . . . . . . . . . . . . 728
M.26 The antibiotics given to patient CVG054, positive viral PCR results,

and the changing genera . . . . . . . . . . . . . . . . . . . . . . . . 730
M.27 α-diversity of the samples from patient CVG054 . . . . . . . . . . . 731
M.28 CVG054 abundance distribution . . . . . . . . . . . . . . . . . . . . 731

N.1 The medications given to patient CVG001 over time . . . . . . . . . 734
N.2 The medications given to patient CVG002 over time . . . . . . . . . 735
N.3 The medications given to patient CVG003 over time . . . . . . . . . 736

29



N.4 The medications given to patient CVG004 over time . . . . . . . . . 737
N.5 The medications given to patient CVG005 over time . . . . . . . . . 738
N.6 The medications given to patient CVG012 over time . . . . . . . . . 739
N.7 The medications given to patient CVG014 over time . . . . . . . . . 740
N.8 The medications given to patient CVG016 over time . . . . . . . . . 741
N.9 The medications given to patient CVG017 over time . . . . . . . . . 742
N.10 The medications given to patient CVG019 over time . . . . . . . . . 743
N.11 The medications given to patient CVG021 over time . . . . . . . . . 744
N.12 The medications given to patient CVG028 over time . . . . . . . . . 745
N.13 The medications given to patient CVG032 over time . . . . . . . . . 746
N.14 The medications given to patient CVG041 over time . . . . . . . . . 747
N.15 The medications given to patient CVG042 over time . . . . . . . . . 748
N.16 The medications given to patient CVG046 over time . . . . . . . . . 749
N.17 The medications given to patient CVG047 over time . . . . . . . . . 750
N.18 The medications given to patient CVG048 over time . . . . . . . . . 751
N.19 The medications given to patient CVG052 over time . . . . . . . . . 752
N.20 The medications given to patient CVG054 over time . . . . . . . . . 753

P.1 CVG017 time series . . . . . . . . . . . . . . . . . . . . . . . . . . . 760
P.2 The antibiotics given to patient CVG017 and the changing genera . 761
P.3 CVG017 abundance distribution . . . . . . . . . . . . . . . . . . . . 762
P.4 t-SNE plot showing the samples from patient CVG017 . . . . . . . . 763

Q.1 α-diversity in all patients . . . . . . . . . . . . . . . . . . . . . . . . 765
Q.2 α-diversity in the 20 patients . . . . . . . . . . . . . . . . . . . . . . 766
Q.3 Differential abundance of genera between pre and post transplant

samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 767

R.1 Relative abundance of families over time: families 1 -16 . . . . . . . 769
R.2 Relative abundance of families over time: families 17 -32 . . . . . . 770
R.3 Relative abundance of families over time: families 33-48 . . . . . . . 771
R.4 Relative abundance of families over time: families 49-64 . . . . . . . 772
R.5 Relative abundance of families over time: families 65 -67 . . . . . . 773

V.1 Gini coefficient in raw and subsampled data of patient H . . . . . . 861
V.2 Shannon entropy in raw and subsampled data of patient H . . . . . 862
V.3 Gini coefficient in raw and subsampled data of patient I . . . . . . . 862
V.4 Shannon entropy in raw and subsampled data of patient I . . . . . . 862
V.5 Gini coefficient in raw and subsampled data of patient L . . . . . . 863
V.6 Shannon entropy in raw and subsampled data of patient L . . . . . 863
V.7 Gini coefficient in raw and subsampled data of patient P . . . . . . 863

30



V.8 Shannon entropy in raw and subsampled data of patient P . . . . . 864

W.1 Gini coefficient in raw and subsampled data of patient E . . . . . . 865
W.2 Shannon entropy in raw and subsampled data of patient E . . . . . 866
W.3 Gini coefficient in raw and subsampled data of patient K . . . . . . 866
W.4 Shannon entropy in raw and subsampled data of patient K . . . . . 866
W.5 Gini coefficient in raw and subsampled data of patient L . . . . . . 867
W.6 Shannon entropy in raw and subsampled data of patient L . . . . . 867

X.1 Gini coefficient in raw and subsampled data of patient A . . . . . . 868
X.2 Shannon entropy in raw and subsampled data of patient A . . . . . 869
X.3 Gini coefficient in raw and subsampled data of patient B . . . . . . 869
X.4 Shannon entropy in raw and subsampled data of patient B . . . . . 869
X.5 Gini coefficient in raw and subsampled data of patient C . . . . . . 870
X.6 Shannon entropy in raw and subsampled data of patient C . . . . . 870
X.7 Gini coefficient in raw and subsampled data of patient D . . . . . . 870
X.8 Shannon entropy in raw and subsampled data of patient D . . . . . 871
X.9 Gini coefficient in raw and subsampled data of patient E . . . . . . 871
X.10 Shannon entropy in raw and subsampled data of patient E . . . . . 871
X.11 Gini coefficient in raw and subsampled data of patient F . . . . . . 872
X.12 Shannon entropy in raw and subsampled data of patient F . . . . . 872
X.13 Gini coefficient in raw and subsampled data of patient G . . . . . . 872
X.14 Shannon entropy in raw and subsampled data of patient G . . . . . 873
X.15 Gini coefficient in raw and subsampled data of patient H . . . . . . 873
X.16 Shannon entropy in raw and subsampled data of patient H . . . . . 873
X.17 Gini coefficient in raw and subsampled data of patient I . . . . . . . 874
X.18 Shannon entropy in raw and subsampled data of patient I . . . . . . 874
X.19 Gini coefficient in raw and subsampled data of patient J . . . . . . . 874
X.20 Shannon entropy in raw and subsampled data of patient J . . . . . 875
X.21 Gini coefficient in raw and subsampled data of patient K . . . . . . 875
X.22 Shannon entropy in raw and subsampled data of patient K . . . . . 875
X.23 Gini coefficient in raw and subsampled data of patient L . . . . . . 876
X.24 Shannon entropy in raw and subsampled data of patient L . . . . . 876
X.25 Gini coefficient in raw and subsampled data of patient M . . . . . . 876
X.26 Shannon entropy in raw and subsampled data of patient M . . . . . 877
X.27 Gini coefficient in raw and subsampled data of patient N . . . . . . 877
X.28 Shannon entropy in raw and subsampled data of patient N . . . . . 877
X.29 Gini coefficient in raw and subsampled data of patient O . . . . . . 878
X.30 Shannon entropy in raw and subsampled data of patient O . . . . . 878
X.31 Gini coefficient in raw and subsampled data of patient P . . . . . . 878

31



X.32 Shannon entropy in raw and subsampled data of patient P . . . . . 879

Y.1 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient K . . . . . . . . . . . . . . . . . . . . . . . . . . . . 881

Y.2 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient K . . . . . . . . . . . . . . . . . . . . . . . . . . . . 882

Y.3 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient L . . . . . . . . . . . . . . . . . . . . . . . . . . . . 883

Y.4 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient L . . . . . . . . . . . . . . . . . . . . . . . . . . . . 884

Y.5 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient Q . . . . . . . . . . . . . . . . . . . . . . . . . . . . 885

Y.6 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient Q . . . . . . . . . . . . . . . . . . . . . . . . . . . . 886

Y.7 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient T. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 887

Y.8 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient T . . . . . . . . . . . . . . . . . . . . . . . . . . . . 888

Y.9 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient E . . . . . . . . . . . . . . . . . . . . . . . . . . . . 889

Y.10 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient E . . . . . . . . . . . . . . . . . . . . . . . . . . . . 890

Y.11 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient F . . . . . . . . . . . . . . . . . . . . . . . . . . . . 891

Y.12 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient F . . . . . . . . . . . . . . . . . . . . . . . . . . . . 892

Y.13 Gini coefficient in raw and subsampled CD4+ and CD8+ T cell
data of patient V . . . . . . . . . . . . . . . . . . . . . . . . . . . . 893

Y.14 Shannon entropy in raw and subsampled CD4+ and CD8+ T cell
data of patient V . . . . . . . . . . . . . . . . . . . . . . . . . . . . 894

Y.15 Gini coefficient in raw and subsampled CD4+ T cell data of patient D894
Y.16 Shannon entropy in raw and subsampled CD4+ T cell data of pa-

tient D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 895
Y.17 Gini coefficient in raw and subsampled CD4+ T cell data of patient P895
Y.18 Shannon entropy in raw and subsampled CD4+ T cell data of pa-

tient P . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 895

AA.1 Gini coefficient, Shannon index, and top clonotypes over time in
patient B . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 931

AA.2 Shared clonotypes over time in patient B (α chain) . . . . . . . . . 932

32



AA.3 Shared clonotypes over time in patient B (β chain) . . . . . . . . . 933
AA.4 Gini coefficient, Shannon index, and top clonotypes over time in

patient C . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 934
AA.5 Time series (α chain) for patient C . . . . . . . . . . . . . . . . . . 935
AA.6 Time series (β chain) for patient C . . . . . . . . . . . . . . . . . . 935
AA.7 Gini coefficient, Shannon index, and top clonotypes over time in

patient E . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 937
AA.8 Shared clonotypes over time in patient E (α chain) . . . . . . . . . 938
AA.9 Shared clonotypes over time in patient E (β chain) . . . . . . . . . 939
AA.10 Gini coefficient, Shannon index, and top clonotypes over time in

patient G . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 941
AA.11 Shared clonotypes over time in patient G (α chain) . . . . . . . . . 942
AA.12 Shared clonotypes over time in patient G (β chain) . . . . . . . . . 943
AA.13 Gini coefficient, Shannon index, and top clonotypes over time in

patient J . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 944
AA.14 Shared clonotypes over time in patient J (α chain) . . . . . . . . . . 945
AA.15 Shared clonotypes over time in patient J (β chain) . . . . . . . . . . 946
AA.16 Gini coefficient, Shannon index, and top clonotypes over time in

patient K . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 947
AA.17 Shared clonotypes over time in patient K (α chain) . . . . . . . . . 948
AA.18 Shared clonotypes over time in patient K (β chain) . . . . . . . . . 949
AA.19 Gini coefficient, Shannon index, and top clonotypes over time in

patient N . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 950
AA.20 Shared clonotypes over time in patient N (α chain) . . . . . . . . . 951
AA.21 Shared clonotypes over time in patient N (β chain) . . . . . . . . . 952
AA.22 Gini coefficient, Shannon index, and top clonotypes over time in

patient O . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 953
AA.23 Shared clonotypes over time in patient O (α chain) . . . . . . . . . 955
AA.24 Shared clonotypes over time in patient O (β chain) . . . . . . . . . 956
AA.25 Gini coefficient, Shannon index, and top clonotypes over time in

patient Q . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 957
AA.26 Shared clonotypes over time in patient Q (α chain) . . . . . . . . . 958
AA.27 Shared clonotypes over time in patient Q (β chain) . . . . . . . . . 959
AA.28 Gini coefficient, Shannon index, and top clonotypes over time in

patient R . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 960
AA.29 Shared clonotypes over time in patient R (α chain) . . . . . . . . . 961
AA.30 Shared clonotypes over time in patient R (β chain) . . . . . . . . . 962

33



AB.1 Sequential sharing plot showing the shared clonotypes over time in
Patient D’s CD4+ sample . . . . . . . . . . . . . . . . . . . . . . . 971

AB.2 Sequential sharing plot showing the shared clonotypes over time in
Patient E’s CD4+ sample . . . . . . . . . . . . . . . . . . . . . . . 972

AB.3 Sequential sharing plot showing the shared clonotypes over time in
Patient F’s CD4+ samples . . . . . . . . . . . . . . . . . . . . . . . 973

AB.4 Sequential sharing plot showing the shared clonotypes over time in
Patient P’s CD4+ samples . . . . . . . . . . . . . . . . . . . . . . . 974

AB.5 Sequential sharing plot showing the shared clonotypes over time in
Patient E’s CD8+ samples . . . . . . . . . . . . . . . . . . . . . . . 975

AB.6 Sequential sharing plot showing the shared clonotypes over time in
Patient F’s CD8+ samples . . . . . . . . . . . . . . . . . . . . . . . 976

AB.7 Sequential sharing plot showing the shared clonotypes over time in
Patient V’s CD8+ samples . . . . . . . . . . . . . . . . . . . . . . . 977

List of Tables

1 Abbreviations used in this thesis. . . . . . . . . . . . . . . . . . . . 8
2 Project abbreviations used in this thesis. . . . . . . . . . . . . . . . 10

1.1 Four examples of gene regions, the full nucleotide sequences, and
the tag nucleotide sequences. . . . . . . . . . . . . . . . . . . . . . . 75

1.2 An example DCR output showing ten α chain clonotypes. . . . . . . 76
1.3 The indications of the diversity metrics used in this thesis, imple-

mented as above. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

3.1 Mock community members by percentage. . . . . . . . . . . . . . . 144
3.2 Biomass categories applied to each patient sample. . . . . . . . . . . 144
3.3 The taxonomic classifications and outcomes of initially unidentified

OTUs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
3.4 OTUs found in the mock community replicates. . . . . . . . . . . . 150
3.5 The abundances of the 13 genera seen in the mock community repli-

cates and the 16S copy number for each genus . . . . . . . . . . . . 152
3.6 The copy number adjusted percentages of the 13 genera seen in the

mock community replicates. . . . . . . . . . . . . . . . . . . . . . . 153

34



3.7 OTUs found in mock community samples and their likely taxonomic
classifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

3.8 OTUs found in negative control samples and their taxonomic clas-
sifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

3.9 OTUs present in at least 4 of the 6 NTCs . . . . . . . . . . . . . . . 158
3.10 Genera classified as contaminants after OTU agglomeration at genus

level. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
3.11 Putative contaminants indicated by positive controls (mock com-

munity replicates). . . . . . . . . . . . . . . . . . . . . . . . . . . . 161
3.12 Genera indicated as possible contaminants using Decontam . . . . . 162
3.13 Final status of putative contaminant genera and outcome for future

analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

4.1 Gut microsbiome associations with GvHD and mortality. . . . . . . 178
4.2 Patients codes showing those who were surviving or died following

the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182
4.3 The patients grouped by GvHD and gut involvement . . . . . . . . 182
4.4 The patients grouped by GvHD severity . . . . . . . . . . . . . . . 183
4.5 Raw abundance count of genera seen in patient CVG001 . . . . . . 193
4.6 Raw abundance count of genera seen in patient CVG002 . . . . . . 199
4.7 Raw abundance count of genera seen in patient CVG004 . . . . . . 204
4.8 Raw abundance count of genera seen in patient CVG012 . . . . . . 209
4.9 Raw abundance count of genera seen in patient CVG014 . . . . . . 213
4.10 Raw abundance count of genera seen in patient CVG019 . . . . . . 218
4.11 Raw abundance count of genera seen in patient CVG021 . . . . . . 223
4.12 Raw abundance count of genera seen in patient CVG028 . . . . . . 228
4.13 Raw abundance count of genera seen in patient CVG032 part 1. . . 234
4.14 Raw abundance count of genera seen in patient CVG032 part 2. . . 235
4.15 Raw abundance count of genera seen in patient CVG041 part 1. . . 241
4.16 Raw abundance count of genera seen in patient CVG041 part 2. . . 242
4.17 Raw abundance count of genera seen in patient CVG042 . . . . . . 247
4.18 Raw abundance count of genera seen in patient CVG046 . . . . . . 252
4.19 Raw abundance count of genera seen in patient CVG047 part 1. . . 257
4.20 Raw abundance count of genera seen in patient CVG047 part 2. . . 258
4.21 Median and standard deviation of diversity metrics . . . . . . . . . 268
4.22 Non-significant difference between antibiotic loads prior to GvHD

development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 280
4.23 Median and IQR of the percentage of samples composed of the most

dominant genus in each temporal group . . . . . . . . . . . . . . . . 281

35



4.24 Major shifts in microbiome composition in the subgroup of patients 284
4.25 The factors likely to contribute towards major shifts in the micro-

biome composition . . . . . . . . . . . . . . . . . . . . . . . . . . . 290

5.1 The individual patient thresholds for subsampling: Chapter 6 pa-
tients (CBT) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 307

5.2 The individual patient thresholds for subsampling: Chapter 7 pa-
tients (PENTA). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 308

5.3 Descriptive statistical summary of three stages of read count . . . . 310
5.4 Five sequences from patient QUL β CD4+ sample from week 12 . . 315
5.5 Summary of the five CDR3 sequences from patient QUL β CD4+

sample from week 12 . . . . . . . . . . . . . . . . . . . . . . . . . . 316
5.6 Five sequences from patient QUK β CD8+ sample from week 150 . 317
5.7 Summary of the five CDR3 sequences from patient QUK β CD8+

sample from week 150 . . . . . . . . . . . . . . . . . . . . . . . . . . 320
5.8 Five sequences from patient QUT α CD8+ sample from week 0 . . . 321
5.9 Summary of the five CDR3 sequences from patient QUT α CD8+

sample from week 0 . . . . . . . . . . . . . . . . . . . . . . . . . . . 323
5.10 Five sequences from patient QUT α CD8+ sample from week 12 . . 324
5.11 Summary of the five CDR3 sequences from patient QUT α CD8+

sample from week 12 . . . . . . . . . . . . . . . . . . . . . . . . . . 325
5.12 Five sequences from patient QUK α CD4+ sample from week 12 . . 326
5.13 Summary of the five CDR3 sequences from patient QUK α CD4+

sample from week 12 . . . . . . . . . . . . . . . . . . . . . . . . . . 327
5.14 Characteristics of DCR clonotypes within CDR3 clonotypes. . . . . 328
5.15 Linear regression quantifying the effect of cell count on read count

in CD4+ and CD8+ samples grouped by ART treatment status. . . 330

6.1 Median (Med), 10th percentile (P10), and 90th percentile (P90)
absolute cell count values for healthy children aged 0-2 years and
3-4 years. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 359

6.2 Median (Med), 10th percentile (P10), and 90th percentile (P90)
absolute cell count values for healthy children aged 5-6 years and 7-8.360

6.3 Criteria to group patient immune reconstitution as good, interme-
diate, or poor. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 361

6.4 Mean, maximum, and minimum Gini coefficient, Shannon entropy,
and Chao1 index in the cord blood and adult control samples . . . . 363

6.5 Immune reconstitution groups based on CD4+ naïve and CD8+
naïve cell counts with reference to age-matched healthy controls. . . 368

36



7.1 Read count for each sample in the PENTA 11 study . . . . . . . . . 470
7.2 The 14 samples with insufficient reads for onward analysis. . . . . . 471
7.3 The size of the largest clonal expansion at any time point in the

CD4+ naïve samples, by α and β chain. . . . . . . . . . . . . . . . . 479
7.4 The top 10 most absolutely abundant CDR3 sequences from the

CD4+ naïve α samples of patient T . . . . . . . . . . . . . . . . . . 480
7.5 Number of CDR3 clonotypes present in both the week 0 and week

150 for each patient . . . . . . . . . . . . . . . . . . . . . . . . . . . 522
7.6 Percentage of CDR3 clonotypes in the week 150 sample which were

also present in week 0 . . . . . . . . . . . . . . . . . . . . . . . . . . 527

B.1 Underlying conditions of the patients undergoing HCST (both mi-
crobiome and T cell studies. . . . . . . . . . . . . . . . . . . . . . . 631

C.1 Details of the 47 patients in this study. . . . . . . . . . . . . . . . . 634
C.2 Microbiome after HSCT patient cohort. Part one . . . . . . . . . . 637
C.3 Microbiome after HSCT patient cohort. Part two . . . . . . . . . . 638
C.4 Microbiome after HSCT patient cohort. Part three . . . . . . . . . 638

E.1 Cord blood patient cohort part one . . . . . . . . . . . . . . . . . . 643
E.2 Cord blood patient cohort part two . . . . . . . . . . . . . . . . . . 644
E.3 Cord blood patient cohort part three . . . . . . . . . . . . . . . . . 645

H.1 Genera classified as contaminants after OTU agglomeration at genus
level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 651

H.2 Genera indicated as possible contaminants using Decontam . . . . . 670

J.1 OTUs found in mock community samples and their likely taxonomic
classifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 683

M.1 Raw abundance count of genera seen in patient CVG003 . . . . . . 703
M.2 Raw abundance count of genera seen in patient CVG005 . . . . . . 707
M.3 Raw abundance count of genera seen in patient CVG016 . . . . . . 712
M.4 Raw abundance count of genera seen in patient CVG017 . . . . . . 716
M.5 Raw abundance count of genera seen in patient CVG048 . . . . . . 720
M.6 Raw abundance count of genera seen in patient CVG052 . . . . . . 725
M.7 Raw abundance count of genera seen in patient CVG054 . . . . . . 729

P.1 Raw abundance count of genera seen in patient CVG017 . . . . . . 760

T.1 Five sequences from patient QUL β CD4 sample from week 12 . . . 799
T.2 Five sequences from patient QUK β CD8 sample from week 150 . . 805

37



T.3 Five sequences from patient QUT α CD8 sample from week 0 . . . 822
T.4 Five sequences from patient QUT α CD8 sample from week 12 . . . 836
T.5 Five sequences from patient QUK α CD4 sample from week 12 . . . 845

Z.1 The top CDR3 sequences in the α and β chain samples of patient A. 896
Z.2 The top CDR3 sequences in the α and β chain samples of patient B. 898
Z.3 The top CDR3 sequences in the α and β chain samples of patient C. 899
Z.4 The top CDR3 sequences in the α and β chain samples of patient D. 900
Z.5 The top CDR3 sequences in the α and β chain samples of patient E. 902
Z.6 The top CDR3 sequences in the α and β chain samples of patient F. 903
Z.7 The top CDR3 sequences in the α and β chain samples of patient G.905
Z.8 The top CDR3 sequences in the α and β chain samples of patient H. 907
Z.9 The top CDR3 sequences in the α and β chain samples of patient I. 909
Z.10 The top CDR3 sequences in the α and β chain samples of patient J. 910
Z.11 The top CDR3 sequences in the α and β chain samples of patient K. 912
Z.12 The top CDR3 sequences in the α and β chain samples of patient L. 913
Z.13 The top CDR3 sequences in the α and β chain samples of patient M.914
Z.14 The top CDR3 sequences in the α and β chain samples of patient N. 917
Z.15 The top CDR3 sequences in the α and β chain samples of patient O. 918
Z.16 The top CDR3 sequences in the α and β chain samples of patient P. 919
Z.17 The top CDR3 sequences in the α and β chain samples of patient Q. 922
Z.18 The top CDR3 sequences in the α and β chain samples of patient R. 924

AA.1 Top 20 most abundant CDR3 α chain samples by raw abundance
across all samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . 963

AA.2 Top 20 most abundant CDR3 β chain samples by raw abundance
across all samples . . . . . . . . . . . . . . . . . . . . . . . . . . . . 964

AA.3 Top 20 most abundant CDR3 α and β chain samples by relative
abundance across all samples . . . . . . . . . . . . . . . . . . . . . . 965

38



Chapter 1

Introduction

Children who are immunocompromised, whether through a primary immunodefi-
ciency or as a secondary result of another condition or therapy, face many health
challenges. Consequences can include serious viral or bacterial infections, dysfunc-
tion in the gut or other organs, increased risk of neoplastic disease, and death.
Advances in laboratory techniques have allowed greater in-depth study of diverse
cellular communities in the body, including the gut microbiota and the T-cell re-
ceptor (TCR) repertoire, both of which may be impacted in immunocompromised
children. The greater depth and complexity of data generated by these techniques
has driven a parallel development of bioinformatic methods to process these data.
In this thesis I apply a range of bioinformatic, statistical, and visual tools to findings
on both gut microbial communities and TCR repertoires derived from immunocom-
promised children. I use these methods to investigate diversity, longitudinal change,
and other attributes of gut microbiota and TCR repertoire, and to show how these
findings relate to degree of immunosuppression. I also consider how these different
methods reveal different perspectives and aspects of biological diversity.

I also present two methodological chapters, to illustrate how choices about sam-
ple collection and detection of contamination can affect results as well as how
methodological factors intersect with diversity. In the first instance, I develop a
protocol for including a step in microbiota analysis, with the aim of removing signals
from potentially misleading contaminants, while remaining relatively conservative.
In the second instance I show how preprocessing of the TCR repertoire data affects
the diversity and analysis, and how different diversity metrics relate to each other.

In the first part of this thesis I give an overall introduction and describe the
broadly-used methods (Chapters 1 & 2). In the second part of this thesis I present
a gut-microbiome-driven analysis of DNA samples from patients receiving trans-
plants, as well as the contaminant-focused methodological chapter mentioned above
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(Chapters 3 & 4). In the third part of the thesis I present the TCR-based method-
ological chapter, as well as TCR-repertoire-based analysis of RNA samples from two
immunocompromised paediatric cohorts: one cohort also receiving transplants, and
the second cohort living with HIV (Chapters 5, 6, & 7). In the fourth part I make
a final discussion and present my conclusions (Chapter 8).

In this chapter I will provide an introduction to the immune system and why
patients may become immunocompromised, as well as an introduction to the gut
microbiome and the TCR repertoire. I will also provide a background to some of the
sequencing and analysis tools available, including the methods used in this thesis.
In the final section of this chapter I will develop further the aims stated above.

1.1 Biological diversity

Diversity is one of the most striking properties of biological systems, across a broad
spectrum of contexts. From rainforest ecosystems to the bacterial ecosystems of the
microbiota found in individual human or animal guts, from the genetic variants of
a virus circulating in an individual animal to tree species across the globe, from
the different kinds of finches found on the Galapagos Islands to the different ways a
region of genetic material can be recombined to form a specific type of receptor on
a specific type of cell, there is diversity of many different kinds, and different levels
of complexity.

In a strict sense, biological diversity was defined by the Convention on Biological
Diversity (1992) as “the variability among living organisms from all sources includ-
ing, inter alia, terrestrial, marine and other aquatic ecosystems and the ecological
complexes of which they are a part; this includes diversity within species, between
species and of ecosystems” (Conference of the Parties (COP) 1992). It is no wonder
that there is no unified method of studying diversity, given the span of these very
different fields. Many of the fields which use diversity measurements as part of their
research arose at very different times and have very little overlap beyond their use
of diversity measures. Ecology, which is in itself very wide-ranging, can be traced
back to Aristotle’s and Hippocrates’ observations on health and the natural world,
dating from well over 2000 years ago. By contrast, some other fields which utilise
diversity measurements, such as genomics, are much more recent in their origins:
genomics has been completely revolutionised by the technological advances in high-
throughput sequencing of the last few decades. Finally, the data under study for
diversity are so diverse that many methods are simply not applicable to a given type
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of data.

As well as advances in methodologies, there has been dramatic expansion in the
volume of data being produced in the last few decades, especially by new technolo-
gies such as high-throughput sequencing. Therefore, fresh consideration of methods
to study diversity is very timely and is being conducted around the globe (Jost 2006;
Kuncheva and Whitaker 2003; Laydon, Melamed, et al. 2014; Laydon, Bangham,
et al. 2015; Reeve et al. 2014).

In ecology, methods to understand the species richness, relative abundance, dis-
tribution, and phylogenetic relationships of species are among the commonly used
methods (Webb et al. 2002). In microbial ecology, methods to understand the
species richness, the spatial and temporal abundance patterns, and the functional
activity of the microbes are often used (Birtel et al. 2015). For the study of human
genetics, methods may be more commonly focused on the shared genetic elements
between individuals and populations, the spatial distribution of these genetic ele-
ments or the correlation between genetic variants and diseases (HUGO Pan-Asian
SNP Consortium et al. 2009). The methods used to study diversity in a given bi-
ological community vary enormously depending on the community in question, the
established practice in the field, and the question(s) of the study.

1.1.1 Diversity and the genome

Phenotypic diversity, the observable manifestation of diversity, is constructed through
both genetic and environmental influences, including how gene activity responds to
the environment (Robinson 2004). However, much of the phenotypic diversity seen
in the majority of biological organisms stems from the diversity encoded in DNA, and
expressed through RNA. DNA molecules encode the genetic sequences of all organ-
isms on earth, and through transcription into RNA, the phenotype of an organism
can be expressed. Thus, we can use DNA sequences, as well as RNA sequences,
to compare the diversity on multiple scales: between communities, between indi-
viduals, between cells. This can be done both in terms of how they differ from
each other, and in how they can be grouped into communities or clusters. This can
help us to understand better diversity in both the genetic code and the phenotypes
produced by its expression. In this thesis DNA will be used to study the gut mi-
crobiome communities, and RNA will be used to study the T cell receptor repertoire.
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1.1.2 Quantification of diversity

Alpha diversity

The concept of α-diversity was introduced by R. Whittaker in relation to ecological
systems (Whittaker 1972). In ecology, it refers to the diversity within a local site,
with a flexible definition of “local”. However, α-diversity is now frequently used
beyond traditionally construed ecological settings, and with a variety of meanings.
In this thesis, α-diversity refers to the diversity within a sample, and is generally
intended to combine metrics of the richness and the evenness of the diversity of
the biological community found in that sample (A. D. Willis 2019). Measures used
in this thesis to summarise α-diversity for different purposes include the Gini co-
efficient, Shannon index, Simpson’s index, and Chao1 index (Oksanen et al. 2019;
Zeileis 2014). Diversity will hereafter refer to α-diversity when referring to a sample
unless otherwise specified.

Beta and gamma diversity

β-diversity and γ-diversity were also introduced by R. Whittaker as part of the same
system. β-diversity refers to the variation in species composition between the local
sites (measured by α-diversity), while γ-diversity refers to the collective diversity of
all the local samples within a given landscape (Whittaker 1972).

1.2 Genetic sequencing

Understanding the order of genetic sequences is central to many research ventures,
from medical innovation to understanding the differentiation of terrestrial life. DNA
sequencing refers to the process of discovering the base order in a section of DNA.
This was first made possible with Sanger sequencing (Sanger et al. 1977). The pro-
cess involves the addition of dideoxynucleotides (ddNTPs) during DNA replication,
which terminates the process. The selective incorporation of ddNTPs, which can be
fluorescently labelled for identification, facilitates the base by base identification of a
DNA sequence (Heather and Chain 2016). For more details see Sanger et al.(1977),
and Heather and Chain (2016). Sanger sequencing was one of the primary methods
used for sequencing for several decades, and paved the way for the larger scale and
wider range of sequencing now available. A variety of RNA sequencing methods
have also been developed based on these early methods (Heather and Chain 2016).
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1.2.1 High-throughput sequencing

High-throughput sequencing (HTS) encompasses a range of sequencing technolo-
gies and methods which are typified by massively parallel sequencing: large scale
sequencing of many different sequences simultaneously (Reuter et al. 2015). This
facilitates cost reduction and increases sequencing throughput (Tucker et al. 2009).
Next-generation sequencing (NGS) is sometimes referred to interchangeably with
HTS, and broadly refers to the HTS technologies which were developed post-Sanger.
There is an ongoing discussion as to what may constitute third-generation sequenc-
ing, including real-time sequencing and single-molecule sequencing (Heather and
Chain 2016).

HTS is now widely available, and allows in-depth examination of many aspects of
biological diversity. Sequencing of human and bacterial genomes (among others) is
possible, and a single run can produce over 1 billion short reads (Loman et al. 2012;
Metzker 2010). A trade-off is still required though: the choice between a greater
number of short sequences in which more organisms can be analysed and compared,
or a broader study of fewer organisms, in which a greater proportion of the genome
is examined.

1.2.2 Whole genome sequencing

There are many different strategies for HTS. Whole genome sequencing (WGS) in-
volves sequencing the entirety (or the majority) genome of an organism, often by
sequencing many shorter lengths of DNA and putting these together to reconstruct
the genome. WGS can serve a wide range of purposes, including: personalised
medicine; furthering understanding of genetic differences between individuals (B. A.
Perkins et al. 2018); genome-wide association studies (GWAS) to illuminate asso-
ciations between phenotypic traits or diseases with genetic variation (Brachi et al.
2011; Nakayama et al. 2017); and to study horizontal gene transfer and antibiotic
resistance in bacteria (Eisen 2000; Kuroda et al. 2001). However, WGS is an expen-
sive process, both time-consuming and computationally demanding, which limits its
use. In the case of humans, there are also concerns about the privacy implications
of whole genome sequencing (Lippert et al. 2017).
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1.2.3 Whole exome sequencing

Whole exome sequencing (WES) is in many ways similar to WGS, but only exon
regions are sequenced. In humans this comprises approximately 1.5 - 3% of the
genome. WES can therefore detect variants within the exons of the genome, and
the higher coverage facilitated by this more targeted approach aids in detecting rare
variants (Suwinski et al. 2019). This makes WES more affordable than WGS, and
it is more frequently used in clinical settings as a result (Yang et al. 2014). WES
can still be costly, and although it can be transformative for understanding complex
and unusual genetic diseases (Retterer et al. 2016), it provides an unnecessary level
of detail for many studies.

1.2.4 Amplicon sequencing

Amplicon sequencing is targeted sequencing of short sections of the genome of inter-
est which have high discriminatory power. Examples of these include the 16S rRNA
gene, the VDJ region of T cell receptors, nucleic acid amplification tests (such as
for TB), and diagnostic testing on the breast cancer susceptibility genes (BRCA1
and BRCA2 ) (De Leeneer et al. 2011). This strategy, while sacrificing breadth, and
in some cases resolution, allows the comparison and discrimination of a wide range
of sequences from vast numbers of individuals for a relatively low cost. For each
of these sequencing strategies, there is also a myriad of options for aspects such as
template preparation and sequencing approach. Options vary in their advantages
and disadvantages depending on the specific project, and aspects such as cost, de-
sired read length, and accessibility will often determine a user’s choice (Glenn 2011).

Sanger sequencing has several attributes which make it still a valuable method.
It is highly accurate, so can be used to validate key results from high-throughput
sequencing, and it can sequence longer DNA fragments than most high-throughput
methods. This capability to produce a single long read from a single DNA template
means that Sanger sequencing remains as an important sequencing method. How-
ever, high throughput sequencing of amplicons offers sequencing which is both much
faster and more cost-effective than Sanger sequencing, so HTS is now used in most
medium- to large-scale studies (Alekseyev et al. 2018).

For the studies which comprise this PhD thesis, concerning both gut microbiome
and T cell receptor repertoire, the primary goals are to build a picture of the diver-
sity contained in specific communities, gain some understanding of the ecology of the
communities, and consider how they interact with the biology and clinical condition
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of the individual immunocompromised patients. Enough information to understand
a great deal about the composition and biology of both these types of communities
is available in a short salient stretch of genetic material. For the bacteria in the
gut microbiome, this is the 16S rRNA gene. In the T cell repertoire it is the VDJ
region of the receptors, and even more specifically the complementarity-determining
region 3 (CDR3). Many other studies have previously been published using genetic
sequences of this sort to identify key elements of the gut microbiome and T cell
repertoire, enabling comparison of project findings with existing work. As the goal
is to build an understanding of the communities across a number of samples, rather
than to look in detail at a few sequences, high throughput sequencing is a more
appropriate choice than Sanger sequencing. Furthermore, short read sequencing is
the most cost effective way to achieve the detail needed for each of these three studies.

1.3 Human gut microbiome

The human gut microbiome is one of the many microenvironments found in the
human body. It is home to a multitude of bacterial and fungal taxa, as well as
viruses. The term microbiome refers to the sum of all the microorganisms found
within a certain niche and on a certain scale. The human microbiome comprises
all the microorganisms found in, or on, an individual. This can then be subdivided
into different body sites, including the gut microbiome, the vaginal microbiome,
the oral microbiome, and the skin microbiome (Turnbaugh et al. 2007). Even this
can be further divided: the human gut microbiome can be divided into the mucosal
microbiome and the luminal microbiome, which present nuanced characteristics. Ad-
ditionally, different bacterial abundance patterns can be observed along the length
of the gastrointestinal tract (GI tract) (Ringel et al. 2015). Thus this is a very com-
plex and heterogeneous system, and the scale and depth to which the microbiome is
studied depends on both practicalities and the goals of each research project. The
microbiome projects reported in this thesis focus on the bacterial fraction of the mi-
croorganisms found in the gut microbiome, which make up the majority, though this
does not diminish the importance of other microorganisms such as viruses and fungi.

1.3.1 Early development

Callahan et al. (2017) present evidence that some elements of the vaginal microbiota
may interact with the foetus as it develops, and have an influence on the growth of
the foetus and the length of the pregnancy (Callahan, DiGiulio, et al. 2017). It has
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also been shown that gut bacterial translocation, movement of viable bacteria from
the mother’s gut to other sites such as lymph nodes and mammary glands, increases
during pregnancy (Perez et al. 2007).

Humans have been generally thought to develop in a relatively sterile environ-
ment in utero, and the meconium (the first stool after the infant is born) used to be
considered sterile. However, more recent evidence has indicated that it can have a
microbial signature. Shi et al. (2018) and Nagpal et al. (2016) have both detected
bacteria in meconium, and furthermore, significant differences in the meconium
microbiome between babies born vaginally, and those born by Caesarean section
(Nagpal et al. 2016; Shi et al. 2018).

The nature of the gut colonisation after birth depends on the immediate envi-
ronment (Scher and Abramson 2011). Nagpal et al. (2016), reported that babies
born by Caesarean were significantly less often colonised by bacteria from the Lac-
tobacillus genus (Nagpal et al. 2016). Shi et al. (2018) reported that meconium
microbial diversity was significantly higher in the babies born vaginally (Shi et al.
2018). Vatanen et al. (2018) found that Bacteroides was more abundant in the
gut microbiome of babies born vaginally, and Bacteroides was also associated with
gut maturation and increased diversity (Vatanen et al. 2018). This shows that the
microbiome starts to be established very early in life, and that the method of birth
affects this colonisation of the gut.

The infant gut microbiome tends to be colonised by bacteria from the mother’s
vaginal microbiome if the infant was delivered vaginally, although there may also be
a contribution from the mother’s gut microbiome (Koenig et al. 2011). The infant’s
gut is generally colonised by bacteria similar to the skin microbiome if it is born by
Caesarean section (Dominguez-Bello et al. 2010). There is some evidence that this
colonisation is from the operating room, which is often enriched with human skin
deposits containing bacteria (Edmiston et al. 2005; Shin et al. 2015).

Stewart et al. (2018) and Vatanen et al. (2018) conducted a prospective metage-
nomic study on the gut microbiome (TEDDY) in order to understand better the
link between environment and the development of Type 1 diabetes. They were able
to characterise changes over time in the gut microbiome of young children, using
both 16S rRNA gene sequencing and metagenomic sequencing (Stewart et al. 2018;
Vatanen et al. 2018). Overall they found three phases of gut microbiome develop-
ment. Breastfeeding explained the greatest variance in the first “developmental”
phase, which lasted until approximately 3 -14 months of age, and was associated
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with Bifidobacterium dominance.

In the second, “transitional” phase (months 15 - 30), following the reduction
or cessation of breast milk, a variety of genera, mostly from Firmicutes, increased
significantly (Stewart et al. 2018; Vatanen et al. 2018). The authors concluded that
it was the reduction or end of breast milk consumption rather than increasing inclu-
sion of solid food which led to this change (Stewart et al. 2018). This microbiome
maturation was also seen in several other studies (Bäckhed et al. 2015; Bergström et
al. 2014; Pannaraj et al. 2017). In the TEDDY study, the predominant genus found
in non-breastfed infants was Escherichia (Stewart et al. 2018). During this time
there were generally changes in the abundance of Proteobacteria and Bacteroidetes
significant changes in Shannon index. Yassour et al. (2016) showed that children
given antibiotics in the first three years of life had lower bacterial diversity than
children who did not (Yassour et al. 2016).

The final, “stable” phase (from 31 months onwards) was typified by stability
both in phylum composition and Shannon index (Stewart et al. 2018), and resem-
bles the adult gut microbiome (Yassour et al. 2016). The authors also found that
both Shannon diversity and OTU richness generally increased over time.

As the child grows there is then a period of fluctuations and great variety in
which various bacterial species compete for dominance in the gut, and different
species are dominant at different times, before species diversity increases (Prince
et al. 2015). This trajectory can be affected by how an infant is fed: Azad et al.
(2013) found several major differences between formula feeding and breastfeeding in
the gut microbiota of 4-month-old babies (Azad et al. 2013). This is supported by
Koenig et al. (2011) who studied a young child over 2.5 years and found that infant
gut microbiome diversity gradually increases over time, and with the introduction of
solid foods into the diet (Koenig et al. 2011). Stewart et al. (2018) also found that
the gut microbiota of breastfed infants is generally dominated by Bifidobacterium,
and this gives way to the period of change in the gut as breastfeeding is reduced and
stopped. They further propose that this change is due to the cessation of breastmilk
rather than the introduction of solid food.

These early differences in delivery mode and dietary input may have long-term
effects. Differences based on feeding regimen may have long term effects on the
bacterial communities seen in the gut microbiome (Ding and Schloss 2014), and de-
livery mode may affect BMI in adulthood. Darmasseelane et al. (2014) performed a
meta-analysis comparing the effect of birth by Caesarean section or vaginal delivery
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on BMI in adulthood and found a strong association between birth by Caesarean
section and a BMI over 25 (overweight or obese) (Darmasseelane et al. 2014). How-
ever, this association was not shown conclusively to be causal.

The first few months and years of life are therefore instrumental in shaping the
human gut microbiome (Shi et al. 2018; Stewart et al. 2018; Vatanen et al. 2018;
Yassour et al. 2016).

1.3.2 Mature gut microbiome

The Human Microbiome Project (HMP) was established to characterise the micro-
biomes found in healthy adults. The goals of this collaboration were to generate
high-throughput sequencing microbiome data from multiple body sites of at least
250 generally healthy volunteers, study the relationship between the microbiome
and disease by comparing the microbiome in several diseases, and to make this data
into a standardised and available resource (NIH HMP Working Group et al. 2009).

Ding and Schloss (2014) used data from the HMP and some additional data
to make some observations about the microbiomes of healthy adults. They found
that there were strong associations between their bacterial communities at several
body sites and their sex, level of education, and whether they had been breastfed
(Ding and Schloss 2014). They observed that the bacterial communities in the oral
microbiome were the least stable and the bacterial communities in the gut and vagi-
nal microbiomes were the most stable, along with a link between the oral and gut
microbiomes within an individual (Ding and Schloss 2014), though variability itself
is variable between individuals (Gilbert et al. 2018).

1.3.3 Sample collection

Methods of sample collection and the ensuing analysis choices can have a significant
impact on the outcome (G. Wu et al. 2010; Yuan et al. 2012). Stool samples are the
predominant sample type in gut microbiome research primarily due to their non-
invasive nature and theoretical ease of acquisition (Durbán et al. 2011). However,
there are still challenges to stool sample collection. A primary concern in adults
is embarrassment, as well as inadequate information on the process (Lecky et al.
2014). For children, sample collection is more dependent on either hospital staff
or parents, and becomes much more the parents’ responsibility once children are
discharged from hospital. It can also be a challenge to collect stool samples on a
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schedule as it is not possible to predict when patients will produce stool. Further to
this, some patients studied in this thesis were very young, and thus stool samples
had to be collected from nappies. Williams et al. (2019) studied stool sample for
microbiome analysis from babies’ nappies and reported two particularly pertinent
issues which are relevant to one of the studies in this thesis. Firstly, if the stool
is very liquid it may be absorbed into the nappy, which may influence the sample
which remains. Secondly, although parents are likely to be monitoring their baby
for when their nappy becomes dirty, it may not always be possible to know how long
the stool has been in the nappy before collection; prolonged exposure to ambient
temperature may affect the sample (G. M. Williams et al. 2019).

Other sample collection methods include rectal swabs and intestinal sample col-
lection during colonoscopy or biopsy (Huse et al. 2014; W. Wang et al. 2015). Dif-
ferences in microbiome profile even in samples collected from the same individual
have been noted when comparing stool samples with samples from the intestinal
mucosa (Durbán et al. 2011; Eckburg et al. 2005; Zoetendal et al. 2002). A project
comparing different microbiome sampling methods can be found in Appendix A.

1.3.4 Sampling and sequencing

Building a better understanding of the ecological communities resident in the hu-
man gut is challenging, though in the last few decades several sequencing tools have
been developed and honed. This marked great progress for the understanding of
microbial communities found in the human body, as the vast majority were unable
to be cultured (Eckburg et al. 2005). There are currently two primary HTS methods
used to sequence the bacterial portion of the human gut microbiome: 16S rRNA
gene sequencing, and shotgun metagenomic sequencing.

Shotgun metagenomic sequencing

Shotgun metagenomic sequencing is an untargeted technique which allows the se-
quencing of all microbial genetic material in a given sample (Quince et al. 2017).
This enables not only the taxonomic identification of the organisms present, but
also a functional understanding of the genes present in a community, as well as
reconstructing the whole genomes of some organisms (Quince et al. 2017; Rausch
et al. 2019). However, it is much more costly per sample (Walsh et al. 2018). Thus
shotgun metagenomic sequencing can provide generally accurate taxonomic identifi-
cation to the species level, and also help to build an understanding of the metabolic
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activity of the community, but this comes at a higher cost and is more bioinformat-
ically demanding, which makes it less accessible (Morgan et al. 2012; Rausch et al.
2019).

16S rRNA gene sequencing

A common approach used in gut microbiome research is deep sequencing of the 16S
rRNA gene (Case et al. 2007), which was first described by Woese and Fox in 1977
(Woese and Fox 1977). This method involves the amplification of a target gene
section, which is then used to distinguish sequences taxonomically, and construct
a profile of the community. The 16S ribosomal RNA gene (hereafter 16S rRNA
gene) is part of the 30S subunit of bacterial ribosomes, and is found in all bacterial
species (Janda and Abbott 2007; Sambo et al. 2018). It is approximately 1,500 base
pairs (bp) long and contains nine hypervariable regions, interspersed with constant
regions (Case et al. 2007). This can be seen in Figure 1.1. Furthermore, it has a
slow evolution rate which is key to its utility: the constant regions remain while
the variable regions can be very divergent between different bacterial clades (Woese
and Fox 1977). Comparison of these hypervariable regions can be used to classify
taxonomically distinct bacteria in microbiome samples from the amplified genomic
regions produced by the sequencing process (Case et al. 2007). The output of 16S
rRNA gene sequencing are often grouped into operational taxonomic units (OTUs)
for further analysis. This highly targeted approach provides a relatively low-cost
method which can be used, alongside a variety of freely-accessible bioinformatic
tools, to profile the bacterial community.

50



(a) The 16S rRNA gene secondary
structure

(b) Entropy in conserved and vari-
able regions.

Figure 1.1: The structure of the 16S rRNA gene, depicted in two different ways.
The left shows the three-dimensional structure of the protein, coloured by region.
The nine variable regions are indicated, and the variable sequences shown in bold.
Image from Yarza et al. (2014). The right shows the difference in entropy between
the conserved and variable regions. This was calculated from 42,109 16S rRNA
gene sequence alignments, and is labelled using E. coli nucleotide numbering. The
ninth variable region is excluded due to inadequate sequencing coverage. Image from
Vasileiadis et al. (2012).

There are several limitations and challenges in using this approach. Firstly, it
is more difficult and expensive to sequence the whole 16S rRNA gene, so this is
done infrequently. A section of the gene including 1 - 3 variable regions is usually
chosen, although it gives less taxonomic resolution (Johnson et al. 2019). However,
Rausch et al. (2019) performed a comparison of the V1 - V2 region, V3 - V4 region,
and shotgun metagenomic sequencing. Across the ten taxa they studied, they found
generally consistent results (Rausch et al. 2019). This lends qualified support to the
use of 16S rRNA gene sequencing for taxonomic profiling of a microbial community.
However, other studies have found that studying different variable regions can affect
the outcomes (Gohl et al. 2016). Caution is therefore warranted. The 16S rRNA
gene has low discriminatory power for species-level identifications, and also for some
more closely related genera (Janda and Abbott 2007; Johnson et al. 2019; Vtro-
vský and Baldrian 2013). In the families Clostridiaceae, Enterobacteriaceae, and
Peptostreptococcaceae there is very high similarity in the 16S rRNA gene sequence,
especially in the V4 region. This can amount to the difference of a few nucleotides
between species (Jovel et al. 2016). Unsurprisingly, this means that many reference
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databases may not confidently identify species in these families. However, using this
whole 16S rRNA gene has been reported to give species-level resolution (Johnson
et al. 2019). PCR amplification bias is also a recognised issue in this field. This
means that, depending on the variable regions selected for sequencing, some bacte-
rial clades may be amplified more than others (D’Amore et al. 2016; Ghyselinck et
al. 2013; Sipos et al. 2007). However, comparison of sequence read counts between
samples using the same method, rather than relying on direct read counts alone,
appears to yield more accurate results (D’Amore et al. 2016). Figure 1.2 illustrates
the steps involved in 16S rRNA gene sequencing.
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Figure 1.2: An example 16S rRNA gene sequencing workflow. The various stages:
DNA extraction, PCR, index use, library pooling, and sequencing will all vary de-
pending on the specific methodology. They also reflect points where different choices
may affect the results. Graphic by T. Attenborough.
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A further complication to 16S rRNA gene sequencing is copy number variation.
Different bacterial clades have different copy numbers of the 16S rRNA gene, vary-
ing between 1 and 15 copies (Klappenbach et al. 2001), and in some clades the gene
can be more variable than in others (Vtrovský and Baldrian 2013). It is estimated
that the 16S rRNA gene diversity in a given sample is likely to be higher than the
bacterial species diversity (Acinas et al. 2004). Louca et al. (2018) performed a sys-
tematic analysis of currently available bacterial genomes and tools to correct for bias
introduced by variation in gene copy number. They assessed several phylogenetic
methods but found that currently available tools provided poor predictors of gene
copy number. Thus their recommendation was to avoid correcting for 16S rRNA
gene copy number variation unless knowledge of the ’true’ bacterial proportions was
essential as the correction process currently introduces noise to the dataset, makes
data less comparable to other studies, and is unlikely to be successful (Louca et
al. 2018). Given this, and that in these projects comparability rather than exact
proportion was of greater interest, gene copy number variation was not bioinformat-
ically corrected in this thesis.

Summary

In this thesis, 16S rRNA gene sequencing is used to explore the bacterial composi-
tion of the samples in both microbiome studies. This decision was made for several
reasons. 16S rRNA gene sequencing is a common strategy for microbiome stud-
ies, and thus findings can be compared easily to other relevant studies (Case et al.
2007). Further, there is a large cost differential between the methods, although this
is decreasing. Choosing 16S rRNA gene sequencing permitted more samples to be
sequenced for a given cost, so that samples from more patients could be sequenced.
Thus for studies such as these, seeking to understand community diversity and com-
position changes over time and in different groups, 16S rRNA gene sequencing is
currently the most cost-effective and appropriate technique. And there is a broad
range of bioinformatic tools and methods available for the subsequent analysis (Y.
Kim et al. 2015). For more details on bacterial sequencing methods, see (Case et al.
2007; Quince et al. 2017).

1.3.5 Bioinformatic processing

As a result of the technological developments described above, enormous data sets
are now much easier to produce, and becoming progressively cheaper and more ac-
cessible. Appropriate tools for the processing and analysis of these data are now
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more necessary than ever. The sequences produced by these sequencing methods can
be used to assign taxonomic status, construct phylogenies and estimate bacterial di-
versity using a variety of bioinformatic techniques. A multitude of tools are available
for the various stages, each of which has advantages and disadvantages. The choice
of tools is generally determined by accessibility, bioinformatic literacy, and the suit-
ability of the tool for the specific data, as well as lab culture. Furthermore, some
tools can be used in conjunction with each other, while some are set up to be used for
the whole process. An example of a bioinformatic pipeline can be seen in Figure 1.3.

The first stage of analysis can be to trim the reads to remove the segments
which were used for sequencing, but are extraneous to downstream analysis. These
are generally indexes and barcode sequences essential to sequencing platforms but
not needed later. The next stages are generally to join paired-end reads (unless
using single-read sequencing), and quality filtering. This involves the joining of the
forward and reverse reads, sometimes referred to as R1 and R2. Quality filtering
can involve choices such as removing sequences which are either too short or too
long to be the region of interest, removing chimaeric sequences, removing sequences
which do not reach a certain quality threshold, or removing reads with errors above
a set threshold. Some pipelines do this in one stage, while for others it can be
done separately. QIIME (Caporaso et al. 2010), which has been one of the most
well-known 16S rRNA gene sequencing bioinformatic pipelines, has a wide range of
scripts which can be used to join reads and filter for quality in a number of ways.
MOTHUR (P. D. Schloss et al. 2009) is another popular pipeline which performs
read joining and quality filtering in the same step. USEARCH (Edgar 2013) is an-
other option, which allows these steps to be done separately. More recently, QIIME2
and DADA2 have become available (Bolyen et al. 2019; Callahan, McMurdie, et al.
2016).

A central pillar of microbiome analysis through 16S rRNA gene sequencing is
identification and analysis of operational taxonomic units (OTUs). If selected, OTUs
are the units in which further analysis takes place. After quality-filtering, the next
major step is to gather similar sequences together, at a user-defined threshold. This
is usually around 97-99% similarity (Nguyen et al. 2016). Therefore, OTUs are clus-
ters of similar sequences which are grouped together and considered to represent
a taxonomic unit (Blaxter et al. 2005). This is common to QIIME, MOTHUR,
and USEARCH. However, there are several options when clustering sequences into
OTUS: closed, de novo, and open. Closed involves building clusters around known
sequences from 16S rRNA gene sequence databases, de novo involves building clus-
ters using just the sequences in given study and without reference to a database,

55



and open uses a mix of these approaches: first using a database as with closed; then
clustering sequences which cannot be clustered under the closed method, using the
de novo method. QIIME2 and DADA2 cluster sequences using a different method,
which produces amplicon sequence variants (ASVs) rather than OTUs. ASVs are the
DNA sequences resulting from HTS after quality control, and are thus assumed to be
truly present. These ASVs may differ by only single nucleotides, unlike OTUs, which
are clusters of similar sequences grouped by a pre-determined threshold (Porter and
Hajibabaei 2018). For further details on ASVs see Caruso et al. (2019), Fricker et
al. (2019), and Prodan et al. (2020).

It is common to use a representative sequence from each OTU to assign taxo-
nomic status to that OTU, if not already assigned using the closed method (Nguyen
et al. 2016). The OTU cluster will normally contain slightly different sequences but
the representative sequence will henceforth be regarded as the defining sequence of
the OTU. There are several methods for selecting the representative sequence for
the OTUs, but options include the most abundant, random, and first (i.e. the first
sequence assigned to the cluster during the clustering process). There are options
in QIIME, MOTHUR, and USEARCH among others to undertake this step. Tax-
onomic status is then assigned by matching the representative sequences to known
bacterial sequences in a variety of databases such as SILVA (Glöckner et al. 2017)
and GreenGenes (DeSantis et al. 2006). The confidence which can be placed in
the assigned taxonomy varies depending on the quality and up-to-date-ness of the
database, as well as the 16S rRNA gene region(s) studied, the specific OTUs (some
genera are more genetically similar), as well as the other choices which have been
made during the bioinformatic processing.

Finally, this information can be exported from the chosen analysis pipeline, usu-
ally as a table showing the abundances of the OTUs in each sample, and a table
showing the taxonomic identities of the OTUs. These can then be further analysed
using a 16S rRNA gene-specific pipeline such as QIIME or MOTHUR, or imported
into programs such as R for further analysis.
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Figure 1.3: An example 16S rRNA gene sequencing bioinformatic workflow. The
various stages, especially pre-processing for quality, clustering into OTUs, and tax-
onomic assignment will all vary depending on the specific methods. The different
stages reflect points where different choices may affect the results. Other stages may
be included or excluded depending on the user and the study needs. Graphic by T.
Attenborough.

At every stage of both laboratory and bioinformatic processing, the choices made
have an effect on the results. The different pipelines and options have different
strengths and weaknesses (Prodan et al. 2020), and there are some challenges inher-
ent to the study of 16S rRNA gene sequencing data (e.g. the variable copy number
and high genetic similarity between some genera/species). Therefore it is impor-
tant to communicate the choices made - see Chapters 2, 3, and Appendix A for the
choices made in the present studies - and to be aware that these may differ when
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comparing different studies. However, using 16S rRNA gene sequencing to gain an
understanding of microbial communities, and of the human gut microbiome specif-
ically, is still an informative and valuable method. It offers a cost effective way to
profile microbial communities on a large scale, and there is a large body of literature
to which new studies can be added. There are also large communities of researchers
discussing and developing new bioinformatic methods in order to make the best use
of 16S rRNA gene sequencing in the future.

1.4 The human immune system

The human immune system can broadly be divided into two systems: the innate
immune system, and the adaptive immune system. Although they have been typ-
ically defined as separate systems there is also evidence of some overlap between
them (G. Gasteiger et al. 2017). Many of the cells involved in the immune system
are leukocytes (white blood cells), although other elements of the immune system
include physical barriers, chemical barriers, and biological barriers (e.g. some com-
ponents of the gut microbiome) (Tlaskalová-Hogenová et al. 2011).

1.4.1 Haematopoiesis

Haematopoiesis is defined as the process of differentiation in which all blood cells
are formed from haematopoietic stem cells (HSCs). Following embryonic develop-
ment HSCs are mostly found in the found in bone marrow (BM), although they
also exist in the peripheral blood in small numbers and can be collected from the
umbilical cord. HSCs are multipotent: they can differentiate into any type of blood
cell. There is also some evidence that there are pluripotent stem cells in the BM
which can differentiate into tissues other than blood cells (Ogawa et al. 2013).

HSCs are a self-renewing population: when they divide and differentiate, some
cells stay as HSCs so the pool of cells is not lost. As they differentiate and be-
come more specialised through differential gene expression, each step is irreversible
(Ebdon et al. 2013). A schematic of different possible lineages following HSC differ-
entiation can be seen in Figure 1.4. The homoeostasis of the HSC pool is therefore
tightly controlled and regulated by growth factors (Jankowski et al. 2018). The
majority of cell types produced from the myeloid progenitor line act as part of the
innate immune system, and the majority of cell types produced from the lymphoid
progenitor line act as part of the adaptive immune system.

58



Figure 1.4: An overview for the process of haematopoiesis showing the differentiation
of different lineages. RBCs are red blood cells, NK cells are natural killer cells, and
MKs are megakaryocytes. Image from Ebdon et al. (2013).

1.4.2 Innate immunity

The innate immune system is characterised as the evolutionarily older of the sys-
tems, and important elements of the innate immune system in humans can also
be seen in a range of mammals, invertebrates, and even plants (G. Gasteiger et al.
2017). The innate immune system generally operates on a short time scale, and with
a nonspecific method. At the core of the immune system development is the ability
to detect cells as “self” and “non-self”. Thus the leukocytes in this system actively
monitor for potential pathogens and tissue damage, and in many cases can respond
to them both quickly and effectively (Newton and Dixit 2012). A diverse commu-
nity of cells are typically involved in the innate immune system. These include mast
cells (Galli et al. 2011); natural killer (NK) cells (Abel et al. 2018); basophils and
eosinophils, (Stone et al. 2010); and macrophages, neutrophils, and dendritic cells
(Rosales and Uribe-Querol 2017; Silva and Correia-Neves 2012). These last three are
collectively known as phagocytic cells, due to their mechanism of action: these cells
engulf and digest “non-self” or damaged host cells. Some phagocytes then present
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antigens from these digested cells on the receptors at their surface, and these can
be used to activate cells in the adaptive immune system (Rosales and Uribe-Querol
2017). The relative places in the blood cell lineage of these cell types can be seen in
Figure 1.4, and further details on innate immunity can be found in Gasteiger et al.
(2017).

γδ T cells sit between the definitions of innate and adaptive immunity (Lawand
et al. 2017; Zhao et al. 2018) due to their memory phenotype and capacity have a
direct cytotoxic effect, or recruit other immune cells. However they do not need to
be activated in the same was as other T cells (Lawand et al. 2017).

1.4.3 Adaptive immunity

The adaptive immune system is thought to have have evolved later than the innate;
at least some aspects are believed to have arisen approximately 500 million years ago
in jawed vertebrates (placoderms) (Flajnik and Kasahara 2010). The adaptive arm
of the immune is typified by lymphocytes (B and T cells) with receptors produced
by somatic recombination. While it is much slower to respond to new pathogens,
immunological memory allows the adaptive immune system to respond quickly and
effectively to previously encountered pathogens (Flajnik and Kasahara 2010). The
“memory” of this pathogen will then be maintained in cellular memory, sometimes
even for an individual’s lifespan. Adaptive immunity can be further divided into the
humoral immune response, and the cell-mediated immune response. The humoral
immune response comes from antibodies and activated B cells, while cell-mediated
immune response comes from T cells (Molnar and Gair 2019).

There are known to be multiple different populations of memory cells with dif-
ferent attributes. They share some important traits, the key traits being that they
can live in the body for a long time, and that when they encounter their linked anti-
gen peptide, they can rapidly produce clonal expansions of effector T cells. These
qualities allow the immune system a form of memory that produces a quick response
when pathogens to which it has previously been exposed are encountered again.

1.4.4 T lymphocytes

T lymphocytes (hereafter T cells) are white blood cells, which are key components of
the human immune system. Their role in healthy immunity includes detecting and
destroying foreign particles in the body, removing host cells affected by intracellular
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bacteria, viruses, or developing cancer, aiding other immune pathways, and main-
taining and activating an immune response to previously encountered pathogens (K.
Murphy and Weaver 2016). T cells are so named due to their close association with
the thymus, a primary lymphoid organ in humans. During haematopoiesis some
cells from the lymphoid progenitor line migrate to the thymus, where they develop
further to become T cells (Rothenberg et al. 2016). T cells have many different
types of receptors on their surface, which change as a function of T cell development
and activation, and these receptors facilitate interactions with other cells. Some of
the receptors can be used to identify different subtypes of T cells with markedly
different functions. Two of these subtypes can be identified by the presence of CD4
or CD8 receptors. Some T cells subsets do not express ether CD4 or CD8 receptors,
such as γδ T cells (Mackay et al. 1989).

1.4.5 T cell maturation

When T cell progenitors first travel from the bone marrow (BM) to the thymus,
they express neither CD4 nor CD8 receptors on their surface, and thus are termed
“double-negative”. They then go through several stages of development, during
which their surface molecules change. The main functions of these stages are to
eliminate any T cells which will react to “self” signals, which would lead to an au-
toimmune response, and to ensure then functionality of their T cell receptor (L.
Klein et al. 2014).

CD4+ T cells

CD4 positive (CD4+) T cells are T cells with a CD4 receptor, and are a crucial
regulatory part of the adaptive immune system. There are many subtypes of CD4+
T cells, and they have roles in B cell antibody class switching, cytokine produc-
tion, activating and helping the growth of cytotoxic T cells, boosting bactericidal
function of phagocytic cells such as macrophages, aiding antigen presenting cells,
and supporting immunological memory maintenance. CD4+ T cells are also known
as CD4+ helper cells as although they are instrumental in the adaptive immune
system they do not actively kill other cells, but support other parts of the system
(Zhu et al. 2010).

Before they have encountered antigens to which they have high affinity, CD4+
T cells are referred to as immunologically naïve (Berard and Tough 2002). They be-
gin to emigrate from the thymus, and move to into the bloodstream and lymph and
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into other lymphoid tissues such as the lymph nodes (Weinreich and Hogquist 2008).
Antigen presenting cells (APCs), including dendritic cells, macrophages, and B cells,
endocytose foreign material such as viruses and bacteria, and then process them and
travel to lymph nodes. There they present antigen peptides from the bound foreign
material to MHC Class II receptors on the naïve CD4+ T cells, which leads to ac-
tivation of the naïve CD4+ T cells. There is a second, confirmatory activation step
which ensures that the T cell is responding to a peptide of foreign source, rather
than a self peptide. This signal is a binding between the CD28 receptor on the T
cell, and either the CD80 or CD86 receptor on an APC. If this second step is not
fulfilled, the T cell stays anergic (non-reactive) and will not respond to further anti-
gens. It enters the circulation, where it is thought to stay until apoptosis. If both
activation steps have taken place, then the T cell has been successfully activated
(Smith-Garvin et al. 2009; Wingren et al. 1995).

Once the two stage activation is complete, the T cell can proliferate. It produces
interleukin-2 (IL-2), and the IL-2 acts on the producing cell as well as T cells nearby,
causing them to proliferate, and drives clonal expansion (Smith-Garvin et al. 2009).
The cytokine environment will dictate the differentiation of the T cell into different
forms of T helper cell (e.g. Th1, Th2), which have perform the different CD4+ T
cell functions listed above (Zhu et al. 2010).

After CD4+ T cells have been activated, they may be classified as effector or
memory CD4+ T cells. Effector CD4+ T cells are those which have proliferated
following activation, and are acting against the antigen which was used to activate
them. Following the two stage activation effector CD4+ T cells will only require
interaction with the specific antigen to induce immune activity. Memory CD4+ T
cells are a different population with different attributes and receptors, which de-
velop after naïve CD4+ T cell activation and antigen response. These populations
are long-lived, and allow a rapid response and proliferation if the antigen which was
used to activate them is encountered again. Memory CD4+ T cells also only need
the antigen interaction to reactivate, thus speeding up the response rate (MacLeod
et al. 2009).

CD8+ T cells

CD8 positive (CD8+) T cells are are also a vital part of the adaptive immune sys-
tem. CD8+ T cells are also known as cytotoxic T cells as their primary function is
to destroy certain cells in the body, specifically, damaged cells such as those infected
with viruses, and cancerous and precancerous cells. Naïve CD8+ T cells, like, naïve
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CD4+ T cells, emigrate from the thymus, and into other lymphoid tissues via blood
and lymph (Weinreich and Hogquist 2008). CD8+ T cells are activated in the same
manner as the CD4+ T cells, with a two-signal activation process. The first of
these is with an antigen-peptide-bound MHC-1 molecule on an APC, the second is
through co-stimulatory molecule binding (CD28 on the CD8+ cell, CD80 or CD86
on the APC). This is adequate to activate the CD8+ T cell. As with CD4+ T cells,
there are different CD8+ subpopulations, including effector and memory (Samji and
Khanna 2017), though the definitions of these are still subject to contention (Far-
ber et al. 2016). In order to generate memory T cells and further activation of the
CD8+ T cells, APCs interact with both CD4+ and CD8+ T cells, and the CD4+
cells help the APC give a stronger activation signal to the CD8+ T cells. As with
the CD4+ cells, the newly activated CD8+ T cells interact with IL-2 and then mul-
tiply through clonal expansion (Smith-Garvin et al. 2009; Wingren et al. 1995).

As a result, there are more cells that can monitor the body for somatic cells
expressing their specific antigen. This is the main route to CD8+ T cell activa-
tion, though others have been described. Once activated, if a CD8+ cell binds to a
previously-encountered antigen, the CD8+ T cell will trigger apoptosis and kill the
cell. This is the primary role in the immune system of CD8+ T cells, though they
also have other functions such as producing cytokines (N. Zhang and Bevan 2011).

CD45

CD45 is a large molecule, found on the surface of all cells arising from the haematopoi-
etic lineage, apart from erythrocytes and plasma cells. It is particularly highly ex-
pressed on T cells, comprising up to 10% of cell surface proteins. It can be found in
different isoforms, made up from alternative splicing of exons, and these depend on
both the T cell’s activation and its maturation. CD45 becomes shorter following T
cell activation (shifting from CD4RA+ to CD4RO+). CD45RA includes exons 7, 4,
and 3, while CD45RO contains exons 7 and 3, but has lost exon 4. However, it is
not known whether this shift influences activation. Some researchers have suggested
that the larger presence of CD4RA+ may make it more difficult for the TCR and
bound MHC-antigen complex to interact, thus increasing the necessary threshold
of affinity (and perhaps specificity) to activate the T cell (Cho et al. 2016). After
activation has occurred, CD45 becomes shorter, and this allows the newly activated
cell to interact with other cells. As well as supporting this antigen-driven T cell ac-
tivation, CD45 prevents self-immune reactions when T cells encounter non-immune
cells (Altin and Sloan 1997). For more details on the CD45 molecule see Altin and
Sloan (1997) and Cho et al. (2016).
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Peripheral naïve T cells have been shown to express high levels of the larger iso-
forms (CD45RA and CD45RB). After antigen stimulation, there is a transition to
in the way CD45 mRNA in processed, leading to smaller CD45 isoform (CD45RO)
expression (Akbar et al. 1988; K. W. Lynch and A. Weiss 2000; Tong et al. 2005).
While expression of CD45RA or CD45RO isoforms are commonly used as naïve or
effector/memory markers, there are reports that some effector/memory T cell phe-
notypes may re-express CD45RA (Caccamo et al. 2018; Tian et al. 2017).

There is not yet a consensus on the size distribution of clonotypes from naïve
T cells, particularly because there are still technical challenges in accessing the
majority of the naïve repertoire for a given individual, as well as methodological
limitations (Greef et al. 2020). However, the majority of naïve T cell clonotypes
come from small clonal pools: de Greef et al. (2020) reported following sequencing
of naïve CD4+ and CD8+ T cells that nearly all of the sequences that they found
were detected only once in a sample, and that nearly all of the clonotypes had fre-
quencies between 1 and 5 across both α and β chains (Greef et al. 2020).

1.4.6 Gut microbiome and immunity

Having bacterial communities in the GI tract is healthy and normal, and they con-
tribute to many important processes, including immune system development and
modulation of autoimmunity, protection against pathogens, enhancement of the ep-
ithelial barrier of the gut, and facilitation of nutrient acquisition (Hooper et al. 2002;
Sansonetti 2004).

The gut microbiome also has an important role in modulating the prevalence of
autoimmune diseases, possibly through changes in lifestyle, leading to changes in the
way humans in the developed world interact with bacteria. The “hygiene hypoth-
esis”, which originated in 1989, proposed that increased hygiene, smaller families,
and less bacterial exposure have led to a higher burden of autoimmune disease in the
developed world (Strachan 2000). This hypothesis has been supported by a higher
prevalence in more developed countries of autoimmune diseases including inflamma-
tory bowel disease (IBD), rheumatoid arthritis (RA), type 1 diabetes, and multiple
sclerosis, as well as a higher prevalence of atopy, including asthma, hayfever, and
eczema (Taneja 2014). More recently this hypothesis has been elaborated to include
the possibility that these lifestyle changes have caused dysbiosis in the gut micro-
biome, affecting the immune response (Blaser and Falkow 2009). This change in the
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bacteria that may be present at the interface between the microbiota and the cells
of the human immune system may then change the modulation which the bacteria
exert on the immune response.

Microbial translocation is the movement of microbial material from gut into the
circulation, and then from the lymph nodes to other sites in the body (Sedman et
al. 1994). This can result in effects such as inflammation and septic complications
(MacFie 2004). This phenomenon is reported to occur more in immunocompromised
individuals (O’Boyle et al. 1998), such as those in this study, and particularly in
HIV+ people (Kuller et al. 2008; Zevin et al. 2016; Zicari et al. 2019).

1.4.7 Major histocompatibility complex (MHC)

The major histocompatibility complex (MHC) class I and II proteins are integral
to the functioning of the adaptive immune system. These cell surface proteins are
the conduit for antigen presentation, so are essential for recognizing both “self” and
“non-self”. In humans, the MHC complex can also be known as the human leuko-
cyte antigen (HLA) complex. MHC class III proteins are not involved in antigen
presentation, but have roles in cell signalling and the complement cascade.

MHC class I proteins are found on all nucleated cells of vertebrates, including
humans. Through this protein complex, cells display protein fragments (peptides).
The MHC class I complex is recognized by CD8+ T cells, and through this inter-
action CD8+ T cells can continuously monitor the cells of the body, and destroy
cells which have become damaged or infected (Wieczorek et al. 2017). Further to
this, APCs can use the MHC class I complex to present antigens which they have
taken up during immune surveillance, which is known as antigen cross-presentation.
MHC class II proteins are found on the cell surface of APCs, and are derived from
extracellular sources: after APCs have taken up and digested “non-self” material,
the peptides are presented via the MHC class II complex (Wieczorek et al. 2017).

Histocompatibility refers to compatibility of tissues, and is classified in humans
by how many of the HLA alleles are shared between individuals. The genes which
make up the MHC class I and II proteins are highly polymorphic, and there is great
variety in the HLA complex between individuals, especially as both alleles are co-
expressed (Ayala García et al. 2012).
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1.4.8 T cell receptor

T cells can be distinguished from other immune-related cells by the presence of a
T-cell receptor (TCR) on the surface of the cell. These receptors can bind to an
epitope (short amino acid sequence) from an antigen, and through this both iden-
tify and destroy the antigen. A TCR is a dimer of two proteins, of four main types.
These are alpha (hereafter α), from the TRA locus, beta (hereafter β), from the
TRB locus, gamma (hereafter γ), from the TRG locus, and delta (hereafter δ),
from the TRD locus (Pennock et al. 2013). The TCRs on these cells are in most
cases heterodimers; either αβ, or γδ. The αβ dimer is commoner, making up ap-
proximately 95% of T cell receptors (Thomas et al. 2013). In rare cases the receptors
form homodimers ( e.g. α chain and α chain together) (Cheroutre and Lambolez
2008). These receptors are enormously diverse, as a result of VDJ recombination in
the thymus. Each T cell in the body is either a thymic emigrant, or descended from
one (Van Laethem et al. 2012).

1.4.9 VDJ recombination

VDJ recombination is the complex process which generates the high degree of vari-
ability in the sequences of the T cell receptors. Three important regions of the
receptors are known as V, D, and J, and there are multiple variants in each of these
regions. α, β, γ, and δ chains all contain a variable region, and a constant region.
These regions come from different open reading frames, and are spliced together
(K. Murphy and Weaver 2016). The variable region in α chains contains 2 genes:
variable (V) and joining (J), while the variable region in β chains contains 3 genes:
variable (V), diversity (D) and joining (J) (Giudicelli et al. 2005). The α chain
germline contains 45 V regions and 50 J regions, while the β chain germline con-
tains 48 V regions, 2 D regions and 13 J regions, plus pseudogenes (Giudicelli et al.
2005; Thomas et al. 2013). Additional diversity is then generated by random dele-
tions of the germline nucleotides from both the V and J regions, and the addition
of nucleotides at the VJ junction of the α chain and at the VD and DJ junctions
of the β chain (Thomas et al. 2013). All these factors combine to generate the vast
diversity of TCRs. The recombination is somatic, and thus will be transmitted to
daughter cells if the cell proliferates. A visualisation of this process can be seen in
Figure 1.5. While the combination of V and J regions that occurs to generate a
given clonotype might be considered near random, it is clear that some regions are
represented at a much higher level than others (Roth 2014).
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Figure 1.5: VDJ recombination in αβ T cells. Image by Wang et al. (2016)

Owing to these diversity-generating mechanisms, the scope for variation amongst
TCRs is enormous. Some estimate that over 10× 1010 different receptors can be
generated by this recombination process (C. Wang et al. 2010), and the number of
unique αβ receptors could be as high as 10× 1016 (Robins et al. 2009). This diversity
is crucially important in generating adaptive immunity, but it has also proven a chal-
lenge to scientific study. However, high-throughput sequencing can offer an insight
into immune repertoires and responses to pathogenic threats (Nazarov, Pogorelyy,
et al. 2015; Thomas et al. 2013). As a result, many studies have been undertaken in
recent years, and meta-analysis allows comparison of specific TCRs in terms of their
occurrence and abundance patterns (Freeman et al. 2009; Heather, Best, et al. 2016;
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Warren et al. 2011). More recent modelling has suggested that adult human body
may maintain a little under 10× 1010 different TCR clonotypes with a mean clone
size of 10, and that the number of different TCR clonotypes is approximately 9%
of the total T cell count (Lythe et al. 2016). In this thesis, a clonotype refers to a
distinct TCR sequence from either the α or β chain, and a clonal expansion refers to
the number of confirmed copies of that clonotype in a sample, after adjustment for
PCR bias using UMIs (Thomas et al. 2013; Venturi et al. 2007). A public clonotype
refers to a clonotype shared between multiple individuals (Chu et al. 2019).

1.4.10 TCR structure

Complementarity-determining regions (CDRs) are the sections of the TCR which
are variable, and dictate which TCRs can bind to which epitopes. There are three
CDRs on each of the α and β chains; each T cell receptor therefore has six (shown
in Figure 1.6). CDR1 and CDR2 are thought to recognise MHC, while CDR3 is
the primary region of the TCR which binds to antigens (Bankovich and K. Garcia
2003). Furthermore, as the CDR3 region spans the VDJ junction, it is the sequence
most affected by VDJ recombination (Laydon, Bangham, et al. 2015). For these
reasons, much of the research interest in TCR sequences is focused on the CDR3
region (Bankovich and K. Garcia 2003; Rosati et al. 2017). However, it is the the
functionality of the CDR1 and CDR2 regions should not be ignored when consid-
ering the overall activity of TCRs (Birnbaum et al. 2014; J. N. Lynch et al. 2013).
It has been reported that the CDR1 and CDR2 regions play more of a role than
CDR3 in MHC restriction (Chlewicki et al. 2005). Mouse studies have indicated
that variability in CDR1 and/or CDR2 may be enough to determine the selection
of receptors into CD4+ or CD8+ cell subsets, which is likely driven by preferential
binding to MHC I or MHC II (Sim et al. 1996).
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Figure 1.6: TCR rearrangement and structure in αβ cells. (c) and (d) show the
CDR1 and CDR2 and CDR3 regions of the αβ receptors. Image by Laydon, Bang-
ham and Asquith (2015)

Crystal structure analysis has indicated that the CDR1 loop of both α and β

chains is positioned towards the end of the peptide with which they interact, and
this region may be able to interact with both the peptide and the MHC complex
(Chlewicki et al. 2005). The CDR2 loop of α and β chains has been shown to be
positioned close to the MHC complex, and is not known to have much contact with
the peptide (Chlewicki et al. 2005; K. C. Garcia 1998). Finally, the CDR3 loop of
α and β chains is the most variable and is in a position to have more contact with
the peptide than any other region of the TCR (Chlewicki et al. 2005; Degano et al.
2000). It is therefore unsurprising that the primary focus of TCR sequencing studies
is most commonly the CDR3 region (Lu et al. 2019; Madi et al. 2017).

Chlewecki et al. (2005) reported that through mutation studies, it appears that
every CDR may have the potential to contribute towards antigen specificity. There-
fore it is clear that regions of the TCR other than the CDR3, especially CDR1 and
CDR2, may affect the binding efficacy and antigen specificity of a given CDR3. A
focus only on CDR3 may leave it unclear how much CDR1 and/or CDR2 diversity
there may be amongst clonotypes which do not differ in their CDR3 sequences, and
the extent to which this may affect the activity of these receptors.
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1.4.11 Spectratyping

The TCR repertoire has been the subject of research for several decades. Through
understanding of the adaptive immune system it is abundantly clear that an individ-
uals’ TCR repertoire, as well as their BCR repertoire, can be informative as to their
immune competency and useful in characterising aspects of the immune system in
different conditions (Verfuerth et al. 2000). Therefore TCR repertoire analysis has
wide-ranging applications, including monitoring immune reconstitution after HSCT,
and better understanding the changes wrought upon the immune system by infec-
tions such as HIV.

The pioneering technique used to profile the TCR repertoire was spectratyping.
This method utilises a modified PCR technique to amplify the receptor sequences,
and following this β chain CDR3 (Section 1.4.10) length heterogeneity is examined
to estimate the complexity of the repertoire (Gorski et al. 1994). Thus for each
sample a spectrum of CDR3 lengths are summarised. Multiple methods have been
described (Six et al. 2013). Using this technique, abnormalities such as gaps in the
spectrum or the dominance of a low number of lengths can be used as proxies for dif-
ferent abnormalities in the TCR repertoire (Verfuerth et al. 2000). Some early uses
of spectratyping showed a difference between control mice and those immunised with
an antigen (Cochet et al. 1992), and between healthy human adults and adult BM
transplant patients (Gorski et al. 1994). Spectratyping has been recognized as the
gold standard clinically to profile immune reconstitution (Cordes et al. 2019). His-
torically the β chain has been the focus of both spectratyping and TCR sequencing
as there are more combinatorial possibilities generated by by VDJ recombination,
though the α is also important in generating the diversity and specificity of TCRs
(Rosati et al. 2017).

1.4.12 TCR sequencing

The development and decreasing cost of HTS has made it a possible to sequence
the TCR repertoire, and understand the repertoire in new ways. The results and
possible applications depend on choices made throughout both the laboratory and
bioinformatic stages of study design, including the choice between DNA or RNA
sequencing. DNA has the benefits of only one sequence per cell which aids quan-
tification, and is more stable than RNA, but this will not be informative as to the
expression levels of the receptor. RNA has the benefits of selecting expressed recep-
tor sequences, and it is easier to detect due to the higher copy number of the mRNA
transcripts, though this also make quantification more challenging (De Simone et al.
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2018). The whole VDJ genetic region is the genotype, the TCR repertoire is the
phenotype, and is therefore more informative of an individual’s TCR repertoire. Us-
ing RNA also reduces PCR bias, as the RNA sequences are shorter than the DNA
sequences without introns. Although both methods have advantages and disadvan-
tages, for the above reasons, many of the currently available sequencing methods
use RNA rather than DNA (Rosati et al. 2017).

Another major decision is the choice between single-cell or bulk sequencing.
Single-cell TCR sequencing involves isolating individual T cells, and amplifying and
sequencing the TCR region. Although single-cell TCR sequencing is a relatively new
method there are a range of published protocols available (Ziegenhain et al. 2017).
As the cells are sequenced individually, this method maintains the integrity of het-
erodimer pairing, so this element of TCR diversity can also be quantified. It has
been reported that although there is only one unique β chain on a given cell, there
can be two different α chains present on the same cells, potentially increasing the
alloreactive range of the cell (Morris and Allen 2009; Padovan et al. 1993; Y. Wang
et al. 2017), which is of particular importance in GvHD following HSCT. Thus,
understanding the heterodimer pairings is also of interest. This comes at a high
cost, and can also only be applied to fresh cells which limits its current applicability
(Rosati et al. 2017). Bulk sequencing involves pooling the cells and sequencing the
dissociated α and β chains. Classical TCR repertoire studies have often only se-
quenced the β chain, as this has a higher possible combinatorial potential, owing to
the number of V and J regions combined with the presence of the D region (Rosati
et al. 2017). This method facilities the sequencing of TCR sequences en masse, and
can be effective on preserved cells. Unfortunately, bulk sequencing does sacrifice
the heterodimeric receptor pairings. Presently bulk sequencing is the more widely
used, though single-cell sequencing is likely to increase in use as it becomes more
accessible (Rosati et al. 2017).

For bulk sequencing using RNA, there are a range of published techniques, and
includes different options for library preparation and sequencing protocols, which
may be done using commercial services, in-house methods, or a combination of the
two (Rosati et al. 2017). The large volumes of data generated by HTS of TCR reper-
toires are not trivial to process, and typically require some bioinformatic preparation
before analysis. A variety of bioinformatic tools exist for this, including MiXCR
(Bolotin et al. 2015), LymAnalyzer (Yu et al. 2016), MIGEC (Shugay, Britanova, et
al. 2014), Decombinator (Thomas et al. 2013), and Vidjil (Duez et al. 2016). Some
of these pipelines are paired with laboratory methods, and all have both advantages
and disadvantages. Decombinator (Thomas et al. 2013) was used in this thesis.
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1.4.13 Decombinator

Decombinator is a bioinformatic pipeline designed to process TCR repertoire se-
quencing data using a specific laboratory protocol (Heather, Ismail, et al. 2018;
Oakes et al. 2017; Thomas et al. 2013). It uses a 5-point system to unambiguously
identify distinct TCR clonotypes, based on the V gene region, V region deletion, J
gene region, J region deletion, and the insert sequence. This tool identifies sequences
two orders of magnitude quicker than pre-existing pairwise alignment algorithms,
and identifies > 88% of input sequences (Thomas et al. 2013). It also incorporates
a unique molecular identifier (UMI) into the sequences before amplification, which
allows for error correction and mitigates artificial and uneven amplification during
PCR (Oakes et al. 2017). During further investigation of the method Oakes et al.
(2017) found that the average ratio of UMI: T cell input was 3.8 (SEM ± 1) for α

chain samples and 3.3 (SEM ± 0.6) for β chain samples.
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Figure 1.7: The progression of data through the Decombinator pipeline1. Decombi-
nator was originally developed by Thomas et al. (2013), graphic by T. Attenborough.

Demultiplexing requires the three MiSeq files produced by Illumina along with
the barcode information: R1 (which contains the VDJ region and one of the in-
dexes), R2 (which contains the UMI and carries on into the 5’ UTR) and I1 (which
contains second of the indexes) (Oakes et al. 2017). Demultiplexor.py combines
these relevant sequences from each of these files into a single sequence. If there is
any ambiguity as to which sample a sequence belongs to owing to sequencing error,
the sequence is discarded.

Decombinator then implements an algorithm which searches the sequences pro-
duced by the previous script for rearranged TCR sequences. Decombinator.py uses
short “tag” sequences which can quickly and unambiguously identify α and β (Oakes
et al. 2017). The full V and J region sequences are sourced from IMGT/GENE-DB
(Giudicelli et al. 2005). One base pair mismatch is allowed when matching these

1This depiction is accurate at the the time of data analysis in this thesis. The latest version of
Decombinator (V4) allows a combined output giving CDR3 sequence, V gene, J gene, V deletion
size, the J deletion size, and the insert sequence for each clonotype.
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regions. If the given V and J regions cannot be identified, the sequence is discarded.
Examples of these sequences and tags can be seen in Table 1.1. The V and J dele-
tions are then calculated relative to the germline sequence: from the end of the V
region (how many nucleotides were deleted from the 3’ end of the V region segment)
and the beginning of the J region (how many nucleotides were deleted from the 5’
end of the J region segment). The insertion sequence is defined as the nucleotides
present between the end of the V region and the start of the J region. In β chain
sequences, the insertion will also include D region nucleotides, which are difficult to
identify as the D region sequence variants are very short and similar to each other. If
a nucleotide has been deleted from end of a V or a J region and the same nucleotide
added through random insertion, this will not be detected and will not count as an
insertion/deletion. Finally, in the case of a clonotype with no identified insertion, if
there are nucleotides at the junction which could plausibly come from the end of the
V or the beginning of the J (in the case where the end of the V and the beginning
of the J, have the same nucleotide sequence) they are allocated to the V gene, and
thus the J deletion is increased by the same count.

A file for each sample is produced by the algorithm, including the five key points
of identification for each sequence: a V region identifier, a J region identifier, the
size of the V deletion, the size of the J deletion, and the insertion sequence. Further
information available includes the Illumina FASTQ line identifier for each sample
and the section of the sequence which contains the UMI. Further details on how this
algorithm functions are available in several publications (Oakes et al. 2017; Thomas
et al. 2013).
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Table 1.1: Four examples of gene regions, the full nucleotide sequences, and the tag
nucleotide sequences.

Region Full sequence Tag sequence
TRAJ13 tgaattctgggggttaccagaaagttacctttggaa

ttggaacaaagctccaagtcatcccaa
AAAGTTACCT
TTGGAATTGG

TRBV11-2 gaagctggagttgcccagtctcccagatataagatt
atagagaaaaggcagagtgtggctttttggtgcaa
tcctatatctggccatgctaccctttactggtaccag
cagatcctgggacagggcccaaagcttctgattca
gtttcagaataacggtgtagtggatgattcacagtt
gcctaaggatcgattttctgcagagaggctcaaag
gagtagactccactctcaagatccagcctgcaaag
cttgaggactcggccgtgtatctctgtgccagcagc
ttaga

AAGCTTGAGG
ACTCGGCCGT

TRBJ2-7 ctcctacgagcagtacttcgggccgggcaccaggc
tcacggtcacag

GGCCGGGCAC
CAGGCTCACG

TRAV40 agcaattcagtcaagcagacgggccaaataaccgt
ctcggagggagcatctgtgactatgaactgcacat
acacatccacggggtaccctacccttttctggtatg
tggaataccccagcaaacctctgcagcttcttcaga
gagagacaatggaaaacagcaaaaacttcggagg
cggaaatattaaagacaaaaactcccccattgtga
aatattcagtccaggtatcagactcagccgtgtact
actgtcttctgggaga

TCCAGGTATC
AGACTCAGCC

Collapsinator.py is then applied to each of the sample output files. This collapses
technical copies that have been generated by the PCR stages of the experiment and
performs error correction. This is done using the UMI inserted before sequence
amplification. First, the TCR sequences are grouped by UMI and ordered by de-
scending abundance, and they are assessed in that order. TCR sequences with the
same UMI tag (or within an acceptable level of difference) are assumed to have
some from the same single TCR mRNA molecule. This suggests that they have
been generated through PCR or sequencing error. They are therefore added to the
most abundant group within the UMI. This process is then repeated for all UMI
clusters. Next, in each instance the TCR sequence is associated with multiple UMIs,
the UMIs are checked for similarity to see if they are likely to have derived from the
single TCR mRNA molecule. This is again done with a pre-determined threshold
of sequence similarity. If it seems likely they came from the sample molecule, they
are clustered together. These processes together produce a list of TCR sequences
that are likely to have come from different individual mRNA molecules. Thus the
number or UMIs associated with each given TCR sequence provides an estimate
of the actual number of clones in a given sample. This means that the variations
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in abundance between the different clonotypes within a sample are a reflection of
actual differences rather than differential inflation from the PCR process or sequenc-
ing error. The output from this stage is a file which contains, for each “clonotype”
or distinct sequence, the five point identifier from Decombinator.py and the clone
size calculated by Collapsinator.py (Heather, Ismail, et al. 2018; Oakes et al. 2017;
Thomas et al. 2013).

Scripts can then be used to translate the Collapsinator.py into final formats for
analysis. DCRtoGeneName.py translates the 5-point system used by Decombinator
into the specific V and J regions found in each clonotype, producing a file giving the
V gene name, the J region name, size of the V deletion, size of the J deletion, the
nucleotide sequence of the random insert, and the number of times each clonotype
is found in each sample. An example of the DCR output can be seen in Table 1.2,
and this is the stage labelled as GN Translator in Figure 1.7. This can be used to
analyse the variable rates specific V and J region genes appear in the clonotypes.
The first clonotype in Table 1.2 uses V region TRAV25 from which the last four
germline nucleotides are absent, and J region TRAJ33, from which the first five
germline nucleotides are absent. Between these two segments, the nucleotide se-
quence GGGGCAGAAAAGG is present, and one clonotype with all these defining
features was present in this example sample. Other outputs such as sequence quality
score can also be produced.

Table 1.2: An example DCR output showing ten α chain clonotypes.

V region J region V del J del Insert Frequency
TRAV25 TRAJ33 4 5 GGGGCAGAAAAGG 1
TRAV12-3 TRAJ9 0 2 C 1
TRAV21 TRAJ15 3 6 CAGA 1
TRAV36/DV7 TRAJ28 5 5 TGGGATGAGT 1
TRAV13-1 TRAJ42 3 8 AACGGGTCGGG 1
TRAV14/DV4 TRAJ5 6 1 TCCCCG 5
TRAV20 TRAJ4 0 6 AGA 3
TRAV12-3 TRAJ3 0 7 CACCAGGG 3
TRAV8-3 TRAJ13 5 4 ATTCTGAT 1
TRAV17 TRAJ37 3 0 TCCCGCG 2

CDR3translator.py is used to translate the CDR3 portion of the TCRs to give
the amino acid sequences, and produces a file with each CDR3 sequence and the
frequency with which it is found in each sample. For the first clonotype in the
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example in Table 1.2, it is CAGQKRSNYQLIW. The CDR3 region is classically
defined as the AA sequence from the second conserved cysteine residue (of the V
gene) to the FGXG motif in the J gene, which is conserved (Lefranc et al. 2003;
Oakes et al. 2017). This therefore covers the junction; the site of the insertions and
deletions. To find the CDR3 AA sequence using Decombinator the whole sequence
is first constructed using the germline nucleotide sequence. This is translated into
an AA sequence, and the CDR3 region is extracted based on these conserved re-
gions. Some regions use less commonly seen motifs, and some are non-productive,
which here means that they do not have CDR3 motifs, are not in-frame, or contain
stop codons (Lefranc 2014; Oakes et al. 2017). This is the stage labelled as CDR3
Translator in Figure 1.7. This can be used to calculate estimates of diversity, but
the sequences can also be cross-referenced with other studies on CDR3 sequences.
For further detail on the Decombinator pipeline see (Heather, Ismail, et al. 2018;
Oakes et al. 2017; Thomas et al. 2013).

1.5 Immunodeficiency

To have an immunodeficiency, or to be immunocompromised, means that the im-
mune response of an individual is either impaired or absent. The degree and per-
manency of immunodeficiency depends on the cause, and can be classified as either
primary or secondary. Common consequences of immunodeficiency include recurrent
infections and increased severity of infections; the specific infections can indicate the
nature of the immunodeficiency.

1.5.1 Primary immunodeficiencies

Primary immunodeficiencies (PID) include a range of diseases caused by genetic
variants. This genetic variation may be augmented by environmental factors. In
most cases PID is present from birth, and is often diagnosed early in childhood.
They can be categorised by the element(s) of the immune system disrupted by the
PID. PID will generally be an ongoing disease without treatment, such as a stem
cell transplant (McCusker and Warrington 2011).

1.5.2 Secondary immunodeficiencies

Secondary immunodeficiencies (SID) are those developed as a result of environ-
mental factors or disease. Causes can include HIV infection, malnutrition, and
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immunosuppressive treatment regimens. Some of these can be mitigated, such as
through antiretroviral treatment (ART) for people with HIV, and with the cessation
of immunosuppressive treatment. Immunodeficiency due to malnutrition generally
resolves with the treatment of malnutrition (Chinen and Shearer 2010).

SID caused by malnutrition and HIV also have highly deleterious effects on
children. Furthermore, a regularly used treatment for children with PID or other
serious health conditions is a haematopoietic stem cell transplant (HCST), and some
of the associated treatment is immunosuppressive (McCusker and Warrington 2011).

All of the patients in this thesis are both paediatric and immunocompromised.
This brings specific challenges to the analysis, such as variable or low library sizes in
the samples, many coexisting variables, small patient cohorts, and difficulty in cre-
ating controlled circumstances for scientific observation. Furthermore, all of these
patients have SID: either due to HIV infection or immunosuppressive drug treatment
to facilitate HSCT. Some of the patients receiving HSCT are having this treatment
to treat PID, although for other patients the HSCT is to treat a haematological
malignancy (HM) or other disease. A brief overview of the diseases being treated by
HSCT in this thesis can be seen in Appendix B Table B.1. Patients with multiple
diagnoses were counted under both diseases.

1.6 Haematopoietic stem cell transplantation

Haematopoietic stem cell transplantation (HSCT) is a treatment for a wide range
of diseases, especially haematological and immunological diseases. The primary
purpose is to replace a patient’s damaged or defective stem cells with healthy and
functioning stem cells. The recipient’s own immune cells are often depleted before
the transplant. If the underlying condition is a faulty immune system then the
donor stem cells are intended to replace the recipient’s own immune system, and if
the underlying condition is a haematological malignancy then the donor stem cells
are intended both to treat the disease and replace the recipient’s immune system
(Michel and Berry 2016).

1.6.1 Types of HSCT

There are two primary types of HSCT: allogeneic transplant (stem cell graft comes
from a donor) and autologous (stem cell graft comes from the recipient). Allogeneic
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stem cells can come from bone marrow, peripheral blood, or cord blood, and the
donor may be a family member or an unrelated individual. Autologous transplants
are harvested from the patient’s bone marrow or peripheral blood, treated, and
returned to the patient (Galgano and Hutt 2018). At Great Ormond Street Hospital
for Children (GOSH) in 2018, where all the transplants in this thesis were conducted,
patient survival one year following allogeneic HCST was 79%. For those patients
whose HSCTs were treating HMs, one year survival was 73%, and one year survival
disease-free was 70% (Great Ormond Street Hospital for Children NHS Foundation
Trust 2019).

1.6.2 Conditioning

Conditioning is an immunosuppressive treatment regime which occurs before the
HSCT is given. The purpose is twofold: to eliminate the disease for which the patient
is receiving the HSCT, and to suppress the patient’s immune system sufficiently that
it will not reject the graft upon transplant (Gratwohl and Carreras 2008). Therefore
the needs are different depending on whether the graft is allogeneic or autologous: in
the latter case immunosuppression to prevent graft rejection is not a concern. The
specific conditioning regimen is heavily guided by their age, underlying condition
and health status, but there are broadly three categories of conditioning. These are
myeloablative (MA), non-myeloablative (NMA), and reduced-intensity conditioning
(RIC) (Jethava et al. 2017). MA results in irreversible cytopenia and so necessi-
tates administration of stem cells. NMA does not cause much cytopenia, so stem
cell support is not required. Finally, RIC causes a variable degree and duration of
cytopenia, and so stem cell support is highly recommended (Jethava et al. 2017).

Conditioning generally comes in the form of chemotherapy, immunotherapy and
radiotherapy in some combination. For more details on the drugs and treatments
used, please see (Gyurkocza and Sandmaier 2014; Zulu and Kenyon 2018). Children
can generally tolerate higher doses than adults, though they may experience some
side effects such as disruption to their growth and endocrine development (Zulu and
Kenyon 2018). The use of RIC is especially important for children with primary im-
munodeficiencies and other pre-existing health problems (such as severe infections),
as it can successfully prepare them for allogeneic HCST where they would previously
have been ineligible (Chiesa and Veys 2012).

The choice of conditioning regimen is crucial as it not only affects the success
of the transplant, but it has a role in determining the degree of graft-versus-host
disease (GvHD) which may later develop. Before transplantation, multiple tissues
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of the patient may have been damaged by both the underlying disease, and the con-
ditioning treatment (Kaitin 1991). This damage, and particularly damage to the
gut from conditioning drugs, may increase the translocation of microbial molecules,
which increases the activation of antigen-presenting cells (APCs) in the patient (Hill
et al. 1997). This in turn increases the activation of T cells from the graft (W D
Shlomchik et al. 1999), which may increase the severity of GvHD (Ghimire et al.
2017). Therefore, where it is appropriate for the patient, RIC or NMA may lead to
improved outcomes including for GvHD and for mortality due to HCST (Ghimire
et al. 2017).

1.6.3 Graft-versus-host disease

GvHD is a potentially very serious condition which can occur as a result of HSCT.
GvHD happens when T cells from the graft (the donor’s stem cells) recognise that
the HLA on the patient’s healthy cells are different and attack them (Warren D.
Shlomchik 2007). The degree of reaction is dependent on the degree of HLA dif-
ference between the patient and the graft (Ferrara et al. 2009). This can lead the
graft T cells to mount an immune response against healthy patient cells, which can
cause cell damage. GvHD can affect multiple tissue types (primarily skin, gut, and
liver) and can range from mild to life-threatening (Ghimire et al. 2017). Rezvani
et al. (2012) reported that GvHD is seen in 20-60% of HLA-matched HSCTs, with
higher rates seen with greater mismatch (Ferrara et al. 2009; Rezvani and Storb
2012). However, they also note that GvHD reporting varies depending on the spe-
cific diagnostic criteria used (P. J. Martin et al. 2004; Rezvani and Storb 2012).

GvHD was classically defined as acute (occurring within 100 days of the trans-
plant) and chronic (occurring over 100 days after transplant). However, as the
temporal scale is changed by the use of different conditioning regimens, and with
improved understanding that acute and chronic GvHD may have different underly-
ing pathological processes, definitions have been updated (Rezvani and Storb 2012;
Filipovich et al. 2005). Although there can be some overlap, common manifestations
of acute GvHD include maculopapular skin rash, diarrhoea, nausea, vomiting, and
abdominal pain, and disrupted liver function (often first detected by a rise in serum
bilirubin) (Nassereddine et al. 2017). Chronic GvHD can manifest in fairly simi-
lar ways, although there are some symptoms which are highly indicative of chronic
GvHD. The chronic form is also commonly seen in a wider range of tissues e.g.
eyes, mouth, lungs as wells as skin, GI tract, and liver (Flowers and P. J. Martin
2015). For more details see Filipovich et al. (2005), Flowers and Martin (2015), and
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Nassereddine et al. (2017).

The majority of patients receiving allogeneic HSCT will be given treatment to
prevent GvHD. The method of prevention varies by institution, but two common
options are to deplete the donor graft of T cells before transplantation, and a wide
range and combination of immunosuppressant drugs. T cell depletion before trans-
plant has been reported to reduce the risk of GvHD: for example, Locatelli et al.
(2017) reported that T and B cell depletion in patients receiving haplo-HCST (a
half HLA-matched donor, often a parent) resulted in similar outcomes to patients
receiving fully HLA-matched HSCTs (Locatelli et al. 2017). Some of the most com-
mon drugs used are Ciclosporin (which suppresses T cell production and generally
reduces cell-mediated immune responses), Tacrolimus (which reduces T cell pro-
duction and proliferation), and Mycophenolate mofetil (MMF) (which suppresses
replication in both T and B cells). Different drugs and drug combinations are used
depending on the situation (Choi and Reddy 2014).

Patients vary in their risk of developing GvHD. A greater degree of HLA mis-
match between donor and recipient is associated with greater risk (Ferrara et al.
2009). Older ages of both donor and recipient are also risk factors (Lazaryan et
al. 2016). Conditioning before transplant is also important in the development of
GvHD. It has been reported in some HSCT settings that a higher dose of the condi-
tioning drug MMF results in reduced acute GvHD (Bejanyan et al. 2015). Jagasia
et al. found that the strongest determinants of acute GvHD outcomes were the
type of graft (BM, UCB etc), the conditioning regimen, and the GvHD prophylaxis
regimen (Jagasia et al. 2012). Lee et al. (2013) found that younger age, unrelated
donors, and acute leukaemia (compared to other HM) were the strongest risk factors
for GvHD (S.-E. Lee et al. 2013). The sex of the donor and the recipient may also
be important. Kim et al. (2016) reported that male recipients had poorer outcomes
than female recipients. Furthermore male recipients receiving grafts from female
donors have been reported to have poorer outcomes including higher GvHD than
when receiving grafts from male donors (Arai et al. 2015; H. T. Kim et al. 2016).
No similar effect was seen in female patients.

Graft-versus-tumour (GvT) (and graft-versus-leukaemia) may be a positive ef-
fect of mild GvHD in some cases (Kolb 2008). GvT may confer some protective
qualities against the original malignancy depending on the underlying disease, es-
pecially in cases such as myeloma, leukaemia, and lymphoma (Kolb 2008; Ringdén
et al. 2009). There is evidence suggesting that this is primarily caused by T cells
from the donor (Kotsiou and J. K. Davies 2013). Distinguishing and harnessing
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the positive GvT effect from the deleterious GvHD is a topic of ongoing research
(Kotsiou and J. K. Davies 2013). The optimal balance seems to be to avoid the most
harmful effects of GvHD while maintaining enough activity for the grafted cells to
detect and attack any remaining malignant cells.

1.6.4 HLA matching

Degree and specificity of HLA matching have an important impact on the success
of the transplant, as greater HLA allele mismatch between donor and recipient in
HCST results in poorer outcomes (Ayala García et al. 2012). The gold standard
of allograft matching across the majority of European transplant centres is a 10/10
match (HLA-A, -B, -C, -DRB1, and -DQB1), or an 8/8 match (HLA-A, -B, -C, and
-DRB1) (Tiercy 2016). It has been reported that HLA matching can be less strict
when when using UCB as an HSC source owing to the immaturity of the cells. A
4/6 match (HLA-A, HLA-B, and HLA-DRB1) is permissible, and the outcomes are
similar to matched unrelated grafts, though there is a higher risk of non-relapse mor-
tality (Abutalib and Hari 2017). Lee et al. (2007) reported that just one mismatch
(7/8) was associated with a lower survival rate (43%), more severe GvHD, and a
higher mortality rate as a result of treatment. More mismatches further lowered
the survival rate. However, for disease relapse, engraftment, and chronic GvHD, no
statistically significant difference was found between 7/8 and 8/8 matches (S. J. Lee
et al. 2007).

HLA-matching is only part the picture when predicting outcomes from HSCTs.
Patient-related factors such as age, disease diagnosis and stage, and infection status
are important predictors of transplant success. Patient outcome may be improved
by performing a transplant early in the disease, and a mismatched donor early in
the disease course may lead to a better outcome than fully matched donor once the
disease is very advanced (S. J. Lee et al. 2007). UCB is often readily available and
may be a better option for some patients rather than waiting a long time to find a
fully-matched donor.

1.6.5 Umbilical cord blood transplantation

Umbilical cord blood (UCB) HSCs are one source option for some diseases including
genetic immune disorders, lymphomas and leukaemias, and are an alternative to
bone marrow transplants (Ballen, Gluckman, et al. 2013; Munoz et al. 2014). The
high numbers of haematopoietic stem cells left in the umbilical cord and placenta
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are utilised for this procedure. HSCs sourced from UCB are an alternative to bone
marrow, and have the benefits of being readily accessible as well as not being an
invasive procedure for the donor, as the cords are simply donated to a cord blood
bank after birth (Munoz et al. 2014).

The best chance for a successful allogeneic HSCT is for patients to receive an
allograft from a HLA-matched sibling. However, there is only a 25% chance of a
given sibling being is HLA-identical (Gragert et al. 2014; Koh and N. Chao 2008).
Therefore, the majority of HSCT allografts come from a different source, generally
UCB, a partially matched family member, or a matched unrelated individual.

There are several challenges to obtaining an allograft from a matched unrelated
individual. It can be a lengthy and expensive process, which includes finding, screen-
ing, and then collecting the allograft (Koh and N. Chao 2008). This can be especially
problematic for critically ill patients who may die before a suitable allograft can be
found. Finally, there is a discrepancy in how likely it is to find a phenotypically
matched unrelated donor between different racial and ethnic groups: Gragert et al.
(2014) estimated that in the US the likelihood of finding an optimal allograft for
white patients of European descent was 75%, while for patients of South or Central
American descent the likelihood was 16% with other groups having intermediate like-
lihoods (Gragert et al. 2014), and similar rates were previously reported by Beatty
et al. (1995).

GOSH has an International and Private Patients Service, so the ethnic diversity
of patients receiving treatment here is broad. Patient demographics reported in 2018
from GOSH showed that 46% of the in-patients recorded their ethnic background
broadly as white. The largest non-white groups in 2018 were Middle Eastern/Arab
States, Black African, other Asian, Pakistani, and Indian (Great Ormond Street
Hospital for Children NHS Foundation Trust 2019).

The discrepancy in allograft availability between ethnic groups is likely to occur
for several reasons, including varying rates of HLA polymorphism in different ethnic
groups, and differing sizes of bone marrow registries amongst different racial and
ethnic groups (Beatty et al. 1995; Koh and N. Chao 2008). However, Beatty et al.
(1995) showed that even if the bone marrow donation registries were the same size
for all racial groups, the discrepancy between different racial and ethnic groups in
finding an optimal donor for HSC from bone marrow would remain (Beatty et al.
1995). This highlights the need for other sources of HSC.
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It is reported that a double-unit UCB transplant is associated with higher rates
of GvHD than single-unit UCB transplant, though this can be partially mitigated
by an effective GvHD prophylaxis regimen (Ballen, Spitzer, et al. 2007; Cutler et al.
2011). However, single-unit UCB transplants usually contain an adequate number
of HSCs for paediatric transplants, like those in this thesis. Additionally, rates of
chronic GvHD are reported to be lower in recipients of either single or double unit
UCB transplants despite the fact that HSCTs from UCB can tolerate a wider HLA
mismatch than from bone marrow (Stanevsky et al. 2009).

Different sources of HSCs for transplant have different costs and benefits, and
there are several possible reasons for the differences between HSCs from UCB and
HSCs from other sources such as related or unrelated bone marrow grafts (Beksac
2015). Beaudette-Zlatanova et al. (2013) compared the recovery of patients who
had received HCSs from sibling bone marrow, unrelated matched donor bone mar-
row, or UCB. Higher levels of circulating B-cells were found in the UCB transplant
recipients in the first 9-12 months compared to both bone marrow transplant groups
(Beaudette-Zlatanova et al. 2013). Their other findings included a higher rate of
infection in the UCB recipients during the first year post-transplant, and a lower
level of circulating T-cells in the first 3-6 months compared to the two other bone
marrow transplant groups. As a result it was hypothesised that B cells, in addition
to T cells, may be influencing the recovery trajectory of UCB transplant recipi-
ents (Beaudette-Zlatanova et al. 2013). This is supported by work from Savaria et
al. (2016), which suggests that UCB is enriched with IL-10-producing B-regulatory
cells (Mizoguchi and Bhan 2006), and levels found in patients post-transplant were
higher than in either the patients before transplant or in the peripheral blood of
healthy donors (Sarvaria et al. 2016). This was hypothesised to be at least partly
protective against chronic GvHD in recipients of UCB transplants. It is also sug-
gested that grafts from UCB may have increased levels of NK cells (Dalle et al. 2005).

Given the difficulty in locating and acquiring HSCs from bone marrow for a
large proportion of patients requiring a HSCT (Beatty et al. 1995; Gragert et al.
2014; Koh and N. Chao 2008), it is likely that further understanding the differ-
ences between different sources of HSC and increasing UCB banks and access to
UCB transplants would increase the number of patients to get potentially lifesav-
ing HSCT treatment. Although UCB transplants are currently considered to be
sub-optimal compared to bone marrow transplants due to prolonged immune recon-
stitution (Ogonek et al. 2016), for the reasons discussed above it is possible that
UCB may be the first choice source of HSC for transplants in some contexts, includ-
ing paediatric leukaemia patients (Stanevsky et al. 2009).
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1.6.6 TRECs

T-cell receptor excision circles (TRECs) are small DNA rings created in the thy-
mus, and signal that T cell maturation is occurring. They are a useful measure of
immune reconstitution as they are consequence of TCR rearrangement in the thy-
mus during the maturation of T cells (Weyand et al. 2005). TRECs are subject to
intracellular degradation and TREC levels can be diluted by T cell division in the
periphery, and thus are not always a direct indicator of thymic output (Al-Harthi
et al. 2000). However, TCR sequencing is similarly affected by this dilution. Be-
yond this, TRECs are not considered recent thymic emigrants due to naïve T cell
longevity in the periphery, and, the assay for TRECS provides a quantitative mea-
sure of TRECs per million CD3 T cells, so it may not be possible to measure in
patients with lymphopaenia due to the low number of cells (Al-Harthi et al. 2000).
There are also more practical considerations to TRECs assay data: the timing of
sample collection affects the assay result, as does the environmental temperature.
While they can be a good measure of thymic output, there are certain factors which
may affect reliability including the decreasing thymic output with age (Weyand et
al. 2005). TRECs are a useful measurement of thymic output, but the limitations
must be known in order to maximise the utility of the data. Thus, there is great
value in using other methods of monitoring immune reconstitution in tandem with
TREC analysis, such as the high-throughput TCR sequencing in this project.

1.6.7 Immune reconstitution following transplant

Immune reconstitution describes the restoration of immune system function. Im-
mune reconstitution following HSCT can vary in both speed and success, depending
on several factors, thus the period of immunodeficiency following transplantation
can be variable. These factors include the source of the HSC, both the in vitro and
in vivo treatment of the graft, the severity and treatment of graft versus host dis-
ease (GvHD), degree of HLA-matching, age at transplant, infection and severity of
infection during recovery, and the residual thymopoiesis of the transplant recipient
(Chiesa, Gilmour, et al. 2012; Danby and V. Rocha 2014; Seggewiss and Einsele
2012). The rate of reconstitution, and particularly CD4+ T cell reconstitution, has
been shown to be predictive of mortality regardless of graft source. HCSTs from
UCB compared to bone marrow (BM) have been reported to have delayed immune
reconstitution (Ogonek et al. 2016), though not in all lymphocyte subsets (Niehues
et al. 2001). Thus further understanding the process of immune reconstitution after

85



UCB HSCT is of clinical importance.

Figure 1.8: Immune reconstitution following UCB HCST, figure from Danby and
Rocha (2014). Phases and particular susceptibilities are shown on the upper row,
and kinetics of cell population reconstitution on the lower row.
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Figure 1.9: Immune reconstitution following UCB HCST, figure from Stern et al.
(2018). The canonical reconstitution trajectories of immune cell subsets following
HSCT. The pre and post transplant factors and events, and interventions reported
to influence immune reconstitution are indicated.

Following allogeneic HSCT, innate immunity recovers first, followed by adap-
tive immunity. This immune reconstitution occurs through three phases. The first
stage is pre-engraftment, approximately from day 0 (transplant day) to day 30, and
is a severely neutropenic phase following pre-operative conditioning (Ogonek et al.
2016). Neutrophil engraftment, defined as the first of three consecutive days with
peripheral neutrophil count > 0.5 x 109/L, occurs approximately 21 (BM) or 30
(UCB) days after transplant (Danby and V. Rocha 2014; Hutt 2018; Seggewiss and
Einsele 2010; Wolff 2002). During this time the HSCs begin to engraft and differ-
entiate in the bone marrow, and the patient is at risk particularly of fungal and
bacterial infections (Danby and V. Rocha 2014). Engraftment syndrome (ES) is a
serious condition which can occur around the time of engraftment. It is thought
to be a result of the pro-inflammatory state around this time, and is characterised
by symptoms such as fever, pulmonary oedema, liver and kidney problems, and en-
cephalopathy (Chang et al. 2014; Hutt 2018).

The second phase is day 30 to 100 days post HSCT (the engraftment phase),
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during which patients are particularly vulnerable to viral disease or reactivation and
acute GvHD, as the natural killer (NK) and T cells are still recovering (Ogonek et
al. 2016). NK cells recover approximately 30 - 100 days post HSCT (Ogonek et al.
2016; Somers et al. 2013).

The third phase is post-engraftment, which refers to the time more than 100 days
after the transplant. During this time the most prevalent complications are chronic
GvHD and viral infections (Ogonek et al. 2016). T cells are the last major branch
of the immune system to recover post HSCT, with immune deficits both functional
and quantitative noted for two years after the transplant (Stern et al. 2018).

1.6.8 T cell reconstitution following transplant

T cell population recovery following HSCT depends on several factors, including the
graft type and the ancillary treatments. There are two main pathways: thymic-
independent, and thymic-dependent. Thymic-independent T cell reconstitution
comes from graft-derived memory/effector T cell proliferation (if the graft is not
T-cell depleted), and from any remaining T cells of the host which have not been
ablated (Danby and V. Rocha 2014; Elfeky et al. 2019). This results in a contracted
TCR repertoire, though will generally include both CD4+ and CD8+ T cells. The
ratio of CD4/CD8 T cells in healthy individuals is variable owing to factors includ-
ing age, infection status, genetics and ethnicity (Amadori et al. 1995; Howard et al.
1996), but is usually reported as between 1.5 and 2.5 (McBride and Striker 2017).
The CD4/CD8 ratio is usually inverse (< 1 (McBride and Striker 2017)) during
thymic-independent reconstitution as the CD8+ population proliferates faster than
the CD4+ population (Seggewiss and Einsele 2010), possibly in response to the lym-
phopaenic environment (Elfeky et al. 2019). In UCB transplants, the donor T cells
upon which the thymic-independent pathway depends are primarily naïve, so they
must be activated before they can proliferate. Further to this, the T cells from UCB
grafts are also reported to have lower transcription factor and cytokine expression
(Kaminski et al. 2003). For these reasons, severe T lymphopaenia is seen early after
UCB transplant and is associated with diminished immune function and increased
risk of viral infections (Danby and V. Rocha 2014).

The second pathway results in long-term adaptive immune function in the recip-
ient. HSCs from the graft settle in the BM and produce haematopoietic progenitor
cells which then move to the thymus and develop into T cells. This stage is of
paramount importance, as it controls the tolerance of the developing donor T cells
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to the recipient’s self-antigens (Elfeky et al. 2019). Naïve T cells with TRECs (Sec-
tion 1.6.5), indicating that the cells are recent thymic emigrants, are generally seen
approximately 3 - 6 months after a UCB transplant (Clave et al. 2013), although
TRECs have also been reported as appearing later, approximately 9 -12 months
after UCB transplant (Ruggeri et al. 2011).

CD8+ T cells tend to be the dominant T cell population for approximately the
first six months post transplant, and the thymic-derived population begins to nor-
malise between 3 and 12 months following transplant (Elfeky et al. 2019). Naïve
CD4+ T cells (generated in the patient) are first seen approximately six months af-
ter transplant, though it can be as early as 3 months in very young patients (Heimall
and Cowan 2017), and continue to accumulate for several years after the transplant
(A. K. Klein et al. 2001). For these reasons, the CD4+/CD8+ ratio may be inverse
for multiple years after the transplant (Stern et al. 2018). This inversion is usually
seen following HSCT from BM and sometimes UCB (Girdlestone et al. 2020; Maury
et al. 2001; Rénard et al. 2011), but is not always seen following HSCT from UCB
(Elfeky et al. 2019)

Elefky et al. (2019) report that the TCR repertoire is often disrupted in the
first three months, but resolves approximately 6-12 months following transplant.
The increase in CD4+ T cells derived from stem cells is quicker in children than in
adults, likely as a result of the decrease in thymic activity seen with age (Geddes
and Storek 2007; Weinberg et al. 2001).

CD8+ T cell reconstitution can be defined as the inversion of the usual CD4
+/CD8+ ratio (< 1 (McBride and Striker 2017)), which usually occurs around 3
months post transplant (Ogonek et al. 2016). CD4+ T cell reconstitution is defined
as return to the reference range of CD4+ T cells/L for the child’s age (Heining et al.
2007). This can take up to two years after the transplant (Elfeky et al. 2019), al-
though it can be achieved by one year (Heining et al. 2007). Admiraal et al. (2016)
consider CD4+ T cell reconstitution to have been reached once there have been two
consecutive measurements of CD4+ cell count reaching 0.05 x 109/L within 100 days
after transplant (Admiraal et al. 2016).

Although not as widely studied as bone marrow transplants, several studies have
assessed the recovery of patients after cord blood transplants (Ballen, Gluckman,
et al. 2013; Cutler et al. 2011; Munoz et al. 2014; Tsai et al. 2016). One of the
reasons why immune reconstitution using UCB as a source is generally slower than
after BM is that the total nucleated cell (TNC) dose is lower in UCB compared to
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BM grafts; and TNC/CD34+ cell dose is reported to play an important role in both
likelihood and speed of engraftment (Seggewiss and Einsele 2010)

In summary, immune - specifically T cell - reconstitution is a slow process.
TRECs, an indication that the thymus is producing naïve T cells originating from
the graft, are low following transplant and generally begin to increase around 3 -
6 months after HSCT (Toubert et al. 2012). The thymic-dependent CD8+ T cell
population generally recovers between 3 and 12 months following transplant (Elfeky
et al. 2019). The thymic-dependent CD4+ T cell population may recover enough
to give functional immunity approximately 6 -12 months post transplant (Simons
et al. 2019), but to achieve naïve CD4+ T cell population polyclonality - a varied
repertoire of clonotypes whose lengths form and approximately Gaussian distribu-
tion (Sufficool et al. 2015) - and quantitative normality can take two years (Elfeky
et al. 2019; Heining et al. 2007).

1.7 Human Immunodeficiency Virus

Human Immunodeficiency Viruses (HIV) are retroviruses, members of the lentivirus
genus, and are a single-stranded enveloped RNA virus. HIV causes immunodefi-
ciency in infected individuals, and over time, this can lead to acquired immunodefi-
ciency syndrome (AIDS) if untreated. HIV infects immune cells including CD4+ T
cells, leading to their depletion, and subsequently patients become more susceptible
to opportunistic infections and some cancers due to the impairment of the immune
system. This progressive loss of immune system function means that AIDS can be
fatal.

1.7.1 World-wide pandemic

Over 32.7 million people globally have died from HIV, or HIV-related disease such
as opportunistic infections (UNAIDS 2020). It is an ongoing problem: at the end of
2019 there were approximately 38 million people living with HIV, including 1.7 mil-
lion who were newly infected (UNAIDS 2020). In the same year 81% of people with
HIV were aware of their status. Of those people, 82% were receiving anti-retroviral
therapy (ART), and 88% of those receiving ART had achieved viral suppression
(UNAIDS 2020). UNAIDS has announced a 95 - 95 - 95 by 2030 aim to improve
the outcomes measured by these metrics. These goals are to have 95% of all people
living with HIV to know their HIV status, for 95% of those people diagnosed with
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HIV on consistent ART, and for 95% of those on ART to have viral suppression by
2030 (UNAIDS 2015).

Including all HIV positive people regardless of knowledge status, approximately
25.4 million people were receiving ART at the end of 2019 (67% of HIV+ individ-
uals). Importantly, 85% of HIV positive pregnant women had access to HIV treat-
ment, which can prevent the transmission of HIV to their baby (UNAIDS 2020).
This is a crucial population to target, as the majority of children with HIV are
infected through vertical transmission during birth or through breast milk (G. M.
Shaw and Hunter 2012).

1.7.2 Strains

There are two types of HIV: HIV-1 and HIV-2. Both types cause progressive dam-
age to immune function, and can result in death. HIV-1 is pandemic and progresses
more quickly (Esbjörnsson et al. 2019), whereas in HIV-2 the loss of CD4+ T lym-
phocytes is slower (Drylewicz et al. 2008), and it is mainly found in West Africa
(Esbjörnsson et al. 2019). There are similarities between HIV-1 and HIV-2 including
routes of transmission and the capability of causing AIDS, though key differences
in areas such as clinical progression, epidemiology, diagnosis, natural history, and
treatment (Campbell-Yesufu and Gandhi 2011). For more details on the two types
of HIV and how they differ, see Esbjörnsson et al. (2019), Gao et al. (1999), and
Santiago et al. (2005). This project concerns HIV-1 infections, which will be here-
after referred to as HIV.

1.7.3 Transmission

HIV is transmitted through bodily fluids, which can contain both infected immune
cells, and free virus particles. Sexual contact is a frequent transmission mode; blood,
semen, vaginal fluids, and pre-ejaculate can all transmit HIV (G. M. Shaw and
Hunter 2012). Medical interventions such as PReP can hugely reduce the risk of
transmission between sexual partners where one of them is HIV positive (Blumen-
thal and Haubrich 2013). Mother-to-child transmission is also a known transmission
route (vertical transmission); this can occur during the pregnancy, through blood
or vaginal fluids when giving birth, and through breast milk (Cao et al. 1997). For
further information about HIV transmission see Patel et al. (2014), Scott and Wu
(2019), and Shaw and Hunter (2012).
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1.7.4 HIV replication

The life cycle of HIV is complicated, and its duration and the consequences can be
variable depending on the immune cells targeted, as well the activation of those cells
(Coffin et al. 1997).

Figure 1.10: Key stages of the HIV-1 replication cycle. These include binding, fusion,
uncoating, RNA and protein release, RNA reverse transcription, pre-integration
complex (PIC) formation, translocation to the nucleus, integration of viral DNA into
host DNA, transcription and translation resulting in new viral RNA and proteins,
and new virus particle assembly, release and maturation. Elements in green boxes
indicate classes of HIV treatment. Image from Barré-Sinoussi, Ross, and Delfraissy
(2013).

Following a transmission event, the virion enters target cells by binding to the
receptor CD4 (Dalgleish et al. 1984), which is present on some immune cells in-
cluding CD4+ T cells, dendritic cells, macrophages, and monocytes. This binding
is followed by binding to a cellular co-receptor. Depending on the viral tropism,
the cellular co-receptors are most commonly CCR5 or CXCR4 (Klasse 2012; R. A.
Weiss 2013). The HIV replication cycle once in the cell is generally well charac-
terised (Arhel 2010; Blanco-Rodriguez et al. 2020; Coffin et al. 1997; Craigie 2012;
Simon et al. 2006), although recent findings indicate that paradigm is still evolving
(Burdick et al. 2020). After the viral DNA has been integrated, the host cell irre-
versibly has the potential to produce more virus particles (Coffin et al. 1997). The
replication cycle can be seen in Figure 1.10. For more details on the HIV replica-
tion cycle, see Barré-Sinoussi, Ross, and Delfraissy (2013), Blanco-Rodriguez et al.
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(2020), and Burdick et al. (2020).

1.7.5 Infection and latency

Acute infection follows the transmission event (Hernandez-Vargas and Middleton
2013), and within approximately three weeks the virus has replicated sufficiently
to be detected (Keele et al. 2008). Patients may experience symptoms including
fatigue, fever, and rashes lasting approximately 2 - 12 weeks (An and Winkler
2010; Hernandez-Vargas and Middleton 2013; Kahn and Walker 1998). Macrophages
(Philpott 2003) and dendritic cells (Kassutto and Rosenberg 2004) are among the
first cell types encountered in the initial infection. These act as reservoirs of HIV,
and facilitate the spread of the virus to lymph nodes and T cells around the body
(Castellano et al. 2019; Kassutto and Rosenberg 2004; Kumar and Herbein 2014).
The co-receptor preference, or tropism, in the majority of new infections is for CCR5
as this is how the CCR5-tropic virus is preferentially transmitted (G. M. Shaw and
Hunter 2012). CCR5 is present on many immune cells including dendritic cells,
macrophages, and T cells (Berger et al. 1998). In this phase, there is a peak in HIV
viraemia, which is disseminated around the body (Fauci et al. 1996), and a drop
in CD4+ T cells (An and Winkler 2010). A schematic of HIV pathogenesis can be
seen in Figure 1.11.

This infection process establishes a latent proviral reservoir early in HIV in-
fection, when the reverse-transcribed viral DNA is integrated into the host DNA of
CD4+ T cells during HIV replication. After a naïve CD4+ T cell has been activated
by antigen exposure and proliferated to produce effector cells, and the antigen threat
has been resolved, the majority of the proliferated cells die. The cells which survive
stay on as memory T cells, allowing a fast response if the antigen is encountered in
the future (MacLeod et al. 2009; Ruelas and Greene 2013). The memory T cells can
remain quiescent and in circulation for years, and HIV proviruses integrated into
their cellular DNA can remain as a reservoir of HIV virus (Dahabieh et al. 2015).
If the cells are later activated by factors such as antigen or cytokine exposure, the
latent HIV proviruses are also reactivated and can produce new HIV viral particles
(Ruelas and Greene 2013). Though this mechanism HIV can remain latent in the
human body for long time periods, which helps it evade eradication and results in
the persistence of HIV infection.
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Figure 1.11: Schematic of the HIV infection process from transmission to death in
an untreated individual. Figure from An and Winkler (2010), which was adapted
from Fauci et al. (1996).

Following the initial infection is a phase of clinical latency, in which CD4+
T cell count rises to near normal levels, and the HIV viraemia greatly reduces.
The duration of clinical latency will differ depending on individual factors (Fauci
2003), but is generally seven to ten years. During this time, patients generally do
not experience symptoms, but HIV will continue to replicate and infect new cells
(Hernandez-Vargas and Middleton 2013), as well as remain latent and quiescent in
CD4+ memory T cells (Dahabieh et al. 2015). There can be a change in tropism;
five years after transmission 50% of patients will have viruses which can use CXCR4
as a co-receptor and may or may not continue to also use CCR5 (Berger et al. 1998).

After the period of clinical latency, there is a decrease in the CD4+ T cell count,
and a rise in HIV viraemia. As it progresses, AIDS may develop, which is defined
by the WHO as either CD4+ T cells are present at less than 200/µl due to HIV
infection, or WHO clinical stages 3 or 4 (WHO 2007). When CD4+ T cell count
is less than 200/µl, the cell population cannot function effectively, as they cannot
recognise the broad range of antigens entering the body. Chronic inflammation and
immune activation is persistent in HIV infections, caused by factors including mi-
crobial translocation, repeated antigen stimulation from HIV viraemia, and thymic
dysfunction (Zicari et al. 2019). These, the CD4+ T cell loss, and a set of AIDS-
defining illnesses, are processes classically associated with the progression to AIDS
(Chen et al. 2015; Djawe et al. 2015; WHO 2007). If untreated, the average time
from infection to AIDS in humans is two to fifteen years (Bhatti et al. 2016), though
this is partially dependant on the HIV subtype, as some subtypes appear to be more
virulent. The average time to death is 12 months to 2 years once the disease has
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progressed to AIDS, if untreated (Poorolajal et al. 2016).

1.7.6 Anti-retroviral treatment

Since the 1990s anti-retrovirals (ARV) have been developed to target and reduce
HIV infection at different stages of the replication cycle. Whilst anti-retroviral
treatment (ART) cannot currently cure HIV, it can suppress the viral load and pro-
mote immune health. Suppressing the viral load can also minimise the risk of HIV
transmission. The campaign “Undetectable = Untransmittable” (U=U) promotes
the understanding that HIV is not transmittable when HIV viral load is undetectable
(below 200 copies/mL) (Bereczky 2019). Presently, ARVs must be taken daily to
be effective, and people taking ART consistently can, in many cases, expect to have
near normal life expectancies (Bhatti et al. 2016). However, the pathogenesis of
HIV infection can vary between patients, so the therapy too must differ given these
different medical needs. For further details on ARVs and their targets, see Figure
1.10 and Bhatti et al. (2016).

Whilst ART suppresses HIV replication, it does not eradicate HIV, which re-
mains latent and immunologically inert in cells such as the CD4+ memory T cells,
and HIV infection can reactivated from these cells (Dahabieh et al. 2015). Therefore
these regimens require strict adherence for maximum efficacy and to minimise drug
resistance, but can come with a range of side effects. Factors such as socioeconomic
status and social stigma can also contribute to variable adherence to ART (Bhatti
et al. 2016). Therefore, it is important to better understand the effects of disrup-
tions to treatment.

There are many known adverse reactions to a variety of HIV drugs, which in-
clude skin rashes, anaemia, neutropenia, thrombocytopenia, hepatic dysfunction,
osteopenia, osteoporosis, osteonecrosis, insulin resistance, diabetes mellitus, lactic
acidosis, peripheral neuropathy, and pancreatitis (Bhatti et al. 2016; Mothi et al.
2011; Renju et al. 2017). When the drug toxicity is mild, the drug is not usu-
ally substituted, but appropriate medication for symptom reduction may be given.
Moderate toxicity reactions do not require cessation of ART, but usually either a
change to a drug in the same class but with different known toxicities, or a change
to a drug of a different class. If the toxicity is severe or threatens life, treatment is
stopped and the patient monitored until the toxicity has resolved (Mothi et al. 2011).

With treatment, people can survive over 10 years after the onset of AIDS, in
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contrast to approximately the 2 years without treatment (Poorolajal et al. 2016).
Earlier treatment yields more positive results, and many people living with HIV
and on consistent treatment can now have near-normal lifespans, although life ex-
pectancy is still lower than in the general population (C. A. Sabin 2013). While ART
has led to improvement in life expectancy and quality of life for millions of people,
more research is still needed both to better understand the role of ART and to fur-
ther disseminate it and make treatment more available to more HIV positive people.

1.7.7 HIV in paediatric patients

There is a high burden of HIV in children worldwide. As of the end of 2019 there
were approximately 1.8 million children living with HIV, and approximately 150,000
were new infections in 2019 (UNAIDS 2020). About 300 children die every day from
HIV infection and the associated complications and opportunistic infections. A large
number of these occur in regions with high poverty: 90% of cases are in sub-Saharan
Africa (DNDi 2019).

Some aspects of HIV progression differ in paediatric infections compared to
adults. While the symptoms are the same as in adults, paediatric HIV infections
progress faster (Prendergast et al. 2012), and HIV+ children’s physical growth is
not as fast as age-matched HIV- children, and their weight is also below normal.
Mothi et al (2011) also reported that, compared to adults, children infected with
HIV present with high viral replication rates, very high viral loads, high levels of
CD4+ T cells and viral mutation, increased speed of disease progression, but also a
strong immunological response to ART (Mothi et al. 2011).

Fortunately, ART has allowed HIV to, in many cases, become a chronic illness,
rather than a diagnosis leading to inevitable fatality. This is true for adult and
paediatric cases, and is especially important as many children living with HIV con-
tracted it around the time of birth. Violari et al. (2008) show that the initiation of
ART early in life can reduce both morbidity and mortality (Violari, Cotton, Diana
Gibb, et al. 2008). Furthermore, there are cases showing children given ART early
can maintain prolonged viral control (Kuhn et al. 2020; Violari, Cotton, Kuhn, et al.
2019). Gibb et al (2003) followed paediatric HIV patients in the UK and Ireland,
and found that hospital admission rates, progression to AIDS, and mortality have
substantially declined since the introduction of ART (Gibb, Duong, et al. 2003).

Unfortunately, there are still many challenges surrounding paediatric HIV. Firstly,
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mother-to-child transmission is still high, especially in areas with limited resources.
These HIV infected children are left with the burden of a lifelong ART regimen,
which can be complex to manage, as well as psychosocial and neuro-cognitive bur-
dens (Mothi et al. 2011). ART dosing also differs depending on the size and weight
of the child. HIV affects more than just children’s physical health. Many children,
both HIV positive and negative, are orphans as a result of HIV. This opens them up
to a wide spectrum of risks, and especially if they are also HIV positive: they may
have more trouble accessing the necessary medical care and other forms of support
(Leyenaar 2005). Depending on their environment, they may also face a degree
of social stigma, and they may lose education opportunities due to these factors
(Campbell et al. 2010).

As of 2010, the World Health Organisation recommended that ART be initiated
for all HIV infected children under two years of age. This was recommended regard-
less of the individual’s CD4+ cell count, or clinical staging. This is due to the high
mortality rate in young children, as well as the established limitations in estimating
the immunological status from the CD4+ cell count in this age group.

Successful HIV suppression requires consistent and high levels of adherence over
a lifetime (Mannheimer, Matts, et al. 2005; Mannheimer, Friedland, et al. 2002;
Paterson et al. 2000). This is challenging enough for an adult, but has further
challenges in paediatric settings. Not only must ways be found to consistently give
infants, children, and adolescents the ART regimen, but in many cases they will be
on this intense drug regimen for their whole lives, with many patients experiencing
a range of side-effects (Renju et al. 2017). Therefore, it is unsurprising that a break
in this regimen may be particularly welcomed by young patients.

1.7.8 Planned treatment interruption

Patients may have to be temporarily taken off ART treatment due to side effects,
and adherence to the ART can be difficult to maintain (Bhatti et al. 2016; Harrison
et al. 2013). However, it is important to evaluate this in the context of children, and
their differential response to HIV infection. The SMART study followed individuals
(median age 46 years) for three years, during which time patients were randomised
to be continually treated with ART, or to have a planned treatment interruption
(PTI). The trial was halted early due to safety concerns: in adults, PTIs led to
higher rates to HIV-related events/deaths, as well as a lower quality of life rating
by patients (Strategies for Management of Antiretroviral Therapy (SMART) Study
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Group et al. 2006). The PENTA 11 study was initiated to evaluate the efficacy of
CD4+ level guided PTIs in children.

There are several reasons why, both virologically and immunologically, HIV infec-
tions and aptitude for treatment interruptions may be different in children compared
to adults. It has been established for some time that children under the age of three
years have higher rates of naïve CD4 cells under ART than older children, and this
rate is much higher than in adults (Gibb, Newberry, et al. 2000; Steinmann 1986).
This can be due to the higher thymic output reported in children (Douek et al.
1998). The CHER trial investigated the effects of early or delayed ART in infants,
and results indicated that control of the viraemia at an early age with primary ART
permits longer interruptions later on with no excess disease progression: suggest-
ing once the immune system is more developed these early treated children may be
able to control HIV better, even with treatment interruption (Cotton et al. 2013;
N. Klein et al. 2013). Data such as this from the CHER study is one part of the
evidence suggesting that children may respond differently to a treatment interrup-
tion than adults. If children have been on treatment for an adequate length of time,
their immune system has had the chance to continue developing. Thus they have
managed to recover/grow a large pool of naïve T cells, which may allow them to
better tolerate the treatment interruption (Cotton et al. 2013; N. Klein et al. 2013).

Studies on treatment interruptions in adults show a marked and progressive loss
of CD4+ cells, despite there also being evidence of elevated CD4+ cell turnover.
This cell turnover does not appear to be enough to make up for the CD4+ cell
loss (Thiébaut et al. 2005; Davey et al. 1999). However, in children, as indicated
by the PENTA 11 study, the elevated cell turnover does appear to be able to keep
pace with the CD4+ loss after the first few months, at least for the duration of the
interruption in this study (N. Klein et al. 2013).

1.8 Bioinformatic and statistical methods

1.8.1 Challenges

Challenges inherent to the analysis of diversity may vary depending on the study,
but some are largely universal.
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Known unknowns

A primary example of this is the “unseen species problem”. In ecology this pertains
to the species which have not been detected in a study, and how best to estimate
the species richness of this population (Orlitsky et al. 2016). This can be used to
estimate how many more species would be detected with further sampling, which
can guide decisions on whether a system has been adequately sampled. Diversity
estimators vary in their robustness to under-sampling (Azovsky 2018). These esti-
mators have wide utility in estimating species richness in most biological systems,
including those studied in this thesis, but it is not practicable or possible to cata-
logue the complete biological diversity (Orlitsky et al. 2016). It is also important
to remember when characterising these highly diverse systems that absence of evi-
dence is not evidence of absence: not detecting a species in a sample does not mean
that it was definitely not present. Methods such as DivE (Laydon, Bangham, et al.
2015) and Recon (Kaplinsky and Arnaout 2016) (Section 1.8.3) aim to address this
challenge.

Input and output

A causal association between the quantity of biological input and the quantity of
data output in HTS studies is both logical and supported by evidence: more RNA
or DNA, within reasonable levels, should increase the quantity of data resulting
from sequencing (Gkazi et al. 2018). Therefore, samples in a study with reduced
biological input are likely to result in fewer sequencing reads. However, there is
often library size variation in the results (Koch et al. 2018).

Some variability between input and output may be for technical reasons, and
introduced in the library preparation stage: decisions and indeed inconsistencies in
this stage can cause critical differences in the sequencing results (H.-P. Chao et al.
2019). Differences based on read length (Jiang et al. 2011) and sequencing error
(Marioni et al. 2008) may also contribute. At least some of the mechanisms behind
this variation from different library preparation protocols are still unknown (H.-P.
Chao et al. 2019). However, biological factors may also affect sample size. Hansen
et al. (2011) reported that RNA quantification between samples may be varied
because the expression is variable between tissue types. Problems with the quality
of DNA/RNA can also have an impact on the library size as sequenced. There is
increasing demand for protocols to sequence low biomass samples successfully, often
from rarer cell populations and single cells (H.-P. Chao et al. 2019; Shanker et al.
2015) so honing techniques which target these samples with very little RNA or DNA
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is ongoing.

In the following two TCR studies (Chapters 6 and 7), three different groups of T
cells are studied: PBMCs (peripheral blood mononuclear cells), which may include
any T cells with α and β chain receptors, CD4+ naïve T cells, and CD8+ memory
T cells. T cells generally contain approximately 1-2 picograms of RNA per cell,
which is approximately ten times less than cells which proliferate rapidly (J. Wang
et al. 2019). Furthermore, naïve T cells are reported to contain low levels of RNA.
This, along with their limited population numbers (J. Wang et al. 2019), can make
it a challenge to sequence the T cell receptors of these populations. On a more
basic level, the further the T cell population is subdivided, the smaller these cell
populations become. Consequently, both the input and the output of samples con-
taining either CD4+ naïve T cells or CD8+ memory T cells would be expected to be
smaller than those of samples from PBMCs using the same blood volume. PBMC
samples contain populations of both the above cell types, as well as other subpop-
ulations. Therefore, it is important to consider not just the statistical suitability
of an approach, but also the underlying biology (Hansen et al. 2011) and whether
approaches like rarefying may confound the biological reality of the study. In this
thesis all the samples not only come from immunocompromised children, and in sev-
eral of the studies have a condition which may suppress the biological communities
under analysis: antibiotics in the gut microbiome, and immunosuppressants/HSCT
and HIV in the TCR repertoire. Making a comparison statistically fair will be the
aim, without the cost of distorting the biological question.

It is clear, then, that there is variability, for both technical and biological reasons,
in the relationship between biological input (DNA/RNA input) and data output (li-
brary size after sequencing) in HTS studies. However, even though the one is not
a straightforward indicator of the other, within reason more DNA/RNA input will
result in a greater number of sequencing reads.

Library size and subsampling

Unequal library sizes between samples after HTS is well documented, even some-
times by several orders of magnitude (Koch et al. 2018; Thorsen et al. 2016; Zvyagin
et al. 2014). This is a common situation; in some settings sample size can be set
through study design, but in many cases it cannot be controlled. For example pa-
tients may withdraw from a randomised controlled trial, or variable sample sizes may
(and often do) result from HTS. It has long been reported that differences in sample
size can bias the calculation of α-diversity (Lande 1996; McMurdie and S. Holmes
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2014). When sample size variation is moderate little may need to be done (Schulz
and Grimes 2002). When variation is higher, such as by orders of magnitude seen
in HTS (Thorsen et al. 2016), the data need to be treated accordingly (McMurdie
and S. Holmes 2014).

Variability in sample read count from HTS, and the optimal methods to mitigate
it, is under ongoing discussion in many research communities, and there is a plethora
of approaches and methods available (Bender et al. 2018; Kaplinsky and Arnaout
2016; Love et al. 2014; McMurdie and S. Holmes 2014; A. D. Willis 2019). The
raw data can be used, which may be appropriate if sample size variation has little
effect on results, or the analysis is not quantitative (Heather, Best, et al. 2016). The
data can be normalised so the samples are all on the same scale, such as propor-
tional abundance. This can be appropriate for comparing microbiome composition,
though it does not address the heteroscedasticity of the data (McMurdie and S.
Holmes 2014). “Rarefaction”, or subsampling, is an approach which has been pro-
posed to address this issue. In ecological settings, this generally involves selecting a
sample size near or below that of the smallest sample in a group, and randomly se-
lecting data-points in each sample to reach that threshold (A. D. Willis 2019). This
process can be performed iteratively in order to calculate an average (Hughes and
Hellmann 2005). The data-points above this threshold are discarded (Sanders 1968).
As reported by de Cárcer et al. (2011), subsampling is often employed through the
rationale is seldom explained. In this thesis, where subsampling is shown it is em-
ployed as described here and the rationale is as those authors hypothesised: to find
a compromise between sample and data loss, and make equitable comparisons be-
tween samples (Cárcer et al. 2011). Subsampling is intended to counteract the effect
of varied sample sizes (S. Weiss et al. 2017) and reduce incorrect inferences based
on small sample size (A. D. Willis 2019). However, it is not always necessary, and
comes at the cost of data loss, and poor detection of differentially abundant species
(A. D. Willis 2019). Most saliently of all, it may introduce new biases by altering
community structure in the rarefied samples in ways which can be difficult to detect
(McMurdie and S. Holmes 2014; A. D. Willis 2019). There are also models which
can be used for a range of different analyses which incorporate read count variabil-
ity, such as that in DESeq2 (Love et al. 2014). All methods have strengths and
limitations, and thus the suitability of each approach with the data, the analysis,
and the question must be considered before an approach is selected, and the same
approach will not always be appropriate.

The UMI stage in the Decombinator pipeline (Section 1.4.13) mitigates the ef-
fect of PCR duplication (Heather, Best, et al. 2016). However, the variable library
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sizes still present an analytical challenge. The need to exclude low abundance sam-
ples, or to subsample to an even library size, so as not to bias repertoire analysis
must be balanced with maintaining the biological integrity of the samples. Both T
cell patient populations are immunocompromised, either through HIV infection, or
from HSCT and the associated immunosuppressive drugs. Therefore, at times in
both of these longitudinal studies, true T cell levels in these patients are likely to be
depleted, so that to subsample to an even library size across samples risks misrep-
resenting the effects of immunosuppression on the TCR repertoire. Furthermore, in
the microbiome study, the patients are often on multiple antibiotics which are likely
to deplete the gut microbiota.

Heather et al. (2016) studied the TCR repertoires in HIV+ adults newly on
ART, compared to HIV- adults. They did not subsample their data, nor did they
report removing any low abundance samples. They reported lower library sizes and
lower α-diversity in the samples from the HIV+ individuals. In order to understand
whether these differences in library sizes were the reason for the reduced diversity
seen in the HIV+ individuals, they subsampled to a library size of 5,000. This pro-
duced a similar scale of diversity reduction between groups, and thus they continued
their analysis using the raw data (Heather, Best, et al. 2016). Other publications
have reported subsampling repeatedly to a depth of 5,000 for diversity estimation
(Joshi et al. 2019), or that random subsampling to a depth of 1,000 produced simi-
lar patterns of repertoire divergence and sharing to the whole data despite variable
library size (Khosravi-Maharlooei et al. 2019).

For the above reasons, the majority of the results in this thesis have not been
rarefied, in order to maintain clarity and to avoid introducing new biases into the
data depending on the sample abundance structure, which can be difficult to detect
(A. D. Willis 2019). However, variability in sample size is a limitation in these
studies and needs to borne in mind when interpreting results. Thus, for direct di-
versity comparisons in the TCR studies, data have been compared as both raw and
subsampled. In the future, more methods which can accommodate unequal sample
sizes without subsampling would be preferable.

A mix of different strategies was therefore used across this thesis in order to make
both maximal and fair use of the available data. For direct comparison of individuals
using diversity metrics in the T cell studies, the data were subsampled so that the
library sizes were equal when samples were compared. Raw and subsampled data
were compared with each other, and as they primarily yielded similar results the
raw data were generally used. To quantify differential abundance between groups, a
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model was applied through DESeq2 to normalise the data in Chapter 4. A model to
estimate missing species was applied using Recon (Kaplinsky and Arnaout 2016) in
Chapter 5. Finally, for analyses such as sharing and persistence, and some diversity
comparisons, the raw data were used, expressed as percentages or proportions in all
projects.

1.8.2 Diversity indices

Gini coefficient

The Gini coefficient is a measure of statistical dispersion developed originally to
measure economic distribution, specifically inequality (Gini 1912). The scale ranges
between 0 and 1, with a result of 1 indicating a highly unequal distribution and
0 a completely equal one (Bellù and Liberati 2006). In the context of biological
diversity analysis, it can be used to gauge the inequality of the frequency distribu-
tion of different clonotypes or OTUs in a sample, and summarize the distribution
of abundance. Therefore if all “species” in a population have the same abundance
that will produce result of 0, and if all the abundance in a sample comes from one
“species” that would produce a result of 1. This metric is particularly useful as
it summarizes the distribution of abundance in a sample without giving weight to
total abundance; this makes the Gini coefficient more robust to variable samples
sizes than some other metrics (Yitzhaki and Schechtman 2013), though richness can
affect estimation when samples have extremely low richness

There are several different ways to calculate and express the Gini coefficient and
associated statistics (Yitzhaki and Schechtman 2013). Classically the Gini coefficient
calculation relies upon the calculation of the Lorenz curve, which is a probability
curve showing the distribution of abundance across the “species”. The further this
curve is from perfectly even distribution, the more unequal the population. This
distance is then used to calculate the Gini coefficient. The Gini coefficient can also
be implemented without direct reliance on the Lorenz curve (Zeileis 2014).

Shannon entropy

Shannon entropy as a diversity measure comes from information technology research
by C. Shannon. As a diversity measure Shannon entropy incorporates evenness
(equality of abundance distribution) and richness (number of different “species”)
(Shannon 1948), and gives greater weighting to rare species than some similar met-
rics, such as Simpson’s index (Simpson 1949). Higher values represent greater rich-
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ness and evenness.

Chao1 index

Chao1 is an ecological diversity measurement in which the numbers of singleton and
doubletons occurring in a sample are particularly crucial to the overall diversity
calculation (A. Chao 1984). This is classically used to estimate how many of the
species actually present in a field survey have been captured by the methods em-
ployed, with the number seen only once or twice used to estimate how many may not
have been detected at all. Higher Chao1 index therefore represents higher diversity.
In the context of TCR repertoire diversity, the Chao1 index extrapolated from a
sample will not be representative of the diversity of the entire individual (Laydon,
Bangham, et al. 2015), despite its intention, because of the challenges in estimating
total TCR repertoire in an individual. Nonetheless, it is still a useful tool for com-
parison when used in conjunction with the diversity measurements shown above as
it provides a way to estimate a population size through the sample structure.

Summary of diversity metrics used

Table 1.3 shows a summary of the possible outcomes from the different diversity
metrics and their indications.

Table 1.3: The indications of the diversity metrics used in this thesis, implemented
as above.

Diversity
metric

Numerical
range

Indication

Chao1 Not bounded Higher values indicate higher estimated
diversity

Observed Not bounded The number of species detected in a
sample

Shannon Not bounded Higher values indicate higher estimated
diversity and evenness

Gini 0 - 1 Values closer to 1 indicate higher un-
evenness, values closer to 0 indicate
lower unevenness
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1.8.3 Statistical methods

ANOSIM

Analysis of similarities (ANOSIM) originated in ecology, and is a non-parametric
method to test the null hypothesis that similarity is higher (or equal) between groups
in the dataset rather than within groups (Clarke 1993). Thus this test shows whether
the samples within a group defined by a chosen variable are more like each other,
than like samples from outside the groups. A dissimilarity matrix must be calcu-
lated to use ANOSIM. Multiple methods for calculating the matrix are available.
The R value can range between -1 to 1 with a more positive number indicating
greater similarity within groups. A negative value indicates more similarity between
groups. The significance of the R is calculated by permuting the data (Oksanen
et al. 2019).

Linear modelling

Linear modelling tests whether a single independent variable can be used to predict
the behaviour of a dependent variable. This gives a variety of outputs including the
residuals, F-statistic, residual standard error, and the adjusted R-squared. Resid-
uals represent the distance between the dependent values provided and the values
predicted by the model. The F-statistic indicates how well the independent vari-
able predicts the dependent variable, with higher values close to 1 regarded as good
prediction. The residual standard error is a metric representing the quality of the
model fit. The adjusted R-squared, ranging between 0 and 1, shows how well the
model fits the specific data; 0 indicates that the dependent variable does not at all
explain the variance of the independent variable, while 1 indicates that 100% of the
variance in the dependent variable is explained by the independent variable.

Spearman’s rank correlation coefficient

Spearman’s rank correlation coefficient is used to explore the correlations between
two different variables measured in a sample, when the data are not normally dis-
tributed (Spearman 1904). The distribution of the data can be tested using the
Shapiro-Wilk test for normality. Spearman’s rank correlation coefficient is a non-
parametric measure of the monotonic relationship between two continuous or ordinal
variables (Daniel 1990). The outcome is always between 1 and -1, with a coefficient
close to 1 indicating a strong and positive relationship between the variables, and a
coefficient close to -1 indicating a strong and negative relationship. A coefficient of
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0 indicates no relationship between the variables.

t-SNE

t-Distributed Stochastic Neighbour Embedding (t-SNE) is a method for the visual-
isation of high-dimensional data (Maaten and Hinton 2008). It is a way of showing,
in a two-dimensional figure, data which can have more dimensions, even thousands.
A key element of this algorithm is a parameter known as “perplexity”, which is
set by the user according to the required level of focus between local and global
relationships in the data (Wattenberg et al. 2016). Applying different perplexity to
the same data will therefore produce different clustering results. It is also a non-
deterministic algorithm: applying it to the same data multiple times will not result
in exactly the same outcome. The algorithm also runs through an iterative process,
so that stopping the process before the results stabilise will produce a different re-
sult. Depending on the data, results from different runs may produce fairly similar
plots, or ones which differ greatly (Wattenberg et al. 2016).

Several further features of t-SNEs are important for correct interpretation. Firstly,
because the algorithm adapts to local and global distances, relative differences in
cluster sizes cannot be seen. Additionally, the distances between clusters will vary
depending on perplexity, and therefore may not be meaningful on their own (Wat-
tenberg et al. 2016). Further, random noise may look more meaningful than it is
(Wattenberg et al. 2016). Therefore, it is critical to know how t-SNEs behave be-
fore applying them to results. Wattenberg et al. (2016) and Maaten et al. (2008)
provide further details on t-SNEs and their application.

Missing species estimation

Recon (Reconstruction of Estimated Communities from Observed Numbers) (Kaplin-
sky and Arnaout 2016) was used to estimate the number of “missing species”, which
here are CDR3 clonotypes. The Recon algorithm estimates the population distri-
bution of a given sample from the known number of species and species counts. It
is derived from the expectation-maximization algorithm (McLachlan and Krishnan
2008), and assumes that the overall repertoire from which the sample was drawn is
both well mixed and much larger than the sample (Kaplinsky and Arnaout 2016).
An initial estimation of the distribution is updated through iterative comparison
with the sample distribution. This is continued, and additional parameters are
added, until the distribution cannot be further improved without overfitting. This
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produces a clone-size distribution which is statistically the most likely of the gener-
ated distributions to produce the sample distribution (Kaplinsky and Arnaout 2016).

As input Recon takes a text file listing the species and their abundance, which in
this case was a list of CDR3 sequences and their abundance in each sample. There
are three main parameters which can be customised when running Recon. The bin
size sets how many times the same “species” can be observed in a given sample. The
parameter limit gives the maximum number of parameters which can be added in
order to improve the fit, as the algorithm will continue to include more parameters
until the Akaike Information Criterion (Akaike 1998) suggests that further parame-
ters will not improve the fit, or would result in overfitting (Kaplinsky and Arnaout
2016). The default is 20, which is seldom reached. The threshold sets a size thresh-
old for error, such that larger thresholds are more computationally demanding but
more accurate. For example, if the threshold is set at 30 and CDR3 sequence X ap-
pears 30 times in the sample, the algorithm assumes that there is no CDR3 sequence
Y also with an abundance of 30 which has not appeared or appears only with very
low abundance in the same sample. This comes from the assumption of the reper-
toire being well-mixed before sampling (Kaplinsky and Arnaout 2016). The default
setting is 50, though Kaplinsky and Arnaout (2016) report that 30 gives good results.

1.8.4 MAPseq

MAPseq is a framework for assigning taxonomic status quickly and accurately to
16S rRNA gene sequences. It works by comparing query sequences against a ref-
erence set of 16S rRNA gene sequences with known taxonomic status, with a high
quality cluster of OTUs which had previously been generated (Matias Rodrigues
et al. 2017). For each taxonomic level of classification, a confidence score is calcu-
lated. This is done independently to control for misclassification due to an erroneous
assignment to a sequence within the reference set, and for misclassification because
there is no appropriate sequence in the reference set.

The authors previously optimized identity cutoffs for a given taxonomy at each
taxonomic level (Matias Rodrigues et al. 2017) and these are used to compare the
search sequence against the reference sequence, and quantify the difference based
on the given taxonomic level. This gives a measure between zero and one of how
well the two sequences match, with higher values indicating a closer match (Matias
Rodrigues et al. 2017). Therefore if this score is small, there are no reference se-
quences which match well to the search sequence, decreasing the confidence in the
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taxonomic assignment.

To calculate confidence based on potential misclassification of the search se-
quence within the reference sequences, the alignment of the search sequence with
the closest two hits in the reference set is calculated. This difference between these
matches gives a confidence score between zero and one, with a larger score indicat-
ing a greater difference between the two matches (Matias Rodrigues et al. 2017).
If there is little difference in how well the search sequence matches several of the
closest match, then this suggests less confidence in the taxonomic assignment. If the
top hit is the best match in the reference set of sequence by a large margin, than
this gives greater confidence in the taxonomic assignment. In cases where different
taxonomic clades have similar sequences, such as in the V4 region of the Clostridi-
aceae, Enterobacteriaceae, and Peptostreptococcaceae families (Jovel et al. 2016), the
confidence score will be reflective of the difficulty in discerning taxonomy, as the top
matches will be highly similar.

The combined confidence score brings together the above two measures into an-
other value between zero and a score which encompasses both possible routes to mis-
classification. Matias Rodrigues et al. (2017) used F1/2-score (which is the weighted
harmonic mean of precision and recall) to assess the performance of MAPseq. Based
on their evaluations they recommended a combined confidence cut-off point of 0.5
or 0.4, as this resulted in the highest F1/2-score during the benchmarking process
(Matias Rodrigues et al. 2017). Thus a combined confidence score (cf) cutoff of
0.4 was used in this thesis, and taxonomic identification with a cf above that were
considered likely to be accurate.

1.9 Aim

The aim of this PhD undertaking is to interrogate the diversity of a variety of bi-
ological datasets, explore the biological aspects of diversity, and further examine
the role of diversity in health and disease. This will be accompanied by some con-
ceptual exploration of the methods of biological diversity analysis, and some of the
bioinformatic methods which can be used to preprocess this kind of data. Three
main datasets will be used in this project to illustrate and validate the conceptual
work. These main data sets are the gut microbiomes of paediatric patients receiving
transplants to treat a range of underlying pathologies, TCR repertoires following
UCB transplantation in paediatric patients, and the changing TCR repertoires of
paediatric patients with HIV undergoing a PTI.

108



These varied datasets are of interest to this project as they provide different ques-
tions and possibilities for diversity analysis. The paediatric HSCT study (Chapters
3 & 4) allows the opportunity to examine how the gut microbiome changes over the
course of the transplant and recovery process, and how various factors such age, in-
tercurrent viral infections, and antibiotic administration may affect the microbiome
composition. The methodological work in Chapter 5 further illuminates the way
Decombinator can be used to process TCR data, and aims to explore pre-processing
and diversity in TCR repertoire data. The CBT TCR repertoire dataset (Chap-
ter 6) can be used to analyse diversity over time in patients, and to explore the
interplay between TCR repertoire diversity and various factors encountered during
post-transplant reconstitution, including major virus infections and GvHD, and to
the best of this author’s knowledge has not yet been explored in as great detail
as here. Finally, the HIV TCR (Chapter 7) project allowed a new perspective on
the dynamics and interplay of HIV infection and the human TCR repertoire, as well
as an examination of the long term effects of the treatment interruption in fine detail.

This thesis is intended to be both methodological and biological in contribution.
Methodological work will be illustrated using data from the three main projects,
and address methodological questions which arose during the PhD. Project-specific
biological questions are explored in each of the projects, through three relevant and
detailed case studies into biological diversity.

Overall this thesis has been an exercise in examining diversity in the human
body in many different ways, and some of the tools which can be used to explore
this diversity. It has also been an opportunity to shine a light onto some the ways in
which some of aspects of biological diversity interact with human health and disease,
as well as hopefully to open up some avenues on how the study of diversity may be
used to improve paediatric health.
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Chapter 2

Methods, materials, and patients

Three main sub-projects were undertaken, making up the overall project reported in
this thesis. The methods common to two or more chapters or multiple sub-projects
will be described in this chapter, while methods specific to a particular chapter will
be presented in the applicable chapter. When referred to in shorthand, the paedi-
atric gut microbiome after transplant study will be known as CVG, the cord blood
transplant study as CBT, and the HIV treatment interruption study as PENTA.
Collaborators for each project will be named and linked to their primary institution
and department at the time of collaboration.

2.1 Statement of Ethics

Below are the details of the ethical approval granted to each of the studies presented
in this thesis.

2.1.1 CVG

This study was granted ethical approval by NRES Committee London - Brent (ref-
erence 14/LO/1331). Study Title: Chronic Viral Gastroenteritis in post-transplant
patients (CVG). All data were in anonymised form when made available to the the-
sis author.

2.1.2 CBT

The patients in this study were inpatients at Great Ormond Street Hospital, and
were anonymised for use in this study. This study was approved by National Re-
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search Ethics Service, NRES Committee London - Bloomsbury (05/Q0508/61).
Eighteen patients contributed 65 samples to this study, and additionally 3 pre-
transplant cord blood samples were also included. Six control cord blood samples
(not used in the transplants) and eight control samples from four healthy adults
were included. Sample handling conformed to the GOSH immune reconstitution
study ethics.

2.1.3 PENTA

The patients in this study were children recruited in the PENTA 11 trial (trial num-
ber ISRCTN36694210), coordinated by the PENTA-ID network. In the UK this
study was granted ethical approval by Trent Multicentre Research Ethics Commit-
tee (MREC), and in Italy, ethical approval was granted by the Comitato Etico per
la Sperimentazione, Azienda Ospedaliera di Padova. The ethics committees of all
participating centres approved the study, and all parents gave written consent, as
did the children if appropriate for their age/knowledge of their HIV status.

2.2 Gut microbiome following HSCT (CVG)

Below are the methods relating to the study of the paediatric gut microbiome during
HSCT; the data was used in two chapters (Chapters 3 & 4). Sample collection and
extraction, library preparation, and sequencing were carried out by collaborators.

2.2.1 Study cohort

Stool samples were collected from the patients before the transplant, on the day of
the transplant, and at various points (for clinical and practical reasons, not con-
sistently the same points across the patient group) during their recovery. Samples
were collected by nursing staff while the children were in-patients, and by parents
after discharge, which took place at variable times following transplant, according
to clinical judgement.

Fifty-nine patients were enrolled in this study, and 315 stool samples were col-
lected. Enrolment and stool collection took place between June 2015 and January
2017. For 47 of these patients a minimum of one sample was successfully sequenced.
A subset of 20 patients was studied in detail as they had a minimum of three sample
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time points. A summary of the samples in this study is presented in Figure 2.1.

Figure 2.1: The progression of samples through the study analysis, from patient
recruitment to sample analysis. Graphic by T. Attenborough.

Of the 47 patients, 43% (20/47) were male and 57% (27/47) were female. They
ranged in age between 6 months and 15 years at the time of transplant, with a
median age at transplant of 3 years. 40.4% (19/47) were being treated for a haema-
tological malignancy (HM), 23.4% (11/47) for a primary immunodeficiency (PID),
6.4% (3/47) for a metabolic disorder (MD), 10.6% (5/47) for a kidney disease (KD),
and 19.1% (9/47) for a heart disease (HD). The details of the underlying conditions
can be seen in Table C.1.

179 of the samples collected (56.8%) did not contain enough DNA to allow se-
quencing. Following the first round of PCR, samples were checked for DNA concen-
tration and these 179 returned negative results. Thus, they either did not contain
bacterial DNA, or the quantity was below the limit of detection. They were there-
fore not included in the second round of PCR.
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Consequently, for 27 patients, only one or two of their samples were sequenced.
Whilst data from these samples were retained for overall data analyses, and for
specific time point analyses, they were omitted for individual patient analyses, for
which three time points were set as a minimum. Twenty patients out of 47 met this
criterion. This subset of patients was used in the majority of the analyses.

In this subset of 20 patients, the median age at transplant was 1 year and 9
months. 40% (8/20) were male and 60% (12/20) were female. 50% (10/20) were
being treated for an HM, 45% (9/20) for a PID, and 5% (1/20) for an MD. This
subset differs from the larger set in several ways. While the sex ratio is similar,
the median age at transplant is considerably younger. The percentage of patients
being treated for an HM, and especially for a PID is much higher. None of the
kidney or heart transplant patients could be included in this subset; in two of these
cases, omission was due to patients giving a pre-transplant sample but not in the
end receiving a transplant.
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(b) Patients studied in detail.

Figure 2.2: Population pyramids showing the patient group in this study. Left figure
shows all patients with a least one sample utilised and the right figure shows the
patients for whom there were at least three samples.

The population pyramids in Figure 2.2 show the structure of this patient group
by both age and sex. This study is weighted towards younger patients, and has
17 female and 12 male in the larger study group, and 11 female and 4 male in the
focused study. There were two 15 year old patients on the main study group, but
neither had enough samples for the subgroup study. In the subgroup, the majority
of the younger patients were female, and the majority of the older patients were male.

The median day of neutrophil engraftment was day 20 after transplant, and the
range was between 9 and 43 days. 75% (15/20) of patients exhibited some signs
of GvHD, while 25% (5/20) had no GvHD. 60% (12/20) of the patients had skin
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GvHD, 5% (1/20) had gut GvHD and 10% (2/20) had both skin and gut GvHD.
65% (13/20) of the patients survived beyond the study period. 40% (8/20) received
their stem cells from peripheral blood, and 40% (8/20) from bone marrow. One
patient’s transplant came from cord blood, one had gene therapy, and for two the
source of stem cells was unknown. 90% (18/20) of the patients had at least one in-
fection during the study period, while no infections were recorded for the remaining
10% (2/20). Further details can be seen in Tables C.2, C.3, and C.4 in Appendix C.

2.2.2 Sample collection and storage

Samples were collected on the ward by research nurses, or sent in by parents fol-
lowing discharge from hospital. The samples went into OmniGut within two hours
of collection, and were aliquoted and frozen within a week. The aim was for each
enrolled patient to collect the following samples: pre-transplant, day 0, week 1, week
3, week 5/month 1, month 2, month 3, month 4, month 5, month 6, month 7, month
8, month 9, month 10, month 11, and month 12.

While many of the target samples were collected, many were not. This was
generally due to either the patient not producing a specimen during the window
for collection, or the patient having been discharged. It was generally much more
difficult to acquire the samples once the patients left hospital and the onus was on
the parents to collect the samples and post them to the research team. They were
provided with specimen collection tubes, instructions and stamped addressed en-
velopes, and were shown by the research nurses how to collect specimen into tubes.
For a summary of samples see Figure 2.1.

Forty of the 136 samples were collected from nappies, while 24 of the 136 were
confirmed not collected from nappies. How many of the remaining 72 samples were
collected from nappies is not recorded, though 31/72 came from patients under 2
years of age, so are likely to have come from a nappy. Overall at least 52.2% (71/136)
of the samples are likely to have come from nappies. This may have affected the
sample quality or composition.

Two pre-transplant samples were collected from patients who did not have trans-
plants. Conditioning usually occurs from 7 -10 days before transplant, so samples
collected in this time window could be affected by the preconditioning regimen.

The samples were originally labelled by the week or month after transplant they
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were collected (e.g. week 1, month 3). I restructured this to measure the samples
by days post-transplant. Thus day 0 is the day of the transplant, negative numbers
represent the number of days before the transplant the sample was collected, and
positive numbers represent the number of days afterwards.

2.2.3 Extraction, library preparation, and 16S rRNA gene
sequencing

16S rRNA gene sequencing of the V5-V7 region was used to characterise the micro-
biome from these samples. For full details on DNA extraction, library preparation,
and 16S rRNA gene sequencing, see Appendix D.

2.2.4 Virus PCR

PCR was performed by GOSH Virology laboratory as part of routine clinical sup-
port. The PCR results for the study patients were exported from the laboratory
records by Dr Julianne Brown (GOSH, Microbiology, Virology and Infection Con-
trol). Several different viruses were tested for: norovirus (group 1), norovirus (group
2), rotavirus, adenovirus, astrovirus, and sapovirus. The metric used is cycle thresh-
old (CyT), which is the number of PCR cycles needed to amplify the virus to the
detection threshold. Therefore, smaller numbers represent higher levels of virus
in the blood, as fewer cycles are needed to reach the detection threshold. In this
study, the maximum number of PCR cycles was set at 45, so if no virus was de-
tected at 45 cycles, that sample was marked as ’not detected’. CyT values are a
quasi-quantitative measure of virus copies in the patient, and they are comparable
to each other: a difference of 1 in CyT value is approximately comparable to a 2
fold difference in abundance, and a difference of ≈ 3 in CyT value (technically 3.3)
is approximately comparable to a 10 fold difference in abundance. Viral infections
of patients were quantified using the CyT values.

2.2.5 Bioinformatic pipeline

315 samples were collected from 59 patients, and at least one sample was successfully
sequenced from 47 patients. For 20 patients, three or more samples were success-
fully sequenced. This subset of patients, and the 102 informative samples which they
contributed, were studied in detail. Three mock communities and seven negative
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controls were also used. A graphic summary of this process can be seen in Figure 2.1.

The first step was to trim the indexes of the sample reads resulting from the 16S
rRNA gene sequencing. This was undertaken by Dr Ronan Doyle (GOSH, Micro-
biology, Virology and Infection Control). I performed the remaining bioinformatic
processing. FLASH was used to join the fragments from R1 and R2. vsearch was
then used to filter the extended sequences, excluding any with over 1 expected er-
ror, and, since the expected length of the V5 - V7 gene is 369nt, any that were less
than 360 or more than 380 nt. vsearch was also used to dereplicate the sequences.
The number of unique sequences across all the samples was 934,145. vsearch was
used to precluster the sequences at 99% similarity, and detect and remove chimaeric
sequences (Rognes et al. 2016).
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Figure 2.3: The 16S rRNA gene sequencing bioinformatic workflow used in the
paediatric microbiome study (CVG). Graphic by T. Attenborough.

Using Perl, all the non-chimaeric, de-replicated, non-singleton sequences were
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extracted (Edgar 2013). This was done using map.pl, which was written by the
vsearch team (Matias Rodrigues et al. 2017). Finally, MAPseq (Matias Rodrigues
et al. 2017) was used to assign taxonomic status to each OTU, with a combined
confidence score (cf) cutoff of 0.4.

Figure 2.4: The progression of OTUs through the bioinformatic pipeline, showing
several stages of quality control and contaminant removal. Graphic by T. Attenbor-
ough.

Further details on the bioinformatic processing are available in Chapter 3 Section
3.2.

2.3 TCR repertoire following HSCT using cord
blood (CBT)

Below are the methods relating to the study of the TCR repertoire following HSCT
(Chapters 5 & 6), as seen in Gkazi et al. (2018). Sample preparation, library prepa-
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ration, and sequencing were carried out by collaborators. All further bioinformatic
processing and analysis was undertaken by the author, unless specified.

2.3.1 Study population

The sequencing was performed on peripheral blood mononuclear cells (PBMCs). For
the patient samples, excess blood from diagnostic procedures was utilised. For the
adult control samples 10mL of blood was collected from which PBMCs were isolated.

The patients in this study all received an allogeneic HSCT from umbilical cord
blood and the samples were collected in the months following. They received the
transplant to treat a range of underlying conditions including MHC class II de-
ficiency, severe combined immunodeficiency (SCID), and a variety of myeloid and
lymphoid leukaemias. 56% (10/18) of the patients had a haematological malignancy,
38.9% (7/18) had a primary immunodeficiency, and 5.6 %(1/18) had a metabolic
disorder. 44.4% (8/18) were female. The ages of the patients at the time of trans-
plant ranged between 3 months and 7.5 years, with a median age of two years.

61.1% (11/18) received full myeloablative conditioning, while 38.9% (7/18) had
reduced intensity conditioning (for more details see Section 1.6.2). The recorded
days of immunosuppression ranged from 29 to 499, with a median of 235.5 days.
83.3% (15/18) patients developed some degree of GvHD: 16.7% (3/18) in the liver,
33.3% (6/18) in the gut, and 77.8% (14/18) on the skin. 77.8% (14/18) of the pa-
tient had at least one viral infection during the study. 16.7% (3/18) of the patients
died. For more details on the conditions see Section 1.5 and Table B.1, and for
clinical details on individual patients see Appendix E Tables E.1, E.2, and E.3.

Figure 2.5 shows a population pyramid showing the age (by year) and sex distri-
bution in this study. For the purposes of this pyramid a patient would be considered
as belonging to the lower bracket of their age until they passed into the next e.g.
a 22 month old patient would be presented as age 1. The age for each patient was
recorded at the time of transplant.
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Figure 2.5: Population pyramid showing the age and sex of the patients in this
study.

The population was weighted towards younger (3 years and below) patients and
the sex ratio was varied by age.

2.3.2 Sample preparation

The samples were gathered by Dr Stuart Adams (GOSH, SIHMDS-Haematology).
After PBMCs were isolated from blood, Qiagen RNA blood Mini kit (Qiagen, 52304)
was used to extract the RNA. Two samples, month 6 and month 8 from patient D,
were also separated into CD4+ and CD8+ T cell subsets before sequencing, though
they were bioinformatically recombined for the majority of analyses. RQ1 DNase
(Promega) was used on the RNA according to the manufacturers’s instructions, to
eliminate any remaining genomic DNA.
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2.3.3 Library preparation and sequencing

The library preparation used in this study followed the protocol developed in Prof
Benny Chain’s (UCL, Infection and Immunity) group and, described in Oakes et
al. (2017). For the CBT study it was done by Dr Athina Soragia Gkazi (UCL
GOS ICH, Infection, Immunity and Inflammation) and Ms Lana Mhaldien (GOSH,
SIHMDS-Haematology). An Illumina MiSeq, with a version 2 chemistry 2x250PE
kit, was used and no more than 12 final amplicon products (12pM concentration)
were pooled and loaded together for each run. For more details, see Appendix F. I
processed the files, producing both CDR3 and VDJ format data for all samples.

2.4 Decombinator

The T cell receptor repertoires for both T cell projects were sequenced using an Il-
lumina MiSeq. The companion laboratory protocol for these studies was performed
in accordance with the protocol created for use with the Decombinator software
for bioinformatics analysis (Oakes et al. 2017; Thomas et al. 2013). The resulting
libraries were demultiplexed using Decombinator (Section 1.4.13), a pipeline for use
in Python 2.7.11 (Thomas et al. 2013). There were a maximum of twelve samples
per MiSeq run, identified and demultiplexed using dual-end indexes and the De-
multiplexor.py script. Version 3 was used in both studies in this thesis as it was
the most up-to-date version available when these studies were conducted. For more
details on Decombinator, see Section 1.4.13. At the time of writing, Decombinator
version 4 with a Python 3 implementation is now available.

2.5 Treatment interruption in children with HIV
(PENTA)

Below are the methods relating to the study of the TCR repertoire in paediatric
patients with HIV having a planned treatment interruption (PENTA 11, Chapters
5 & 7). Sample preparation, library preparation, and sequencing were carried out
by collaborators. All further bioinformatic processing and analysis was undertaken
by the author, unless otherwise specified.
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2.5.1 PENTA 11 patients

The original randomised controlled multicentre study recruited 109 patients (planned
treatment interruption (PTI) n = 53, continuously treated (CT) n = 56). To be
eligible for the study, the HIV+ children had to be aged between 2 and 15 years old,
have an age-appropriate CD4+ cell count, as well as on an ART plan made up of
three or more drugs for at least 24 weeks (Harrison et al. 2013). To prevent adverse
outcomes, if the any of the PTI patients’ CD4% fell below 20% at any time, or once
their 48 weeks had elapsed, they were put back on their ART regimen (N. Klein
et al. 2013). The patient summary can be seen in Figure 2.6.

PENTA 11 was a multi-centre randomised Phase II trial to assess any disadvan-
tage (clinical, virological, or immunological) induced by a planned ART interruption.
This interruption was CD4-driven; CD4+ T cell count was monitored throughout
and the children were placed back on ART if their CD4+ T cell count dropped
below 20% (N. Klein et al. 2013). These children were aged between 2 and 15 years
at the study initiation, and came from three continents: Thailand (23), USA (4),
and Europe (83). To be eligible, they had to have a suppressed viral load (<50
copies/mL), as well as CD4% at least 30% (for children aged 2 - 6), or CD4% at
least 25% and at least 500µl CD4+ cells/L (for children aged 7 or above) (Harrison
et al. 2013). The median age was 9 years old, and the median CD4% was 37%.
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Figure 2.6: Attributes of the patients enrolled in the original PENTA 11 study.
Table from Klein et al. (2013).

The study in this chapter was a continuation of the original PENTA 11 study,
using frozen PBMC samples from 9 patients (PTI n = 4, CT n = 5), with the goal
of gleaning any more information about the immunological effects of treatment in-
terruption using updated methods to examine the TCR repertoire. The median age
in the PTI group was 9.5 (IQR 8.97 - 10) and in the CT group was 8 (7.5 - 9.8)
(K Schou Sandgaard et al., submitted). The CD4+ cell/µl count for the PTIs at
baseline was 965 (IQR 870 - 1085) and for CTs was 1365 (IQR 1197.5 - 1471), and
the HIV RNA copies/mL was for the PTIs 50 (IQR 50 - 50, and for the CTs 50
(IQR 50 - 52.5) (K Schou Sandgaard et al., submitted). No further information was
specifically known for the 9 patients in this study.

2.5.2 Sample collection

Initially whole blood samples were collected in ethylenediaminetetraacetic acid (EDTA),
and peripheral blood mononuclear cells (PBMCs) were isolated using Ficoll-Hypaque
(Lymphoprep) density gradient centrifugation. Following this, the samples were
aliquoted and frozen in liquid nitrogen. Samples were collected by the PENTA 11
team (Gibb, Newberry, et al. 2000).

Four samples each of CD4+ and CD8+ T cells were available per patient un-
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dergoing the treatment interruption: Week 0 (still on ART, have been for at least
24 weeks), Week 12 (off ART for 12 weeks), Week 48 (have been off ART for 48
weeks, about to recommence treatment), and Week 150 (at least three years after
recommencing ART). Patient K resumed ART after 24 weeks on PTI as their CD4+
count fell below 20% and thus their second interruption sample was collected at 24
weeks, but the second interruption point will be henceforth referred to as week 48
for regularity across the patients.

Samples were available from five of the continuously treated patients, although
unfortunately only 2 - 3 samples per patient. For the CD4+ samples, there were
three CT patients with samples from weeks 0 and 150, and two with samples from
weeks 0, 48, and 150. For the CD8+ samples, there was one CT patients with sam-
ples from weeks 0 and 150 one with just from week 0, and two with samples from
weeks 0, 48, and 150.

2.5.3 Sample extraction and sequencing

The laboratory protocol for this study, including RNA isolation and sequencing,
followed that described in (Oakes et al. 2017). The subset of samples used for this
study were thawed and flow sorted into naïve CD4+ (CD45RA+, CD45RO-), and
memory CD8+ (CD45RO+, CD45RA-) T cell populations using as FACSAria III,
and henceforth these subpopulations will be referred to as naïve CD4+ and memory
CD8+. RNA was extracted from the subpopulations, and HTS was performed on an
Illumina MiSeq following Oakes et al. (2017). The laboratory stages of this project,
also including FACS sorting of T cell subpopulations, RNA extraction, PCR, and
sequencing were carried out by Dr Katrine Schou Sandgaard (UCL GOS ICH, In-
fection, Immunity and Inflammation), Ms Rose Gkouleli (UCL GOS ICH, Infection,
Immunity and Inflammation), and Dr Athina Soragia Gkazi, and the full details can
be seen in Appendix G.

2.5.4 Analysis methods

The Decombinator pipeline, as described in Sections 1.4.13 and 2.4, was used for
processing the data files produced by the MiSeq (Illumina), and to prepare the files
in an appropriate format for import into R. For this study I received the data as
CDR3 and VDJ files, which were produced from MiSeq data files by Dr Katrine
Schou Sandgaard using the AutoTCR implementation of Decombinator written by
Dr Ben Margetts (UCL GOS ICH, Infection, Immunity and Inflammation) (Mar-
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getts 2019). R was then used to conduct the analysis.

2.6 Programming languages and packages

A variety of programming languages were used in the analysis of the data generated
by the laboratory work described above. R Statistical Computing (version 3.6.3)
was the primary programming language used for all studies reported in this PhD
thesis. In addition, Python (version 2.7.11) was used for running scripts associated
with both the Quantitative Insights Into Microbial Ecology (QIIME) (Caporaso et
al. 2010), and the Decombinator (Thomas et al. 2013) pipelines. Perl was used to
run MAPSeq.

The R packages ggplot2 (version 3.2.1) (Wickham 2016), phyloseq (version 1.14.0)
(McMurdie and S. Holmes 2013) and DESeq2 (version 1.14.1) (Love et al. 2014), im-
munarch (Nazarov and Rumynskiy 2020), and the tidyverse (Wickham et al. 2019)
were used particularly broadly. phyloseq (McMurdie and S. Holmes 2013) version
1.14.0 was used in Appendix A, while version 1.30.0 was used in Chapters 3 and 4.

Scripts that I have written and used in the projects comprising this thesis are
available on GitHub (github.com/tessatten).

2.7 Diversity indices

A wide variety of diversity indices and statistical tools were used throughout the
analyses reported in this thesis. Those which are common to several projects are
described below.

2.7.1 Gini coefficient

For analyses in this project, Gini coefficient calculation was implemented in R (ver-
sion 3.6.3) using the package ineq (version 0.2.13). This implements a bias-corrected
Gini index calculation (Zeileis 2014) and is given as:

G =
2
∑n

i=1 iyi
n
∑n

i=1 yi
− n+ 1

n
(2.1)
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Where i is each clonotype/OTU, n is the number of clonotypes/OTUs in the
sample, and y is the abundance of the clonotype/OTU (Zeileis 2014).

2.7.2 Shannon entropy

For analyses in this project it was implemented in R using the package vegan (ver-
sion 2.4-2) (Oksanen et al. 2019), and the Shannon entropy is given as:

H = −
S∑

i=1

pi logb pi (2.2)

Where pi is the proportional abundance of species (or clonotypes) i, and b is the
logarithm base, which is generally natural (Oksanen et al. 2019). A natural loga-
rithm base has been used for Shannon calculations in this thesis. S is the number
of species, OTUs, clonotypes, or other unit as specified.

2.7.3 Chao1 index

In these analyses Chao1 index calculation was implemented in R using the package
vegan (version 2.4-2) (Oksanen et al. 2019).

SP = S0 + a1 ∗ (a1− 1)/(2 ∗ (a2 + 1)) ∗ (N − 1)/N (2.3)

Where SP is the estimated species richness, SO is the number of observed species,
a1 is the number or singletons (species appearing once), a2 is the number or dou-
bletons (species appearing twice), and N is the number of sites in the group. This
equation implements the bias-corrected Chao1 estimate, which reduces rather than
removes bias (Chiu et al. 2014; O’Hara 2005; Oksanen et al. 2019)

2.8 Statistical methods

2.8.1 ANOSIM

Bray-Curtis is used to calculate distance in this thesis, and ANOSIM is implemented
using vegan (version 2.4-2) (Oksanen et al. 2019) and is given as:
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R = (rB − rW )/(N(N − 1)/4) (2.4)

Where rB is the mean rank between groups, rW is the mean rank within groups,
and n is the number of samples (Oksanen et al. 2019).

2.8.2 Linear modelling

Linear models were fitted in R to perform regressions, according to:

Y = β1 + β2X + ϵ

(2.5)

Where Y is a continuous variable, β1 is the intercept, β2X gives the slope, and ϵ

is the remaining variation not explained by the regression (Prabhakaran 2017).

2.8.3 Regression lines

Smoothing regression lines were added to some figures to show trends in the data us-
ing geom_smooth from ggplot2 (Wickham 2016). Smoothing lines were either linear
and produced by linear regression (Chambers 1992; Wilkinson and Rogers 1973), or
polynomial and produced using loess regression (Cleveland and Shyu 1992).

2.9 Visual methods

2.9.1 t-SNE

t-SNE plots (Maaten and Hinton 2008) were generated in R using tsnemicrobiota
(Lindstrom 2017). Random seeds were used to ensure reproducibility, and custom
perplexity was set for each figure. See Attenborough (2020) for full details.

2.9.2 Sequential sharing plots

This method visualises each patient sample as a horizontal bar, and both pairwise
and patient-wide comparisons are done by percentage. Patients are plotted sepa-
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rately, as well as by cell type and chain for the T cell results. All elements, either
clonotype or genus, which are shared between two or more samples are represented
by a colour, with a black box around the edge. The percentage of the sample coming
from all clonotypes/genera which are unique to that sample (within that patient)
are shown in white (n.b not to scale). In figures where the shared clonotype sec-
tion is mostly black, that is indicative of a high number of shared clonotypes that
occur at low frequency, because the notional strip of colour is then too small to be
visible. Larger blocks of colour indicate a clonotype that makes up a higher pro-
portion of the sample. Pairwise comparisons are overlaid: clonotypes/genera which
persist successively from one sample to the next are connected by grey lines. Ergo,
a coloured clonotype or genus without a grey line leading to the sequential sample
is not detected in that next sample, but is present in at least one other sample.

The base code for the sequential sharing plots was originally written by Dr Ben
Margetts using ggplot2 (Wickham 2016) to compare pairs of samples. I re-wrote
it to adapt it for use in multiple sequential samples and applied it to the data in
the sub-projects reported here. To produce the sequential sharing plots, the same
CDR3/genus sequences were grouped together, and assigned each a unique number.
The data were separated to generate a data frame for each time point, complete
with unique ’clonotype/genus number’. For the T cell projects, the CDR3s were
organised in alphabetical order for easier visualisation. Columns are created to
show which clonotypes are shared with any other time points. All the clonotypes
not shared with any other sample are then collapsed into one entry per time point.
Frequencies are converted so they appear as percentages for each sample; these are
used as coordinates for plotting. Using ggplot2 (Wickham 2016) a bar plot is cre-
ated for each sample, with white sections representing clonotypes unique to each
sample, and each clonotype shared between at least two time points has a colour
(from the earlier ’clonotype number’). The scale therefore varies depending on the
percentage of sharing seen in each patient. Line plots are overlaid showing which of
these clonotypes is shared between each sequential pair of time points. Thus each
single grey line draws attention to a clonotype or genus that persists between time
points.

For the TCR plots, there are too many shared clonotypes to distinguish all of
them individually by colour, though pairwise sharing and large clonotypes can be
seen. Each coloured section is surrounded by a black outline to delineate them, so
when many clonotypes are shared at very low percentages the shared section of the
bar appears mostly black. Two versions of the sequential sharing plots can be seen
in Figure 2.7, with an example on the left, and that same data without the black
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outlines on the right, showing how many clonotypes at low frequencies appear in
these plots.

The base code to produce the figures showing the percentage of shared clono-
types at each time point by patient was also written by Dr Ben Margetts.

L−150−a

L−12−a

L−0−a

80 90 100
Cumulative % of Sample

 

Shared Clonotypes

(a) Sequential sharing plot with
black outlines

L−150−a

L−12−a

L−0−a

80 90 100
Cumulative % of Sample

 

Shared Clonotypes

(b) Sequential sharing plot without
black outlines

Figure 2.7: Example sequential sharing plot. On the left clonotypes are separated
by a black outline to make them distinguishable. On the right the same data are
shown, without the black outlines.
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Chapter 3

Positive controls, negative
controls, and contaminant
detection in a 16S rRNA gene gut
microbiome study

Declaration of contributions

The samples discussed in this chapter come from paediatric patients at Great
Ormond Street Hospital, and the full declaration of contributions and results of this
study can be seen in Chapter 4. The sample extractions were done by Dr Julianne
Brown (GOSH, Microbiology, Virology and Infection Control), and Dr Ronan Doyle
(GOSH, Microbiology, Virology and Infection Control) did the library preparation
and sequencing. Ethics declaration can be found in Section 2.1.1. The concept and
content of this chapter are my own.

3.1 Introduction

Despite consensus in the microbiome sequencing community that choices made re-
garding data pre-processing can have a material impact on study results, Glassing
et al. (2016), Hornung et al. (2019) and Salter et al. (2014) report that many pub-
lications do not include details on aspects of data pre-processing, especially not in
enough detail to be replicable. This is emphasised particularly in positive controls,
such as mock communities, and negative controls, and how these may be used to
identify contaminant sequences in data.
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More attention to data pre-processing, and particularly to the identification,
discussion, and removal of contaminant sequences, is still needed for creating and
publishing more reproducible science in this field. Hornung et al. (2019) reviewed
265 articles from the Microbiome and ISME journals published in 2018 reporting
on high-throughput sequencing studies. Of these 265, only 30% reported the use of
negative controls, and 10% reported that they had used a positive control (Hornung
et al. 2019). Furthermore, even those publications which had reported the use of
positive and/or negative controls sometimes gave only vague information as to what
had been done, such as “appropriate controls were used at all steps” (Hornung et al.
2019) (p. 2).

3.1.1 Context and goals of this study

Bacteria are found almost every environment, including laboratories. Bacterial con-
tamination in microbiome sequencing studies, if not adequately addressed, may lead
to erroneous conclusions. This can be through artificially high diversity estimates
within samples (Jousselin et al. 2016), increasing the challenges of comparing find-
ings between samples (R. I. Adams et al. 2015), and masking genuine differences
between samples in a study (R. I. Adams et al. 2015; Davis et al. 2018). These
problems may lead to faulty associations and conclusions (Callahan, DiGiulio, et al.
2017; Davis et al. 2018). Issues caused by contamination are particularly pronounced
in low biomass samples, where contamination makes up a larger proportion of sam-
ple biomass (Davis et al. 2018; Glassing et al. 2016; Lauder et al. 2016). Lauder
et al. (2016) compared placenta samples alongside positive and negative controls
and found that no placental microbiome could be distinguished after comparison
with the controls, although other studies have reported that there is a placental
microbiome (Aagaard et al. 2014; Zheng et al. 2015). Data pre-processing, and par-
ticularly contaminant identification and removal, must be undertaken before data
analysis in order to minimise the risk of erroneous findings and to give confidence
in the results presented.

The aims of this chapter are as follows:

• Understand better the landscape of 16S rRNA gene sequencing pre-processing
and contaminant removal in a microbiome context

• Identify methods from the literature which may be applicable to this dataset

• Improve the quality and understanding of the dataset, and thus the reliability
of conclusions drawn in later analysis
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• Provide transparent process showing the stages of pre-processing and contam-
inant identification and removal in this study

• Present a framework which can be adapted for future research.

In this chapter I will start by presenting background to pre-processing stages
such as the identification or removal of low confidence taxonomies, and the utility
of negative controls, blanks, and mock communities. I will then describe how I used
this review and the identified methods to better understand and remove contami-
nants from this specific data set, and how I will prepare the data for analysis. I will
then present the results of this process, including the novel contaminant identifica-
tion framework I develop through the process, which incorporates several published
methods. I will conclude this chapter by summarising the conclusions and setting
out how the data were prepared for the analyses to be presented in Chapter 4.

3.1.2 Low confidence taxonomies

Critical stages of gut microbiome analysis include assigning a taxonomic identity to
the OTUs, and discussing gut microbiota dynamics in taxonomic terms (for more
details see Section 1.3.5). Taxonomic identification is also advantageous for the de-
tection of contaminants, as this can provide some context on whether a given OTU
is genuinely present in a study. Soil- and water-bourne bacteria are often reported
as contaminants (Salter et al. 2014). Consequently, if no taxonomic status can be
assigned to a given OTU, it has limited analytical utility. Therefore in this dataset,
if an OTU could not be identified below the phylum level, it was removed.

The taxonomic database used for MAPSeq (Section 2.2.5) is smaller than some,
which facilitates speed of identification. The very large BLAST (Basic Local Align-
ment Search Tool) database (Altschul et al. 1990) can be used either to confirm
the taxonomic identity of key OTUs, or to clarify the taxonomic identity of those
OTUs that could not be identified using MAPSeq. However, the BLAST database is
far too large to be computationally practicable for all identifications. Furthermore,
database quality is key to taxonomic classification, and a small but high-quality
database is of more utility for initial identifications. However, for sequences which
are more difficult to identify, BLAST is a supplementary option.

BLAST is a tool provided by the NIH which can be used to match query se-
quences with similar ones in the database (Boratyn et al. 2013). Thus it is possible
to input an unidentified nucleotide sequence, and infer its likely taxonomic identity
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through similarity matching with known sequences. However, there are also many
sequences in the BLAST database which do not have a known identity, and de-
pending on the V region used in 16S sequencing, some taxonomic clades are similar
enough to make distinguishing them difficult or even impossible (Devanga Ragu-
pathi et al. 2018; C. Jenkins et al. 2012; Khot and Fisher 2013).

Along with its list of similar sequences, BLAST provides a range of statistical
measures, including E value, total score, percent identity, and query cover (Altschul
et al. 1990; Boratyn et al. 2013). The E (Expect) value is one of the outputs from
a BLAST search, and reflects the number of matches that would be expected by
chance, with the same or higher score. Lower E values suggest a meaningful bio-
logical similarity, while higher E values suggest that the similarity is likely due to
chance. Therefore there is no simple optimum E value threshold. The cutoff gener-
ally used internally at BLAST is 1e-6 (Altschul et al. 1990). This is a fairly stringent
cutoff, and many not always be appropriate. An E value from BLAST of 0.0 means
the E value is 1e-179 or below. Percent identity refers to the percentage of bases
from the query sequence which are the same for each match, and query cover refers
to the percentage of the query sequence covered by the putative match: the query
sequence may be a different length to putative matches. Total score is a summary
score of these combined measures (Boratyn et al. 2013).

Once the results are produced, it is possible to look at a phylogenetic tree, in or-
der to see where a given OTU sequence fits in with the database. This can also assist
with the identification. MOLE-BLAST is an extension of BLAST (Altschul et al.
1990), and uses multiple sequence alignment algorithm MUSCLE (Edgar 2004) to
build a phylogenetic tree (Fast Minimum Evolution method) (Desper and Gascuel
2003) showing the query OTU with the highest similarity matches. If no consensus
is reached through the most similar sequences, generating a phylogenetic tree can
provide some taxonomic context.

3.1.3 Bias

Bias, i.e. a misrepresentation of the proportion of bacteria in a given sample, is an
established problem in 16S rRNA gene sequencing studies and can lead to missing
true correlations, as well as to false conclusions (Brooks et al. 2015). Bias can be
introduced through different aspects of sequencing and analysis including PCR am-
plification (C. K. Lee et al. 2012), sequencing primer choice (Bergmann et al. 2011;
L. Cai et al. 2013), DNA copy number variation (Kembel et al. 2012), and DNA ex-
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traction protocol (Feinstein et al. 2009). Brooks et al. (2015) showed that different
DNA extraction kits and PCR protocols introduced greater bias than errors in se-
quencing or taxonomy assignment. Furthermore, some taxa are affected more than
others, including through differential amplification by different primers (Bergmann
et al. 2011; L. Cai et al. 2013), and some taxa, by their very presence, influence the
detected proportions of other taxa (Brooks et al. 2015). Thus care must used in data
analysis and interpretation, and the absence of a given taxa after sequencing does
not always indicate its absence in the sample. Methods of mitigation include both
laboratory and bioinformatic strategies. Mock community inclusion and analysis
are strongly recommended as a step to better understand and mitigate bias from
multiple sources (Brooks et al. 2015; Fouhy et al. 2016; Hornung et al. 2019).

3.1.4 Contamination

Bacteria are present in almost every environment in the world: soil, rivers, plants,
and animals, including on and in humans, and in laboratories and laboratory reagents
(Glassing et al. 2016). Contamination in the context of 16S rRNA gene sequencing
refers to any bacterial DNA found in a sample which is not from the intended mi-
crobial community under study. Contamination is referred to as either ’external’ or
’internal’ from the study. External contamination may come from any of the labo-
ratory reagents including DNA extraction kits (Mohammadi et al. 2005), molecular
grade water (Kulakov et al. 2002), and PCR reagents and equipment (Davis et al.
2018; Glassing et al. 2016; Grahn et al. 2003; Salter et al. 2014). It may also come
from surfaces and air in the laboratory (R. I. Adams et al. 2015; Knights et al. 2011;
Weyrich et al. 2019), or from the researcher(s) and participants themselves (Hor-
nung et al. 2019; Kitchin et al. 1990; Meadow et al. 2015). Internal contamination
is that which is spread within an experiment from one sample to another (Edgar
2016; Minich et al. 2019), either during processing (Davis et al. 2018; Jousselin et al.
2016) or sequencing (Davis et al. 2018; Larsson et al. 2018). Furthermore, if an er-
ror occurs during the addition of indexes so that multiple samples can be sequenced
concurrently, then some sequences may be incorrectly inferred to be present in a
particular sample, also known as index-hopping or cross-talk (Carlsen et al. 2012;
Hornung et al. 2019).

If not recognised, contamination can lead to misrepresentative microbiome pro-
files, and erroneous conclusions (Davis et al. 2018; Karstens et al. 2019; Lauder et al.
2016). This effect is likely to be exacerbated in samples with low concentrations of
the DNA of interest, as in those samples the ratio of contaminant to target DNA
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is likely to be higher (Salter et al. 2014). There are multiple ways to minimise
the signal from contaminants, discussed in detail in the remainder of this chapter,
although it cannot be completely eliminated (Davis et al. 2018; Salter et al. 2014;
Sinha et al. 2015).

3.1.5 Negative controls, blanks, and mock communities

The use of negative controls, blanks, and mock communities are common in 16S
rRNA gene sequencing studies to aid in understanding and counteracting contam-
ination, and possible biases due to differential PCR amplification, DNA extraction
kit use, and variation between variable region in different bacterial genera (Brooks
et al. 2015).

Negative controls

In this study, a negative control refers to a negative extraction control. This is a
sample treated in the same way as study samples from the DNA extraction stage, but
without any DNA added (Salter et al. 2014). This means that any bacterial DNA
detected in the OTUs of these samples after sequencing almost certainly originated
from reagents and/or laboratory procedure. Alternatively, some DNA may have
entered these samples through index-hopping or contamination from study samples
(Hornung et al. 2019).

Blanks

In this context, a blank refers to a sequencing blank. This is an sample of water
free from microbial DNA, added at the sequencing stage (Karstens et al. 2019), so
should reflect contamination from the later stages of sequencing and/or between-
sample contamination rather than reagents or the general laboratory environment
(Hornung et al. 2019).

Mock communities

Mock communities in 16S rRNA gene sequencing studies are artificial microbial
communities made up of selected bacteria in known quantities (Brooks et al. 2015),
usually used for establishing a “ground truth” and to better understand the bias
in a given study (Brooks et al. 2015; C. K. Lee et al. 2012). Mock communities
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can be used to characterise the relationship between bacterial communities as they
are presented to the analytical procedure, and the results on bacterial communities
as they emerge from analysis. They can be bespoke, or purchased commercially.
Mock communities are used both to benchmark bias in specific studies, and to
conduct studies comparing different laboratory methodologies (Fouhy et al. 2016).
Sequencing replicates of mock communities facilitates the examination of consis-
tency (Callahan, Wong, et al. 2019).

3.1.6 Removal of contaminants

Several in silico methods to remove contaminant OTUs already exist, and although
there can be good reasons for using these strategies, there are also associated pit-
falls. One main method is simply to remove sequences which are found below a
certain abundance threshold. However, this strategy may result in the removal of
low abundance but true sequences, and also miss contaminant OTUs which are
more abundant. Some contaminant OTUs may be more abundant than others due
to PCR bias, and variation in biomass, which here refers to the quantity of DNA
in a sample. This is especially pertinent as more abundant contaminant OTUs may
be more likely than low abundant ones to skew downstream analyses (Davis et al.
2018; Flores et al. 2012; Lazarevic et al. 2016).

A different approach is to remove those OTUs which are detected in negative
control samples. This may result in the removal of OTUs truly present in the sam-
ples, and especially more abundant ones, which may be introduced into the negative
controls through well-to-well contamination of samples (R. I. Adams et al. 2015;
Davis et al. 2018; Dunn et al. 2013; Jousselin et al. 2016; Larsson et al. 2018; Minich
et al. 2019).

A third decontamination method is to remove specific taxa or sequences which
have been previously published as contaminants in next-generation sequencing projects.
But this may remove genuinely occurring sequences which have been contaminants
in another study, as well as failing to identify and remove more unusual contami-
nants specific to the current study (Davis et al. 2018; Salter et al. 2014).

Some bioinformatic methods for the detection of contamination have already
been published. SourceTracker uses a Bayesian approach to predict, for a given sam-
ple, the proportion which came from a pre-defined source of contamination (Knights
et al. 2011). It performs very well if the environment and potential contaminants
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are well known. Its performance is poor, identifying less than 1% of contaminants,
if the environment and possible contaminant sources are not well defined (Karstens
et al. 2019). Decontam is a different approach which utilises negative controls along
with known abundance patterns of contaminants (Davis et al. 2018). Karstens et
al. (2019) found that depending on the threshold used, it detected 70 - 90 % of con-
taminant sequences, did not remove any sequences known to be genuinely present,
and did not require any information about the environment to robustly detect con-
taminants (Karstens et al. 2019).

Internal contamination (Hornung et al. 2019) is particularly difficult to address,
and most current methods to address contamination are designed to detect external
contaminants (Minich et al. 2019). Removal risks removing signals from genuinely
present OTUs, particularly so as by nature an internal contaminant is truly present
in at least one other sample. Some laboratory steps can be taken to minimise the
phenomenon (Minich et al. 2019). No changes were made to the data generated in
the laboratory on any hypothesis of internal contamination in this study. Therefore
the remainder of this chapter deals with the removal of external contamination.

3.1.7 Decontam

Decontam is an R package developed by Davis et al. (2018), which can be used
to identify and remove the signals from contaminating sequences in metagenomic
studies, including 16S rRNA gene sequencing studies. This is done through statis-
tical classification of the sequences, whereby contaminant sequences are identified
on the basis of two patterns of occurrence that the authors note are often seen
in contaminants. Firstly, contaminant sequences are commonly found in negative
controls; secondly, that they are found in higher frequencies in samples with low
concentrations (Davis et al. 2018).

Based on these patterns Decontam provides two main approaches, which can be
used separately, or combined. The frequency-based method implements statistical
classification of the OTUs as either true or contaminant based on their abundance
patterns in samples of different DNA input size. The frequency is defined as the
relative abundance. This classification system expects non-contaminant OTU abun-
dance patterns to be independent of the quantity of DNA input, whereas contam-
inant OTU sequences are expected to make up a larger fraction of samples with
lower input of DNA (Davis et al. 2018). Therefore the user must input the DNA
concentrations of each sample.
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The prevalence-based method operates on the assumption that contaminating
sequences appear relatively more often in negative control samples than study sam-
ples due to less DNA competition during sequencing (Davis et al. 2018). This is
because there would be some dilution of contaminants in study samples, while con-
trols are, by their nature, composed of contaminants. Thus the likelihood whether
an OTU is a contaminant or not is based on its presence/absence in study samples
and negative control samples. Here prevalence refers to the proportion of samples in
which an OTU appears. This is a valid technique to apply to low biomass samples
as the assumption of contaminant sequences being detected more in negative control
samples than study samples should hold true (Davis et al. 2018).

The combined Decontam method uses both the frequency-based and prevalence-
based methods to create a list of OTUs which are likely to be contaminants in this
study. For each of these methods, each OTU is assigned a score (P) denoting the
likelihood of it being a contaminant. The user can set the cut-off for the P scores
depending on the preferred level of stringency and incorporating the particular pat-
terns seen in the data. Davis et al. (2018) recommend choosing a classification
threshold based on the spread of the P scores, especially taking into account the
bimodality. I.e. if there is a clear separation of P scores such that a group of
OTUs have scores close to zero, and most OTUs have a score near one, this indi-
cates robust separation of likely contaminants and non-contaminants, and the user
may choose a P score cut-off to include all of the group near zero (Davis et al. 2018).

Karstens et al. (2019) used frequency-based Decontam to assess a dilution se-
ries and found that 74-91% of contaminant reads were accurately classified, and no
true reads were falsely identified as contaminants. Methods such as SourceTracker
(Knights et al. 2011), when the expected microbial composition is not known, did
not identify contaminants well: less than 1% were accurately identified, although
it performed well in highly controlled settings. Removing OTUs found in negative
controls resulted in the removal of more than 20% of the true sequences (Karstens
et al. 2019).

Methods of Decontam: frequency-based

Absolute total DNA (T) must be considered as a combination of sample DNA (S)
and contaminant DNA (C) (Salter et al. 2014), so T = S + C (Davis et al. 2018).
The frequency of an OTU or genus is calculated by dividing its absolute abundance
by the total absolute abundance in each sample. For the case where S » C, the pro-

138



portion of contaminant DNA (fc) is inversely proportional to (T). The proportion
of non-contaminant DNA (fs) is not dependent on (T). This can be shown as:

fc = C/(C + S) ∽ 1/T (3.1)

fs = S/(C + S) ∽ 1 (3.2)

For each sequence (either OTU or genus), two patterns of abundance, or models,
are considered: contaminant and non-contaminant. As described in Davis et al.
(2018), in the contaminant model the expected OTU/genus frequency would vary
inversely with DNA input, while in the non-contaminant model the OTU/genus fre-
quency would be expected to be independent of DNA input (Davis et al. 2018). For
each OTU/genus calculation, samples in which the OTU/genus does not appear are
not included.

A ratio value (R) is calculated between the sum of squares residuals of the two
models (contaminant or non-contaminant). A probability value (P) is then calcu-
lated as the tail probability (the probability that R will deviate from the expected
value) of R with an (F) distribution and degrees of freedom equal to the number of
samples in the calculation. P can vary between 0 to 1. P scores closer to 0 indicate
a closer fit to the contaminant model, while P scores closer to 1 indicate a closer fit
to the non-contaminant model. It is important to note that this is not equivalent to
the classical p value, it is a score that indicates which of the two models is a better
fit (Davis et al. 2018).

This method is not recommended for low biomass studies, as they generally con-
tain similar or lower levels of DNA compared to negative extraction controls, and
come from environments including the placenta, air, and blood (Eisenhofer et al.
2019). Whilst most stool samples have relatively high biomass (Eisenhofer et al.
2019), some samples in this study have low biomass. Therefore this model will be
implemented with caution as following the biomass classification of each study sam-
ple in Section 3.2.3.

Methods of Decontam: prevalence

Like the frequency-based method, the prevalence-based method begins with the
concept that a given sample total DNA (T) comprises sample DNA (S) and con-
taminant DNA (C) (T = S + C ). In negative controls, the S DNA input will be
zero. Therefore the likelihood of detecting a contaminant sequence will be higher
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in negative controls than in samples, where there is diluting factor of sample DNA.
Thus, the relative prevalence of contaminant sequences should be higher in negative
controls than in samples, as there would be less DNA competing (Davis et al. 2018).

For each OTU/genus, a 2 x 2 presence-absence table is used to calculate a chi-
square statistic. A probability value (P) is then calculated as the tail probability of
the chi-square distribution. If the OTU/genus does not appear in enough samples
for compute a chi-square statistic, then a p value was calculated using Fisher’s ex-
act test. As with the frequency-based model, P can vary between 0 to 1: P scores
closer to 0 indicate higher prevalence in negative controls and therefore favour the
contaminant model, while P scores closer to 1 indicate higher prevalence in the
true samples and therefore favour the non-contaminant model. Non-contaminant
OTUs/genera should appear in more true samples than negative controls even in
low biomass samples, so this strategy remains valid in that scenario (Davis et al.
2018). Simulations run by Davis et al. (2018) indicate that 5 or 6 negative controls
are enough to identify the majority of contaminants. There are 6 negative extraction
controls and 1 blank sequencing sample in the present study.

Methods of Decontam: combined

Fisher’s method can be used to combine the results of the prevalence and frequency-
based methods, and this results in a composite score which will henceforth be re-
ferred to as the combined score. Davis et al. (2018) found that the combined
method, and thus incorporating both the frequency and prevalence based methods,
resulted in the most clear bimodal distribution of P scores, and recommend that this
is the optimal method of OTU/genus classification if both frequency and prevalence
methods are possible, although both strategies are valid independently (Davis et al.
2018).

The power of Decontam to detect contaminants is linked to their prevalence
across study samples: many OTUs which appear in only a few samples will get
P scores around 0.5, indicating limited discriminatory power. Davis et al. (2018)
found the most bimodal distribution when an OTU appeared in 11 or more sam-
ples. With decreasing prevalence, so the number of OTUs with P scores close to 0.5
increased. For further description of Decontam please see Davis et al. (2018).
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Implementing Decontam

The aim of the present implementation of Decontam is, quite conservatively, to
remove confidently identified contaminants without removing genuine OTUs, thus
prioritising avoidance of type I errors over avoidance of type II errors (Akobeng
2016). Firstly, Decontam will be applied to the OTUs identified in this study. Sec-
ondly, the OTUs will be agglomerated into genera and Decontam applied again.
The results will be compared, and based on their performance one will be chosen to
implement on these data.

In what follows, the combined method will be the main one employed, but both
frequency-based and prevalence-based methods will be considered separately also.
This is both to be stringent in detecting possible contaminants as the methods have
different strengths, but also to understand more about each OTU by how they were
detected as a contaminant, OTUs/genera with lower prevalence will be treated with
greater caution before removing them due the reduced detection power coming from
low prevalence (Davis et al. 2018).

Before I remove any OTUs or genera from the study, I will also consider their
taxonomic classification and biology, whether they have been previously published
as 16S study contaminants, and their abundance patterns in both high and low
biomass, and study and control samples. Decontam is not equipped to statistically
determine contamination between samples (Davis et al. 2018). I will be cautious of
the veracity of OTUs found in the low biomass samples, as in the context of high
biomass samples such as the stool samples used in this project, contaminants may
make up a notable proportion of the OTUs with low read counts (Davis et al. 2018;
Herbold et al. 2015).

3.2 Methods

Scripts associated with this Chapter are available on GitHub (tessatten/ Decontam-
ination) (Attenborough 2020).

3.2.1 Pre-processing

The OTUs in this study were initially assigned a taxonomic identity using MAPseq
with a confidence score cutoff (cf) of 0.4 (Matias Rodrigues et al. 2017), (Section
2.2.5). Before quality control based on negative and positive controls, any OTUs
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which could not be classified with confidence beyond phylum level were removed.
The representative sequences of OTUs which could not be identified using MAPseq
were compared using BLAST to the larger NIH database (Altschul et al. 1990) to
identify a taxonomic identification for the OTU in question. If a given OTU could
be identified beyond the phylum level using BLAST, the OTU was retained; if not
it was discarded.

The BLAST program megablast (Morgulis et al. 2008) was used. The curated
16S subset of the BLAST database was used for all searches investigating the iden-
tity of OTUs with low confidence taxonomies from MAPseq, as these sequences have
been linked to peer-reviewed publications. If an identification could not be made in
this smaller 16S database, the wider BLAST bacterial database was used.

The internal BLAST threshold of E value of 1e-6 was used as a maximum
(Altschul et al. 1990; Boratyn et al. 2013). The E scores actually found were smaller
(indicating even less probability of arising by chance). If the majority of the top 10
matches (by descending E value) were of the same genus and had an E value below
the threshold, the OTU identification was considered established at genus level, and
the OTU was retained.

If the majority of the top 10 matches did not come from one genus, MOLE-
BLAST (Altschul et al. 1990) was used to establish the phylogenetic place of the
OTU in relation to the BLAST matches. This sometimes identified the family, or-
der, or class of an OTU. The phylogenetic tree method used in MOLE-BLAST was
Fast Minimum Evolution (Desper and Gascuel 2003) and MUSCLE (Edgar 2004)
alignment was used (Altschul et al. 1990; Laczny et al. 2016). For a given phyloge-
netic tree, if all the adjacent nodes were from the same taxonomic group, e.g. all
from the same order, than the OTU would be assigned to that order. If there was
no consensus, then the OTU was not retained for further analysis.

3.2.2 Mock community analysis

Customised metagenomic control material (MCM) (Huggett et al. 2013), seen in
Table 3.1, was sequenced alongside the samples in this study. Three technical repli-
cates of this same mock community were used.

Genera were matched by name from the original mock community to the genera
detected in the sequenced mock community technical replicates. Then OTUs of the
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same genus and species were collapsed into one unit for comparison. Where there
was uncertainty regarding the taxonomic classification, the OTU was compared to
the BLAST database.

The confidence of taxonomic assignment of OTUs detected in the mock com-
munity technical replicates, which were from genera not part of the original mock
community, was checked. If the taxonomic classification was above the 0.4 cf thresh-
old, the genus was added to the pipeline assessing likely contaminants, along with
the results of Decontam.

Finally, the Ribosomal RNA Database (Stoddard et al. 2015) was used to find
the median 16S rRNA gene copy number for each genus where data was not avail-
able from Huggett et al. (2013), and to adjust the read counts seen in the mock
community replicates so they could be compared to the initial mock community.
This was done by:

• agglomerating the OTU abundances by genus

• dividing the number of reads in each genus by the median 16S copy number

• dividing the adjusted reads in that genus by the total number of adjusted
reads

This was done for all three community replicates. This can be used as a guide for
comparison, though it is subject to several limitations. Copy numbers from the orig-
inal mock community vary by species and strain (Huggett et al. 2013), but this level
of detail was not possible to glean from the replicates. Thus, where the copy number
varied by species/strain, the median was used. For those genera not present in the
original mock community, copy numbers were sourced from Stoddard et al. (2015),
and the median 16S copy numbers were used to make the approximate conversions
here. However, these calculations provide only a rough estimate, for purposes of
comparison with the original mock community. As no more reliable method was
available, no numerical adjustment of the sample abundances was made as a result
of this investigation.
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Table 3.1: Mock community members by percentage.

Bacterium % (16S copy number adjusted)
Neisseria meningitidis 28.6

Streptococcus pneumoniae 25.83
Klebsiella pneumoniae 20.24
Staphylococcus aureus 12.74

Streptococcus pyogenes 7.26
Streptococcus agalactiae 2.72

Escherichia coli 1.5
Enterococcus faecalis 0.67

Pseudomonas aeruginosa 0.36
Acinetobacter baumannii 0.07

3.2.3 Biomass classification

Each sample was classified as high, mid, or low biomass based on sample DNA con-
centration, and the biomass of the samples was included in the contaminant removal
process. Low biomass samples, as defined by Eisenhofer et al. (2019), are those con-
taining a similar level of DNA input to the blank extraction controls. In this study
samples were categorised as described in Table 3.2.

Table 3.2: Biomass categories applied to each patient sample.

Classification Definition
Low biomass Samples with the same or lower DNA concen-

tration as the negative extraction with the
lowest DNA concentration

Mid biomass Samples with a DNA concentration greater
than the lowest negative extraction, and up
to the level of the negative extraction with
the highest DNA concentration

High biomass Samples with a DNA concentration greater
than any of the negative extractions

In the case of a given OTU appearing in both high and low biomass patient
samples, non-contaminant sequences may be misclassified as contaminants if they
have higher relative frequency in the low biomass samples (Davis et al. 2018).
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3.2.4 Applying Decontam: OTUs

Decontam was applied to the OTUs in this study, using the frequency-based (P
cutoff = 0.1), prevalence-based (P cutoff = 0.1), and combined methods (P cutoff
= 0.3). The cutoffs were selected based on the histograms of the P values, as recom-
mended by Davis et al. 2018. The putative contaminant OTUs were then reviewed
in the context of their prevalence, the biomass of the samples they appeared in, and
their taxonomic identity. Those OTUs still identified by the genus-based contami-
nant detection can be seen in Table 3.10 and are indicated in column 8, and a table
of OTUs not found to be contaminants by genus can be seen in Table 3.12.

3.2.5 Applying Decontam: genus

OTUs were collapsed into their genera, and a list of putative contaminant genera
was generated by using the combined Decontam method (P cutoff = 0.3), and was
supplemented by the genera with the smallest P scores from the frequency-based (P
cutoff = 0.2), prevalence-based (P cutoff = 0.2) methods. The cutoffs were again
selected based on the histograms of the P values.The output is presented in the re-
sults section and a full discussion of the genera is presented in the discussion section.

A summary of each genus was created, as well as a table summarising the
attributes of each genus including the prevalence, ecology, biomass of containing
samples, presence in negative controls, published status as contaminants, disease-
associated, or gut-related. This information, when put through the developed frame-
work seen in Figure 3.2, was used to designate whether each genus would be removed,
or retained for the study-driven analysis. This system is reproducible, though is de-
pendant on literature review so different results may be produced when new litera-
ture is published and included. This system is based on the author’s best knowledge
at the time of writing.
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Figure 3.1: Framework to retain or remove genera for future analysis by assessing if
they are contaminants in this study. Figure by T. Attenborough.

The different structures of the framework (Figure 3.2) were developed based on a
literature review of both the genera and existing methods to remove contaminants,
and turned into a tiered structure.The first stage is the application of Decontam to
this study data, after which most were retained, and 46 were taken through further
checks. The second stage was a comparison to the literature. If genera had been
reported previously in the human gut, they were retained. The third stage was also
a comparison with the literature more broadly, and three further factors were con-
sidered. If a genus had both been previously reported as a microbiome contaminant
and no link could be established with humans, or the ecology of the genus suggested
that is was unlikely to be found in the human gut and no link could be established
with humans, then the genus was removed. If the genus either had been previously
reported as a microbiome contaminant, or no link could be established with humans,
then it was kept for further investigation. The fourth stage was based on the pat-
terns seen in the negative extraction. Genera not present in any were retained, and
genera present in three or more were removed. Those genera present in one or two
negative extractions were subject to the next criterion. The fifth and final stage was
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applied to genera which had all been reported as microbiome study contaminants,
but had also been reported as occurring somewhere on the human body (e.g. lungs,
skin). Those with an ecology suggesting they could plausibly be found in the hu-
man gut were retained, and those genera whose ecology suggested they were unlikely
to be found in the human gut were removed. For a summary of each genus iden-
tified using Decontam, as well as the stage at which it was removed, see Appendix H.

3.3 Results

3.3.1 Taxonomy identification

In order to make sure the retained OTUs were meaningful, and before identifying
and removing contaminants, any OTUs that could not be confidently classified by
taxonomic class below phylum level using MAPseq were further examined using
BLAST. Thirty-one OTUs met this criterion, the summary of which can be seen
in Table 3.3. In 25 of these cases, a reliable taxonomic identity for these OTUs
below phylum level could be determined using BLAST and they were retained. An
in-depth discussion of the 31 OTUs can be seen in Appendix I.

The E values were all far smaller than the guideline threshold (1e-6), suggesting
low likelihood of matches occurring by chance. Through the use of BLAST and
MOLE-BLAST, the majority of these OTUs could be identified, at least to class
level. Six OTUs could not be confidently identified to class level (OTUs 372, 360,
268, 180, 344, and 354). These OTUs were removed from the OTU table and are
not represented in later analyses. For the rest of the OTUs the taxonomy table
used for downstream analysis was updated to reflect the more accurate taxonomic
identification.
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Table 3.3: The taxonomic classifications and outcomes of initially unidentified
OTUs.

OTU Taxonomic level Classification Verdict
73 Order Sphingobacteriales Kept

100 Class Cyanophyceae Kept
102 Order Bacillales Kept
105 Class Cyanophyceae Kept
110 Class Deltaproteobacteria Kept
180 Phylum NA Removed
181 Genus Brevibacterium Kept
224 Class Cyanophyceae Kept
249 Genus Methylobacterium Kept
267 Class Cyanophyceae Kept
268 Phylum Firmicutes Removed
344 Phylum NA Removed
354 Phylum NA Removed
360 Phylum Firmicutes Removed
364 Order Bacillales Kept
372 Phylum Firmicutes Removed
378 Family Enterobacteriaceae Kept
401 Order Cytophagales Kept
415 Order Clostridiales Kept
425 Genus Saccharopolyspora Kept
455 Order Clostridiales Kept
456 Order Clostridiales Kept
470 Order Clostridiales Kept
479 Order Clostridiales Kept
492 Class Gammaproteobacteria Kept
542 Order Lactobacillales Kept
551 Genus Alistipes Kept
563 Family Leuconostocaceae Kept
564 Class Cyanophyceae Kept
583 Genus Enterococcus Kept
585 Genus Staphylococcus Kept

As Table 3.3 shows, taxonomic identification using BLAST allowed 25 OTUs
which were initially not able to be assigned a taxonomic identity, to be included
to some degree in further analyses. Seven could be identified to class level and no
further. Ten were identified to order level. Two OTUs could be identified to family
level, but not to genus. Finally, six OTUs could be classified confidently to genus
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level. For a visual summary of the OTUs kept and removed see Figure 2.4 on Page
118

Few Cyanobacteria were classifiable below class level, while the majority of OTUs
identified only to order level were Clostridiales, and the majority of OTUs in this
category were Firmicutes.

3.3.2 Mock community composition

A 10-member mock community (Huggett et al. 2013) was used to quality-control
the sequencing process, and three replicates of the community were sequenced. The
composition is seen below in Table 3.4. The variation in 16S copy number has been
adjusted for in this summary (see Section 3.2.2), therefore this is a reflection of the
relative proportions of bacteria in the mock community.

Thirty-six OTUs were identified across the three replicates of the mock commu-
nity, seen in Table 3.4. As there were only 10 members of the mock community,
there may have been some erroneous identification leading to inflation of OTU num-
bers, as well as contamination.
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Table 3.4: OTUs found in the mock community replicates.

OTU Mock 1 Mock 2 Mock 3 Species
OTU_42 7 6 6 Acinetobacter towneri
OTU_8 2 0 1 Citrobacter werkmanii
OTU_1 44 53 37 Enterococcus faecium
OTU_449 21 31 16 Enterococcus moraviensis
OTU_254 32 9 2 Enterococcus sulfureus
OTU_3 105 122 91 Escherichia coli
OTU_52 3 6 0 Fusobacterium nucleatum
OTU_292 25 30 6 Granulicatella elegans
OTU_44 11 8 6 Granulicatella elegans
OTU_484 1 2 0 Granulicatella elegans
OTU_4 1350 1502 1006 Klebsiella pneumoniae
OTU_34 1991 2409 1519 Neisseria cinerea
OTU_185 2 6 1 Pseudomonas oryzihabitans
OTU_265 0 5 10 Shigella flexneri
OTU_353 0 1 0 Shigella flexneri
OTU_277 55 22 21 Staphylococcus aureus
OTU_309 0 1 0 Staphylococcus aureus
OTU_458 6 8 1 Staphylococcus aureus
OTU_459 23 36 45 Staphylococcus aureus
OTU_598 23 24 23 Staphylococcus aureus
OTU_108 3 5 4 Staphylococcus epidermidis
OTU_2 3214 2889 1873 Staphylococcus epidermidis
OTU_374 5 6 0 Staphylococcus saprophyticus
OTU_107 296 288 206 Streptococcus agalactiae
OTU_126 386 388 233 Streptococcus intermedius
OTU_14 140 109 75 Streptococcus mitis
OTU_231 6 8 0 Streptococcus mitis
OTU_580 38 61 47 Streptococcus mitis
OTU_597 3 2 1 Streptococcus mitis
OTU_599 0 2 2 Streptococcus mitis
OTU_6 5187 4353 2652 Streptococcus mitis
OTU_503 12 12 5 Streptococcus oralis
OTU_594 1 1 1 Streptococcus oralis
OTU_342 5 11 4 Zymomonas mobilis
OTU_467 4 0 0 Zymomonas mobilis
OTU_581 4 0 0 Zymomonas mobilis

In several instances, different OTUs, which were distinct enough to form sepa-
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rate clusters, are classified as the same species. For example, OTUs 597, 599, 14,
231, 580, and 6, are all identified as Streptococcus mitis. If these OTUs with the
same taxonomic identification are agglomerated, then there are 20 species identified
in the three mock community replicates sequenced in this study.

Four of these 20 species found in the mock community replicates matched species
used in the original mock community. These were Klebsiella pneumoniae, Staphylo-
coccus aureus, Streptococcus agalactiae, and Escherichia coli.

Eleven of these 20 species in the mock community replicates matched gen-
era, though not species, from the original mock community. These were Neisseria
cinerea, Streptococcus mitis, Streptococcus intermedius, Streptococcus oralis, Staphy-
lococcus epidermidis, Staphylococcus saprophyticus, Enterococcus faecium, Entero-
coccus sulfureus, Enterococcus moraviensis, Pseudomonas oryzihabitans, and Acine-
tobacter towneri.

Finally, five of the 20 species in the mock community replicates did not match any
of the genera in the mock community. These were Citrobacter werkmanii, Shigella
flexneri, Fusobacterium nucleatum, Granulicatella elegans, and Zymomonas mobilis.
These could have arisen from incorrect identification, within-sample contamination,
and external contamination.

Species-level identifications made from 16S rRNA gene sequencing can be spu-
rious (Jovel et al. 2016). In order to make a direct comparison between the results
of these replicates and the original mock community, the OTUs were agglomerated
by genus. The read counts can be seen in Table 3.5, and the percentage of reads
adjusted by copy number (Huggett et al. 2013; Stoddard et al. 2015) can be seen in
Table 3.6.
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Table 3.5: The abundances of the 13 genera seen in the mock community replicates
and the 16S copy number for each genus. Where the copy number is in bold, it was
sourced from Huggett et al. (2013) and is the same as those used to calculate the
original mock community composition. The remaining copy numbers were sourced
from Stoddard et al. (2015), and Granulicatella was adjusted using the median copy
number of the other genera, as no confirmed copy number could be found.

Genus Mock 1 Mock 2 Mock 3 16S copy number
Acinetobacter 7 6 6 5
Citrobacter 2 0 1 8
Enterococcus 97 93 55 4
Escherichia 105 122 91 7
Fusobacterium 3 6 0 5
Granulicatella 37 40 12 5
Klebsiella 1350 1502 1006 8
Neisseria 1991 2409 1519 4
Pseudomonas 2 6 1 4
Shigella 0 6 10 7
Staphylococcus 3329 2991 1967 5
Streptococcus 6069 5224 3222 6
Zymomonas 13 11 4 3
Total 13005 12416 7894

Five of the genera found in the mock community sample were not part of the
original mock community: Citrobacter, Fusobacterium, Granulicatella, Shigella, and
Zymomonas. They were uniformly found at low abundances (40 reads or less per
sample). These are considered to be either possible contaminants or incorrectly
classified.
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Table 3.6: The copy number adjusted percentages of the 13 genera seen in the mock
community replicates.

Genus Mock 1 (%) Mock 2 (%) Mock 3 (%) Original
Mock (%)

Acinetobacter 0.06 0.05 0.08 0.07
Citrobacter 0.01 0.00 0.01 0
Enterococcus 1.01 1.00 0.94 0.67
Escherichia 0.63 0.75 0.88 1.50
Fusobacterium 0.03 0.05 0.00 0
Granulicatella 0.31 0.35 0.16 0
Klebsiella 7.04 8.11 8.56 20.24
Neisseria 20.76 26.00 25.84 28.60
Pseudomonas 0.02 0.06 0.02 0.36
Shigella 0.00 0.04 0.10 0
Staphylococcus 27.77 25.83 26.77 12.74
Streptococcus 42.19 37.59 36.55 35.81
Zymomonas 0.18 0.16 0.09 0
Total 100.00 100.00 100.00 99.99

Table 3.6 shows the percentage each genus contributed to the mock community
replicates, adjusted for copy number.

In summary, all of the genera in the original mock community were found in the
mock community replicates. When comparing the 16S copy number adjusted genera
percentages, the results were generally well matched, although in two cases (Staphy-
lococcus and Klebsiella) they varied by approximately 10% of the whole sample.

3.3.3 Mock community methodological implications

A greater range of taxonomic diversity was recovered from the mock community
replicates (Tables 3.4, 3.5, and 3.6) than was present in the original mock commu-
nity (Table 3.1). There were 36 OTUs from 20 species, representing 13 genera in the
mock community replicates, compared to 10 species, representing eight genera in the
original mock community. As taxonomic classifications may be spurious at species-
level but are largely accurate at genus-level, the ways in which the mock community
replicates correspond and do not correspond to the original mock community will be
discussed by genus, accompanied by the genus-level confidence threshold produced
by MAPseq (Section 2.2.5). A minimum cf of 0.4 will be used to define confidence
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in a taxonomic identification.

All genus-level matches of OTUs detected in mock community replicates to mem-
bers of the original mock community members were found in all three mock com-
munity technical replicates, adding credence to the identification (Callahan, Wong,
et al. 2019). However, while the most likely explanation for a genus’ presence in the
replicates, when it is a genus in the original mock community, is that it represents
one of the those mock community members, though contamination from nearby
samples cannot be completely excluded. Where multiple OTUs seem to have origi-
nated from one genus, there may have also been sequencing or classification errors,
or genetic variability that led to the genus being identified as several different OTUs.
A summary of all the genera seen in the mock community replicates can be found
in Table 3.7. A discussion of all the OTUs and genera seen in the mock community
replicates, and how they correspond to the original mock community, can be found
in Appendix J Table J.1.

Table 3.7: OTUs found in mock community samples and their likely taxonomic
classifications

Genus Original
Mock

Outcome

Acinetobacter Yes OTU 42 is likely to represent the Acinetobacter in
the original mock community.

Citrobacter No OTU 8 is likely to be Citrobacter, but can only
be classified with confidence to family level (En-
terobacteriaceae). It could also be a mis-identified
OTU from a different genus within Enterobacteri-
aceae, and could be either from the mock commu-
nity or from drift between samples.

Enterococcus Yes OTUs 1, 254, 449 seem likely to represent the En-
terococcus in the original mock community.

Escherichia Yes OTU 3 is likely to represent the Escherichia in the
original mock community.

Fusobacterium No OTU 52 was identified as Fusobacterium, and
likely results from drift from nearby samples or
contamination.

Continued on next page
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Table 3.7 – continued from previous page

Genus Original
Mock

Outcome

Granulicatella No At least one of OTUs 292, OTU 484, and OTU
44 are likely to be Granulicatella, and present as a
result of either contamination or between-sample
drift.

Klebsiella Yes OTU 4 is likely to represent the Klebsiella in the
original mock community.

Neisseria Yes OTU 34 is likely to represent the Neisseria in the
original mock community.

Pseudomonas Yes OTU 185 is likely to correspond to the Pseu-
domonas in the original mock community.

Shigella No OTUs 265 and 353 may be Shigella, and appear
in the replicates due to contamination or between-
sample drift (Minich et al. 2019), though misclassi-
fication of Escherichia from the original mock com-
munity is also possible.

Staphylococcus Yes Most or all of OTUs 108, 2, 277, 309, 374, 458, 459,
and 598 are likely to represent the Staphylococcus
from the original mock community.

Streptococcus Yes Most or all of OTUs 107, 126, 14, 231, 503, 580,
594, 597, 599, and 6 are likely to represent the
three Streptococcus species from the original mock
community.

Zymomonas No At least two, and maybe all of OTUs 581, 467,
and 342 are plausibly Zymomonas, and present as
a result of either drift or contamination.

3.3.4 Blank samples and negative controls

Ninety-five OTUs, allocated to 61 genera, were found across the blank and six
negative controls (NTCs). These are summarized in Table 3.8 below. Of these
61 genera, 15 are listed in Salter et al. (2014)’s examination of contaminants
in microbiome sequencing (Salter et al. 2014). They are Bradyrhizobium, Bre-
vundimonas, Mesorhizobium, Methylobacterium, Cupriavidus, Curvibacter, Methy-
lophilus, Acinetobacter, Escherichia, Pseudomonas, Corynebacterium, Janibacter,
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Micrococcus, Chryseobacterium, and Streptococcus. Eisenhofer et al. (2019) curated
a list of taxa which had been report in negative controls by multiple studies. Of
these 61 genera in the negative controls, 22 are presented in this list: Achromobac-
ter, Acinetobacter, Bradyrhizobium, Brevundimonas, Chryseobacterium, Corynebac-
terium, Cupriavidus, Curvibacter, Cutibacterium, Enterococcus, Escherichia, Fu-
sobacterium, Granulicatella, Haemophilus, Mesorhizobium, Methylobacterium, Neis-
seria, Pseudomonas, Rothia, Staphylococcus, Streptococcus, and Veillonella (Eisen-
hofer et al. 2019). For a full discussion of all taxa considered as putative contami-
nants in this study, including previously published history as possible contaminants,
see Appendix H.

Table 3.8: OTUs found in negative control samples and their taxonomic classifica-
tions

Phylum Class Genus

Proteobacteria Alphaproteobacteria Bradyrhizobium (OTU 241), Bre-
vundimonas (OTU 76), Gemmobac-
ter (OTU 462), Mesorhizobium (OTU
137), Methylobacterium (OTU 117,
249), Methylocella (OTU 460), Zy-
momonas (OTU 342)

Betaproteobacteria Achromobacter (OTU 19), Cupriavidus
(OTU 115), Curvibacter (OTU 129),
Lautropia (OTU 35), Methylophilus
(OTU 133), Mitsuaria (OTU 439),
Neisseria (OTU 34), Rubrivivax (OTU
223), Telluria (OTU 136), Tepidimonas
(OTU 30), Tepidiphilus (OTU 303)

Gammaproteobacteria Acinetobacter (OTU 41, 25, 42),
Alishewanella (OTU 273), Citrobac-
ter (OTU 8), Escherichia (OTU
3), Haemophilus (OTU 280, 7),
Halomonas (OTU 242), Klebsiella
(OTU 85, 4), Moraxella (OTU 61),
Pseudomonas (OTU 17), Shigella
(OTU 265)

Continued on next page
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Table 3.8 – continued from previous page

Phylum Class Genus

Deltaproteobacteria Desulfonauticus (OTU 63)

Actinobacteria Actinobacteria Corynebacterium (OTU 75, 144),
Cutibacterium (OTU 101), Gard-
nerella (OTU 212), Janibacter (OTU
156), Kineosphaera (OTU 174), Micro-
coccus (OTU 220), Rothia (OTU 20),
Streptomyces (OTU 413)

Nitriliruptoria Nitriliruptor (OTU 260)

Firmicutes Bacilli Anoxybacillus (OTU 56), Enterococ-
cus (OTU 1, 449, 254), Granulicatella
(OTU 210, 44), Lactococcus (OTU 10),
Staphylococcus (OTU 277, 458, 459,
598, 108, 2, 374), Streptococcus (OTU
107, 126, 14, 231, 399, 580, 597, 6, 503,
390)

Clostridia Blautia (OTU 18, 160), Lachnoanaer-
obaculum (OTU 158), Lachnoclostrid-
ium (OTU 12, 111, 208, 548, 22, 32,
28), Roseburia (OTU 104), Rumini-
clostridium (OTU 279)

Negativicutes Veillonella (OTU 15, 176)

Bacteroidetes Bacteroidia Alistipes (OTU 91), Bacteroides (OTU
29, 38), Hymenobacter (OTU 188),
Parabacteroides (OTU 40, 23)

Cytophagia Spirosoma (OTU 146)

Flavobacteriia Chryseobacterium (OTU 171), Owen-
weeksia (OTU 217)

Sphingobacteriia Nubsella (OTU 461), Sphingobacterium
(OTU 99)

Deinococcus-
Thermus

Deinococci Thermus (OTU 106)

Fusobacteria Fusobacteriia Fusobacterium (OTU 52)

The sequencing blank had the fewest OTUs found in it, 12 reads from five OTUs.
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These were classified as Streptococcus mitis (OTU 6), Staphylococcus epidermidis
(OTU 2), Shigella flexneri (OTU 265), Neisseria cinerea (OTU 34), and Klebsiella
pneumoniae (OTU 4). Of these classifications, the genera classifications for OTUs
6, 34, and 4 were above the MAPseq identification threshold (cf = 0.4), indicating
confidence in their taxonomic identification. OTU 265 could be identified as Enter-
obacteriaceae (cf = 0.56), while OTU 2 could be confidently classified only as far as
Bacilli (cf = 0.68). These were all abundant across the samples: each represents a
cluster of over 10,000 reads.

There were six negative controls (NTCs). Amongst these were 10 OTUs which
appeared in at least four of the six NTCs, as can be seen in Table 3.9. Their ubiquity
in the negative controls across both plates suggests that they may be contaminants
present in reagents. Five of the OTUs seen in the blank are included in this list.
Table 3.9 details the taxonomic classification of these OTUs.

Table 3.9: OTUs present in at least 4 of the 6 NTCs

OTU Genus
OTU_19 Achromobacter
OTU_41 Acinetobacter
OTU_101 Cutibacterium
OTU_1 Enterococcus
OTU_3 Escherichia
OTU_4 Klebsiella
OTU_265 Shigella
OTU_2 Staphylococcus
OTU_6 Streptococcus
OTU_30 Tepidimonas

3.3.5 Decontam results

When agglomerated by genus there are 195 genera. Decontam was applied to the
agglomerated data in three ways: frequency, prevalence, and combined.
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Figure 3.2: Framework to retain or remove genera for future analysis by assessing
if they are contaminants in this study. The number in brackets of each section
indicates the number of genera. Figure by T. Attenborough.

Figure 3.2 shows the result of contamination framework on the data by genus,
and those genera indicated as contaminants through the use of Decontam are shown
in Table 3.10.

Table 3.10: Genera classified as contaminants after OTU agglomeration at genus
level.

Genus Prevalence Decontam
score

Detected
in OTU
Decontam

Outcome

Mesorhizobium 2 0.00071 No Removed

Methylobacterium 9 0.00079 Yes Removed

Tepidimonas 49 0.00142 Yes Removed

Continued on next page
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Table 3.10 – continued from previous page

Genus Prevalence Decontam
score

Detected
in OTU
Decontam

Outcome

Achromobacter 50 0.01134 Yes Removed

Cutibacterium 25 0.01271 Yes Kept

Acinetobacter 41 0.01293 Yes Kept

Curvibacter 5 0.01839 Yes Removed

Ruminiclostridium 5 0.03443 Yes Kept

Brevundimonas 2 0.04110 No Removed

Hymenobacter 2 0.04110 No Removed

Janibacter 2 0.04110 No Removed

Nitriliruptor 2 0.04110 No Removed

Sphingobacterium 2 0.04110 No Kept

Streptomyces 2 0.04110 No Kept

Tepidiphilus 2 0.04110 No Removed

Bradyrhizobium 2 0.04762 No Removed

Halomonas 2 0.04762 No Removed

Desulfonauticus 4 0.05334 Yes Removed

Thermus 19 0.05545 Yes Removed

Corynebacterium 26 0.06255 Yes Kept

Spirosoma 3 0.07139 No Removed

Moraxella 14 0.08364 Yes Kept

Mitsuaria 4 0.09511 No Removed

Rubrivivax 4 0.09511 No Removed

Kocuria 2 0.11630 Yes Kept

Agrobacterium 2 0.16138 Yes Removed

Alistipes 8 0.16334 Yes Kept

Shigella 97 0.17054 Yes Kept

Anoxybacillus 3 0.18000 Yes Removed

Lautropia 6 0.18354 Yes Kept

Continued on next page
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Table 3.10 – continued from previous page

Genus Prevalence Decontam
score

Detected
in OTU
Decontam

Outcome

Leuconostoc 4 0.18412 Yes Kept

Rhodococcus 2 0.18567 No Kept

Klebsiella 102 0.19155 Yes Kept

Caulobacter 2 0.19859 No Removed

Bacteroides 41 0.19909 No Kept

Brevibacterium 5 0.21352 Yes Kept

Pseudomonas 24 0.22701 Yes Kept

Parabacteroides 16 0.24482 Yes Kept

Bacillus 8 0.24678 No Kept

Cupriavidus 7 0.26351 Yes Kept

Methylophilus 9 0.26574 Yes Removed

Chryseobacterium 5 0.28307 No Kept

Micrococcus 7 0.28724 Yes Kept

Coprococcus 4 0.29682 No Kept

Acidovorax 4 0.29860 No Kept

Roseburia 8 0.29930 No Kept

For a full discussion of each of the above genera, see Appendix H. The additional
genera indicated as putative contaminants following mock community analysis can
be seen in Table 3.11. Only one of these was also indicated as a possible contaminant
using Decontam, and only one was ultimately removed.

Table 3.11: Putative contaminants indicated by positive controls (mock community
replicates).

Genus Prevalence Detected using Decontam Outcome
Citrobacter 60 No Kept
Fusobacterium 29 No Kept
Granulicatella 80 No Kept
Shigella 99 Yes Kept
Zymomonas 17 No Removed
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A comparison of detection methods shows in Table 3.12 that there were no gen-
era only indicated as putative contaminants by the OTU-based method which were
confirmed as contaminants using the framework developed in this chapter.

Table 3.12: Genera indicated as possible contaminants using Decontam. Genera
only detected by genus-based Decontam are seen in the first column, genera detected
by both genus-based Decontam and OTU-based Decontam are seen in the second
column, and genera only detected by OTU-based Decontam are seen in the third
column. Genera meeting the criteria for removal are indicated in bold.

Genus only Genus and OTU OTU only

Alistipes Achromobacter Blautia

Bacillus Acidovorax Enterococcus

Bradyrhizobium Acinetobacter Erysipelatoclostridium

Caulobacter Agrobacterium Eubacterium

Coprococcus Anoxybacillus Haemophilus

Halomonas Bacteroides Lachnoclostridium

Klebsiella Brevibacterium Neisseria

Leuconostoc Brevundimonas Paracoccus

Rhodococcus Chryseobacterium Ruminococcus

Roseburia Corynebacterium Staphylococcus

Sphingobacterium Cupriavidus Sutterella

Spirosoma Curvibacter

Cutibacterium

Desulfonauticus

Hymenobacter

Janibacter

Kocuria

Lautropia

Mesorhizobium

Methylobacterium

Methylophilus

Micrococcus

Mitsuaria

Continued on next page
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Table 3.12 – continued from previous page

Genus only Genus and OTU OTU only

Moraxella

Nitriliruptor

Parabacteroides

Pseudomonas

Rubrivivax

Ruminiclostridium

Shigella

Streptomyces

Tepidimonas

Tepidiphilus

Thermus

100% of the genera only indicated by the OTU-based Decontam as possible con-
taminants would have been retained following progression through the potential con-
taminant framework, whereas 50% of those genera indicated by both OTU-based
and genus-based Decontam were retained and 67% of genera indicated by genus-
based Decontam were retained.
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Table 3.13: Final status of putative contaminant genera and outcome for future
analysis.

Kept Removed
Acidovorax Achromobacter
Acinetobacter Agrobacterium
Alistipes Anoxybacillus
Bacillus Bradyrhizobium
Bacteroides Brevundimonas
Brevibacterium Caulobacter
Chryseobacterium Curvibacter
Citrobacter Desulfonauticus
Coprococcus Halomonas
Corynebacterium Hymenobacter
Cupriavidus Janibacter
Cutibacterium Mesorhizobium
Fusobacterium Methylobacterium
Granulicatella Methylophilus
Klebsiella Mitsuaria
Kocuria Nitriliruptor
Lautropia Rubrivivax
Leuconostoc Spirosoma
Micrococcus Tepidimonas
Moraxella Tepidiphilus
Parabacteroides Thermus
Pseudomonas Zymomonas
Rhodococcus
Roseburia
Ruminiclostridium
Shigella
Sphingobacterium
Streptomyces

Table 3.13 shows the the ultimate verdict on all the genera analysed as possible
contaminants, initially detected by either Decontam or mock community analysis,
and assessed using the putative contaminant framework. Full details on each of
thees genera can be seen in Appendix H. For an example of the effects of contami-
nants in this study, the sequential sharing figures in Chapter 4 Section 4.3.2 can be
compared with those in Appendix K, where contaminant genera are present.
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3.4 Discussion

3.4.1 Mock communities

Three mock community (Huggett et al. 2013) replicates were sequenced, so consis-
tency across samples could be investigated (Callahan, Wong, et al. 2019). From
this point onwards, taxonomic classification below genus level will not be used. It
is clear from the examination above, as well as previously published data, that
while some species level identifications are accurate, many cannot be confirmed to
be accurate (Janda and Abbott 2007; Johnson et al. 2019; Vtrovský and Baldrian
2013). Genus-level identification seems to be generally reliable from mock commu-
nity analysis. This conclusion is also common in the literature (Jovel et al. 2016).
Furthermore, the MAPseq creators recommend a cutoff of the combined confidence
value in taxonomic classification between 0.4 and 0.5 (Matias Rodrigues et al. 2017),
and the mean value for the genus level classification is 0.44. Therefore genus-level
taxonomic identification will be used going forward. While the majority of OTUs
in this study are identified to genus level with a confidence score above the recom-
mended threshold, for some the score is below. While this does not mean that the
classification is incorrect, it is less reliable. The limitations of taxonomic identifica-
tion must be balanced with their utility. Many more OTUs were identified in the
mock community than species were included, but this is not an unusual result. It
has been reported that alongside technical factors such as sequencing error, which
may inflate OTU count, intragenomic 16S rRNA gene differences may also increase
the diversity detected in mock communities (Earl et al. 2018; Johnson et al. 2019;
Vtrovský and Baldrian 2013).

Five genera were seen in the mock community replicates which were not in the
original mock community, and the assigned taxonomy was plausible. Therefore these
plausible contaminant genera, Citrobacter, Fusobacterium, Granulicatella, Shigella,
and Zymomonas, were added to the pipeline to assess putative contaminant genera.

The copy number comparison had some limitations, as the median copy number
was sourced from a combination of Huggett et al. (2015) and Stoddard et al. (2015),
and it may not be the same as the actual bacteria in the sample. However use of
the copy number-adjusted comparison allowed an approximate comparison between
input and output. For many of the genera the results were similar between the copy
number-adjusted original mock community, and the copy number-adjusted repli-
cates. For those which were divergent, particularly Staphylococcus and Klebsiella,
the difference in total sample composition between the replicates and the original
mock community was around 10%. This suggests that some genera in the study
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samples may be over or underreported relative to the original composition, a known
limitation of 16S rRNA gene sequencing studies due to a variety of factors including
16S rRNA gene target region and primer choice (L. Cai et al. 2013). This possible
bias is likely to be consistent between samples as the percentage sample composi-
tion between replicates was largely even, and thus likely to have minimal effect on
between-sample comparison. Louca et al. (2018) advise against correcting for copy
number variation unless either the OTUs are similar enough to sequences where copy
number is known, or knowing the relative proportions of OTUs in a given sample
is of a high enough priority to risk the noise introduced by copy number correction
(Louca et al. 2018). As neither of these are the case in this study, particularly as
the primary research questions relate to change over time rather than composition
in a single sample, no copy number correction was undertaken. However, it provides
information on the variability of the data, and the limits of quantifying the OTU
proportions. Brooks et al. (2015) showed how bias affected the abundance of taxa
differentially using mock community analysis and further found that some taxa af-
fected the abundance of others by sheer presence. For example, they showed that
if Lactobacillus iners and Gardnerella vaginalis were present in their study, mock
community analysis indicated that Lactobacillus iners abundance would be over-
estimated, and Gardnerella vaginalis abundance would be underestimated (Brooks
et al. 2015). The mock community analysis in this study suggests that if Staphylo-
coccus and Klebsiella are present in a sample, Staphylococcus abundance would be
overestimated, and Klebsiella abundance would be underestimated, although copy
number inaccuracy cannot be excluded as an alternative source of the discrepancy.

Examination of the confidence levels of taxonomic identification of species seen
in the mock communities has been informative about the overall confidence of tax-
onomic identification, and has shown that the vast majority of OTUs seen in the
mock communities may plausibly have come from the mock community input.

3.4.2 Negative controls

Sequencing blanks and negative extraction control samples can be used to iden-
tify external and internal contamination (Davis et al. 2018) (see Section 3.1.4),
though only external contamination was addressed in detail in this chapter due to
the methodological constraints of identifying internal contamination (Minich et al.
2019).

There was one blank sample and 6 negative extraction controls (NTCs). There
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was one NTC for each extraction, and they contained blank OmniGut buffer. These,
alongside the mock communities, were used to help elucidate the level of confidence
in the sequencing results. The most likely source of bacterial DNA in these sam-
ples is either contamination from the reagents, or some bacterial drift from nearby
samples. For more detail, see the plate map in Appendix D. Minich et al. (2019)
reported that for negative control samples, much of the diversity likely comes from
nearby samples rather than externally, so removing taxa based on their appearance
in a negative control would likely remove some genuinely present taxa which are
abundant across the study. Thus presence in negative controls alone would not be
grounds for removal of taxa (Minich et al. 2019).

Of the 61 found across the blank and NTCs, 20 were later removed through the
use of the genus-based Decontam. A further 19 genera belonged to a genus that is
under greater scrutiny as they appeared in the genus-based Decontam, but did not
have enough evidence to suggest removal.

3.4.3 Putative contaminants

Both OTU-based and genus-based contaminant removal was tested, and ultimately
genus-based was used. This was primarily due to the considerations that there is low
discriminatory power of species level identifications using 16S rRNA gene sequenc-
ing (Janda and Abbott 2007; Johnson et al. 2019), and that the statistical power
of Decontam to detect putative contaminant is greater with increased prevalence
(Davis et al. 2018). The table showing the OTUs which were classified as possible
contaminants using the customised Decontam system (Section 3.2.5 .

Some differences between OTU-based and genus-based contaminant removal
were immediately noticeable. Fewer OTUs than genera were scored as contami-
nants, though not proportionally fewer, given that genera are fewer than OTUs.
The majority of putative contaminant OTUs were detected through the combined
method as well as either prevalence or frequency.

In many cases, not all OTUs of a genus indicated as putative contaminants by
OTU-based Decontam were indicated as possible contaminants. Thus it is possible
that some but not all OTUs (and/or species) of a genus were contaminants. By
selecting to identify and remove contaminants by genera, the power of Decontam to
discern the likelihood of whether a taxon is contaminant is increased, but the chance
to parse the likelihood of individual OTUs within the taxa as possible contaminants

167



is lost.

Forty-six genera were classified as putative contaminants when the data were
agglomerated by genus, plus five which were indicated by mock community analy-
sis, with an overlap of one as Shigella was indicated as a putative contaminant by
both methods. Thirty-four (73.91%) of these genera had previously been identified
through the corresponding OTU-based Decontam. Twelve (26.09%) were only iden-
tified by the genus-based Decontam. Eleven genera from the OTU-based Decontam
were not detected in the genus-based Decontam.

None of these 11 genera would have been removed based on the putative contam-
inant removal framework. Therefore, it does not appear likely that any important
contaminants to remove would be missed using only a genus-based approach to con-
tamination in these data. However, these interpretations have been made in the
context of this specific project. A conservative approach has been used especially
because these samples have been collected from immunocompromised and in most
cases hospital-based children, who may genuinely have had some gut microbiota
rarely or never encountered amongst healthy children or adults. Therefore some
genera have been left in the data that may have been removed in different contexts.
However, the findings in the Chapter 4 study using this data, will be interpreted
with the understanding that some contaminants possibly remain in these data.

3.5 Conclusions

There were 599 OTUs at the outset of this study, following the filtering of low-
quality reads and chimaeras. This was reduced to 593 after removing OTUs which
could not be identified beyond phylum level. Through contaminant identification
and removal 32 OTUs from 22 genera were removed, leaving the final OTU table
for onward analysis with 561 OTUs from 173 genera (see Table 3.13).

Twenty-eight genera were indicated by Decontam and mock community analysis
as possible contaminants, but upon review were retained in the present study as
the evidence was not considered conclusive. These can be seen in Table 3.13. The
remaining 145 genera were not flagged by Decontam or mock community analysis
as possible contaminants.

Decontam was developed for detecting contaminants coming from outside the
study samples and not for detecting cross-contamination: i.e. a genus cannot be
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determined to be an contaminant in one sample and a non-contaminant in another
sample using the Decontam model (Davis et al. 2018). However it is possible that
a given genus could be genuinely present in one study sample, but be the result of
internal or external contamination in another. This is another reason that contam-
inant removal was undertaken conservatively, and that no genera were altered in
these data in relation to internal cross-contamination.

Genus-based contaminant removal was ultimately chosen for several reasons, but
primarily as species-level identifications may be spurious, and genus-level identifi-
cation was generally reliable (Janda and Abbott 2007; Jovel et al. 2016; Vtrovský
and Baldrian 2013). Many of the OTUs which were initially flagged as possible
contaminants but were not considered appropriate for removal as they were known
gut community members (e.g. Blautia) were not flagged as possible contaminants
at genus level, suggesting that the algorithm may be more effective at classifying
contaminants at genus level. Finally, increased prevalence of an OTU or genus gives
the Decontam algorithm increased power to detect contaminants (Davis et al. 2018).
Agglomerating OTUs into genera allowed the detection of some contaminants which
were not detected as OTUs, but whose ecology and abundance patterns were in-
dicative of contamination (e.g. Agrobacterium and Mesorhizobium) because their
prevalence was too low at OTU-level. However, choosing genus-level contaminant
removal sacrifices the ability to discriminate within a genus if some OTUs are con-
taminants and some are genuinely present. Decontam cannot distinguish cases in
which a genus is genuinely present in one sample and a contaminant in another
(Davis et al. 2018). Given that it is difficult to assign taxonomic identity below
genus (Janda and Abbott 2007; Johnson et al. 2019; Jovel et al. 2016; Vtrovský and
Baldrian 2013), contaminant identification and removal was applied by genus, but
this does require the limitation of not identifying cases where OTUs within a genus
have differential probabilities of being contaminants in this study.

Chapter 3 was conceived with the goals of reviewing the literature and using
this to choose and implement pre-processing and contaminant removal methods in
a way suited to this study, and present the work in an open way. This chapter has
provided a case study in some of the available methods of pre-processing 16S rRNA
gene sequencing data, and focused on taxonomic identification, mock communities,
negative controls, and the removal of external contamination. It has provided an ex-
amination and explanation of why the inclusion and analysis each of these elements
is important. Many 16S microbiome studies even now do not use negative or positive
controls (such as mock communities), and fewer still provide a reproducible expla-
nation of how controls and contaminants were addressed in those studies (Hornung
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et al. 2019). This chapter provides a detailed method of how mock communities,
negative controls, and positive controls, can be used to improve the quality of a
dataset. Furthermore it shows that such quality control can both raise, and better
understand, how much confidence can be placed in the findings of such a study.
The thorough exploration and quality control of these data has provided a greater
understanding of the data and improved the quality, which is carried onward to the
analysis of these data in Chapter 4.

This chapter also provides a specific framework to remove contaminants from
a study such as this one, and is tailored to address some added challenges such as
variable sample mass, and severely ill immunocompromised children as the sample
source. This method centres around the Decontam R package (Davis et al. 2018),
but also places emphasis on the taxonomic identity of the putative contaminant
(Salter et al. 2014), the ecology and previous published information about the puta-
tive contaminant, as well as factors such as prevalence and sample biomass (Eisen-
hofer et al. 2019). This framework could be adapted for application in future studies.

Based on the work presented in this chapter I would recommend future 16S
rRNA gene sequencing projects to be conducted with mock community technical
replicates, and at least five to six negative controls to facilitate contamination re-
moval (Davis et al. 2018). For this analysis, it also appeared that Decontam per-
formed better on genera than OTUs, though this may vary depending on the data.
I would also recommend a tailored approach to contaminant removal such as the
one presented in this chapter, which is suitable to the specific project. For example,
in this project some genera which were previously reported contaminants but also
were known to cause disease in humans were retained, though in other studies these
may be removed (Davis et al. 2018). In these data the samples came from immuno-
compromised children generally in a hospital environment, and thus they may be
colonised by bacteria not normally seen in the general population. Positive controls
at both pre-DNA extraction and post-DNA extraction stages can also help to clarify
results (Hornung et al. 2019; D. Kim et al. 2017), and were of use in this study. Fi-
nally, I would urge microbiome researchers to clearly communicate the choices they
make surrounding positive and negative controls, quality control, and contaminant
removal. This would likely aid in data interpretation, reduce erroneous conclusions,
and facilitate comparisons between studies. Greater clarity in the discourse around
these aspects of microbiome research can only further improve the standards in this
research community.
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Chapter 4

Gut microbiome trajectories of
paediatric stem cell transplant
patients

Declaration of contributions

This study was conceived and designed by Dr Julianne Brown (GOSH, Microbi-
ology, Virology and Infection Control) and Prof Judy Breuer (UCL, Infection and
Immunity). The samples were collected by research nurses while the study partici-
pants were inpatients at Great Ormond Street Hospital, and by their parents, once
they were outpatients. Dr Julianne Brown also performed the DNA extractions. Dr
Ronan Doyle (GOSH, Microbiology, Virology and Infection Control) did the library
preparation and 16S rRNA gene sequencing. I performed the bioinformatic process-
ing, and the data analysis. Ethics declaration can be found in Section 2.1.1.

A manuscript reporting on this project is in preparation.

4.1 Introduction

In this chapter, I will begin by explaining why the compositional dynamics of the
gut microbiome in paediatric patients receiving haematopoietic stem cell transplants
(HSCTs) is of interest. I will then provide a background to HSCT and graft-versus-
host disease, the interplay between the gut microbiome and antibiotics, and sum-
marise the findings of other studies in this area. I will also present relevant informa-
tion from adult studies of a similar structure. I will then add to Methods Chapter
2 by describing the laboratory, bioinformatic, and statistical methods used only in
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this chapter. I will also describe the study population.

I will then describe the results found in this study. Firstly I will show the general
attributes and structure of the data. I will then go through a detailed analysis of
a subset of the patients, and present them individually. Finally, I will draw the
patients together, summarise the findings, highlight the common patterns, and look
at all the patients as a group. I will end by discussing the results in the context of
the wider body of research, and present my conclusions.

4.1.1 Context of this study

Stem cell transplantation is a complex and major medical intervention, which can
greatly extend the lifespan of many recipients suffering from a range of serious
illnesses, including immunodeficiencies and a variety of cancers (Galgano and Hutt
2018). This can be transformative, especially for the very young children living with
these life-threatening conditions. However, this procedure comes with many compli-
cations, can be fatal, and affects health in many respects. Through this study I hope
to contribute to a better understanding of the effects of stem cell transplantation on
the gut microbiome in children, with the ultimate goal of improving the outcomes
and lives of these people. Investigating the gut microbiome in the context of HSCT
is of particular relevance as it has been reported as predictive of, and may play a
role in, successful engraftment and survival after transplant (Taur, Jenq, et al. 2014).

The link between the gut microbiome, the changes in gut composition, and the
development of gut-associated acute GvHD (aGvHD) is of great interest as it has
a major impact on patient mortality and morbidity (Biagi, Zama, Rampelli, et al.
2019). The interface of this link is the immune system. While HSCTs are immensely
helpful to many patients, aGVHD is the main complication of this procedure, lim-
iting the success and efficacy of HSCTs (Biagi, Zama, Nastasi, et al. 2015; Blazar
et al. 2012; Pasquini et al. 2010).

The dynamics of gut microbiota in patients undergoing HSCTs is already sub-
ject to study (Biagi, Zama, Nastasi, et al. 2015; Biagi, Zama, Rampelli, et al. 2019;
Holler et al. 2014; Jenq, Ubeda, et al. 2012). Several of these studies have been
performed with adult humans (Holler et al. 2014; Jenq, Ubeda, et al. 2012; Mancini
et al. 2017), while some examine the gut microbiota during the HSCT process in chil-
dren (Biagi, Zama, Nastasi, et al. 2015; Biagi, Zama, Rampelli, et al. 2019; Lane et
al. 2015). For details on HSCTs in children see Introduction (Chapter 1) Section 1.6.
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The primary purpose of the study of Dr Julianne Brown and Prof Judy Breuer
was to study norovirus transmission within a paediatric hospital, and the faecal
sample collection regime was designed accordingly. Other approved purposes of the
sample collection included provision of data from the samples for further research
such as that reported here.

4.1.2 Antibiotics

In most cases, there is some treatment to suppress the patient’s immune system
alongside HSCT. To avoid this immunosuppression facilitating serious bacterial in-
fections, especially in a hospital context, HSCT recipients are usually given antibi-
otics, both prophylactically and to treat specific infections. Therefore, antibiotics
are likely to play a significant role in shaping these patients’ microbiomes over time
as it has been established that both chemotherapy treatment and the use of antibi-
otics disrupts the ecological equilibrium of the gut microbiome (Croswell et al. 2009;
Holler et al. 2014; Yassour et al. 2016).

Two studies following antibiotic administration to healthy antibiotic-naïve chil-
dren found that α-diversity was significantly lower after azithromycin administration
compared to a placebo group (Doan et al. 2017; Oldenburg et al. 2018). Oldenburg
et al. (2018) also investigated amoxicillin and co-trimoxazole, though this did not
produce a result significantly different to the placebo. For further details, see Ap-
pendix L, Doan et al. (2017), and Oldenburg et al. (2018).

Antibiotic use is reported cause a greater disruption when the antibiotics were
given in the first three years of life (Vatanen et al. 2018; Yassour et al. 2016). Bifi-
dobacterium, which is most abundant in young children still receiving breast milk, is
susceptible to antibiotic use, particularly macrolides (Korpela et al. 2016). Early use
of antibiotics in children (under 6 months of age) was reported to result in reduced
diversity compared to those who were not, even 12 - 24 months after the antibiotics,
suggesting that early use of antibiotics has a long-lasting effect on the paediatric mi-
crobiome (Korpela et al. 2016). This was especially true for macrolide antibiotic use
(antibiotic class including azithromycin, clarithromycin, and erythromycin), which
also led to a relative reduction of Bifidobacterium (and other Actinobacteria) and a
relative increase in Bacteroidetes and Proteobacteria (Korpela et al. 2016).

Once it is established, at around 30 - 36 months of age (Stewart et al. 2018;
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Yassour et al. 2016), the mature gut microbiome is reportedly stable and fairly re-
silient (Gaufin et al. 2018; Lozupone et al. 2012). Faith et al. (2013) reported that
60% of the bacterial sequences were stable over 5 years in adults (Faith et al. 2013).
Furthermore, Dethlefsen et al. (2011) reported that, following antibiotics, the mi-
crobiome composition returns to similarity with the pre-administration state within
weeks or months (Dethlefsen and Relman 2011). However it is not always straight-
forward; there is also evidence showing that response to antibiotics is individualised,
and that antibiotic use can result in reduced diversity for over a year (Zaura et al.
2015) or a transition to a new stable composition (L. P. Shaw et al. 2019).

4.1.3 Graft-versus-host disease

GvHD is a fairly common result of HSCT, with effects ranging from mild to life-
threatening (Rezvani and Storb 2012). For more details see Chapter 1 Section
1.6.3. Several associations have been identified between acute GvHD and specific
gut microbiota signatures. Families from the Clostridia class such as Clostridiaceae,
Eubacteriaceae, Lachnospiraceae, and Ruminococcaceae have been associated with
a degree of protection from acute GvHD (Atarashi et al. 2013; Biagi, Zama, Ram-
pelli, et al. 2019; Mathewson et al. 2016; Simms-Waldrip et al. 2017). In adults,
Jenq et al. (2015) found that reduced mortality positively correlated with relative
abundance of Blautia (Jenq, Taur, et al. 2015).

4.1.4 Diarrhoea

Vandeputte et al. (2016) report that increased stool transit time was correlated
with lower species richness in adult women (Vandeputte et al. 2016). In a larger
population of adults, Tigchelaar et al. (2016) did not find a correlation between
stool consistency and species richness, but did find some taxa associated with stool
consistency (Tigchelaar et al. 2016). Falony et al. (2016) reported that stool con-
sistency does have a significant effect on gut microbiome composition. Therefore
changes in stool consistency due to diarrhoea must be considered when interpreting
the results of the present study.

4.1.5 Gut microbiome during HSCT in paediatric patients.

In 2015, Biagi et al. performed a study of gut microbiome dynamics in paediatric
patients undergoing HSCT. They had ten patients undergoing allogeneic HSCT, of
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whom five developed acute GvHD and five did not. A pre-transplant stool sample
was taken from each patient, as well as at least three longitudinal samples following
the transplant. All patients were exposed to antibiotics for a similar period of time.
They found that HSCT triggered temporary functional and structural disruption
of the gut microbiome (Biagi, Zama, Nastasi, et al. 2015). Before the transplant,
patients who did not later develop acute GvHD presented with higher abundances
than the other patients of Bacteroidetes (which produce propionate), which per-
sisted through the disruption caused by the HSCT.

Biagi et al. (2015) found that the HSCT triggered an average loss of 30% of
α-diversity, compared to pre-transplant levels, as measured by the Chao1 diversity
index. The final samples collected for each patient were similar in diversity to the
pre-transplant samples, although the mean diversity was still lower. The majority
of the final samples (86.1 +/- 9.7%), at least 51 days after the transplant, were
composed of OTUs not present in the stool samples collected before the HSCTs for
patients both with and without aGvHD (Biagi, Zama, Nastasi, et al. 2015).

The researchers found that the samples taken from the patients who developed
aGVHD shortly after transplant were positively correlated with OTUs from Entero-
coccus and some Clostridiales taxa, and were negatively associated with Faecalibac-
terium and Ruminococcus. This was confirmed, as Enterococcus OTUs made up rel-
atively more of the samples from the aGvHD samples than the non-aGvHD samples,
both before the transplant and shortly after it. However, only in the samples from
the aGvHD patients did the median relative abundance of Faecalibacterium decrease
from the pre-transplant sample and the sample taken shortly after the transplant
(Biagi, Zama, Nastasi, et al. 2015). In the aGvHD patients, but not the non-aGvHD
patients, there was a decrease in the abundance of Firmicutes following the HCST,
and then recovery to above pre-transplant levels. Additionally, the aGvHD patients
showed lower median abundances than the non-aGvHD patients of Bacteroidetes at
all three time points (pre-transplant, immediately post-transplant, and two months
later). Specifically, the relative abundance of Bacteroides and Parabacteroides was
much higher in the children who did not develop aGvHD. These authors posited
that manipulation of the gut microbiome to increase the proportion of mutualis-
tic bacteria with potentially positive immunomodulatory function in the gut before
transplants may improve patient outcomes (Biagi, Zama, Nastasi, et al. 2015).

Biagi et al. (2019) found that children who developed acute GvHD generally
displayed gut microbiome dysbiosis before the transplant (Biagi, Zama, Rampelli,
et al. 2019), which they defined here as reduced diversity, a lower proportion of
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Blautia, and an increase in Fusobacterium. The pre-transplant samples from pa-
tients who did not develop aGvHD did generally show higher relative abundance
of Blautia compared to patients who developed aGvHD of any grade (Biagi, Zama,
Rampelli, et al. 2019). They noted a significant change in the microbiome structure
at engraftment (as described in Section 1.6.7), marked by a relative loss of sev-
eral taxa, though this varied between the patients when grouped by aGvHD status.
Patients with gut aGvHD had a significantly greater abundance of Bacteroides at
engraftment, compared to those without aGvHD or with skin aGvHD (Biagi, Zama,
Rampelli, et al. 2019). By 30 days after transplant, there was no significant dif-
ference in microbiome ecosystem structure between patients based on their GvHD
status. Biagi et al. concluded that there was a dysbiotic gut microbiome signature
(described above) that, before transplant, is indicative of future acute GvHD in the
gut post-transplant. This may aid in identifying patients who are more likely to
develop aGvHD, and may benefit from prophylactic FMT (Biagi, Zama, Rampelli,
et al. 2019).

Ingham et al. (2019) reported that higher abundances of Lactobacillaceae pre-
transplant were associated later with moderate/severe GvHD and higher mortality
(Ingham et al. 2019). They also reported that higher abundance of Ruminococ-
caceae after the transplant were associated with low/no GvHD and lower mortality.
Additionally, they reported that patients whose gut microbiome was predominantly
Enterococcaceae tended to persist in this was over time (Ingham et al. 2019).

Simms-Waldrip et al. (2017) reported that patients with GvHD had signifi-
cantly lower levels of anti-inflammatory Clostridia than patients without GvHD,
before GvHD onset (Simms-Waldrip et al. 2017). These patients also had a sig-
nificantly higher anti-anaerobic antibiotic load prior to GvHD development. These
authors hypothesised that this difference in antibiotic load may cause the Clostridia
depletion, though this may be only associated with, or contributory to GvHD de-
velopment (Simms-Waldrip et al. 2017).

4.1.6 Gut microbiome during HSCT in adults

Jenq et al. (2012) found that intestinal inflammation triggered by GvHD is ac-
companied by significant changes in microbiome composition. Some genera such
as Enterococcus have been reported to increase gut inflammation through disrup-
tion to the epithelial barrier (Steck et al. 2011). Jenq et al. (2012) postulate that
through mechanisms such as increased relative abundance of Lactobacillus inhibiting

176



the growth of Enterococcus, the composition of the microbiome may modulate the
severity of the GvHD (Jenq, Ubeda, et al. 2012). Prior to GvHD onset, patients had
similar microbiota diversity, but in GvHD patients, the α-diversity decreased after
GvHD onset. Compared to the non-GvHD group, the main changes in the GvHD
patients were an expansion of Lactobacillales and a decrease in Clostridiales (Jenq,
Ubeda, et al. 2012). They hypothesised that chaos in the gut microbiota soon after
the BMT was a risk factor for GvHD, and that manipulation of the gut microbiota
may be able to improve outcomes for HSCT patients (Jenq, Ubeda, et al. 2012).

Holler et al. (2014) found that reduction in diversity was associated with use of
broad-spectrum antibiotics, especially so in cases of gut GvHD (Holler et al. 2014).
A shift increasing the relative abundance of Enterococcus was observed after trans-
plant, and was especially pronounced alongside prophylactic antibiotic use. Holler
et al. (2014) reported a mean Enterococcus proportion of 21% in post-transplant
samples from patients who did not develop gastrointestinal (GI) GvHD. They re-
ported 46% of Enterococcus in the post-transplant samples from patients who did
develop GI GvHD, which rose to 74% at the time of active GvHD (Holler et al. 2014).

Holler et al. (2014) reported that the patients all showed changes from the day of
transplant in their microbiome profiles, which generally included a relative increase
in Enterococcus. Often there was also a relative decrease in commensal Firmicutes
species, which was especially pronounced in the patients with GvHD. The authors
reported that around day 28 after the transplant, the profiles started to return
to the patterns seen pre-transplant in patients without GvHD, or with resolving
GvHD. This was not seen in the patients with active GvHD (Holler et al. 2014).
Two main factors were suggested as the primary drivers associated with changes in
the microbiome profiles over the transplant process: antibiotics and GI GvHD. The
antibiotics considered to be causing the most change were broad spectrum, specifi-
cally ciprofloxacin and other systemic antibiotics (Holler et al. 2014). Use of these
were associated with relative increase in Enterococcus, and corresponding decrease
in bacteria classically considered to be commensal. Also associated with a relative
increase in Enterococcus was gut GvHD (Holler et al. 2014).

Taur et at. (2014) reported that gut microbiome diversity at engraftment was
a predictor of mortality in adult allogeneic HSCT, e.g. that patients with higher
diversity had higher survival. This led to the conclusion that gut microbiome com-
position may be contribute to the success of HSCT (Taur, Jenq, et al. 2014). Murine
models investigating the relationship between HSCT and gut microbiome have also
been reported (Jenq, Ubeda, et al. 2012; Simms-Waldrip et al. 2017).
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4.1.7 GvHD

Based on the studies discussed above, a table of gut microbiome traits either posi-
tively or negatively associated with aGvHD can be seen in Table 4.1.

Table 4.1: Gut microsbiome associations with GvHD and mortality.

Positively associated Negatively associated Context Authors

Relatively higher propor-
tions of Blautia associated
with lower mortality from
aGvHD

Adult
HSCT
patients

(Jenq,
Taur, et al.
2015)

Depletion of Clostridia Paediatric
HSCT
patients

(Simms-
Waldrip
et al. 2017)

Clindamycin use leading to
reduction in Clostridia

Murine
model

(Simms-
Waldrip
et al. 2017)

Some strains of Clostridia
decrease GvHD (theoreti-
cally related to Butyrate
production)

Murine
model

(Mathewson
et al. 2016)

Dysbiotic gut microbiota
pre-transplant: specifically
reduced diversity, lower rel-
ative abundance of Blautia,
higher relative abundance of
Fusobacterium

Paediatric
HSCT
patients

(Biagi,
Zama,
Rampelli,
et al. 2019)

Lower gut microbiota diver-
sity

HSCT pa-
tients aged
between
16-56

(L. Han et
al. 2019)

Loss of Lachnospiraceae,
Peptostreptococcaceae,
Erysipelotrichaceae

HSCT pa-
tients aged
between
16-56

(L. Han et
al. 2019)

Continued on next page
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Table 4.1 – continued from previous page

Positively associated Negatively associated Context Authors

Bloom of Enterobacteri-
aceae

HSCT pa-
tients aged
between
16-56

(L. Han et
al. 2019)

Decrease in alpha diversity,
an increase in Lactobacil-
lales, as well as a decrease
or loss of Clostridiales

Murine
model
and adult
BMT
patients

(Jenq,
Ubeda,
et al. 2012)

Higher abundances of Bac-
teroidetes prior to trans-
plant and persisting further

Paediatric
HSCT
patients

(Biagi,
Zama,
Nastasi,
et al. 2015)

Higher proportion of OTUs
from Enterococcus and some
unassigned Clostridiales

aGvHD was negatively as-
sociated with Faecalibac-
terium and Ruminococcus

Paediatric
HSCT
patients

(Biagi,
Zama,
Nastasi,
et al. 2015)

Higher relative abundance
of Bacteroides and Parabac-
teroides

Paediatric
HSCT
patients

(Biagi,
Zama,
Nastasi,
et al. 2015)

Higher abundance of Lac-
tobacillaceae pre-transplant
associated with moder-
ate/severe GvHD and
higher mortality

Higher abundance of
Ruminococcaceae after
transplant associated with
low/no GvHD and lower
mortality

Paediatric
HSCT
patients

(Ingham et
al. 2019)

4.1.8 Differential abundance

Differences between two biological conditions can be further characterised by cal-
culating the differential expression of genes, or the differential abundance of taxa,
between those conditions. DESeq2 is a package in R which can be used to calculate
fold difference in abundance in data such as 16S rRNA gene sequencing. It can
be used to estimate differential abundance between different conditions (Love et al.
2014) using the negative binomial distribution. To compare abundance difference
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between two groups, DESeq2 implements a model which incorporates a parameter
to normalise library size, a parameter to account for variance (called dispersion),
and parameters which are representative of the difference between the groups (Love
et al. 2014). Multiple-testing is adjusted for using Benjamini-Hochberg procedure
(Love et al. 2014). Although DESeq2 does control for differences in library size, very
small libraries are not used under best practice guidance (McMurdie and S. Holmes
2013). Relative expression values can then be calculated for a given taxa between
two groups of samples, such as five in one group and one in another. This is not
the absolute abundance of the taxa in the two groups, but the relationship in the
abundance of that taxa between the two groups.

4.1.9 Aims

A vast amount of research has been conducted on the gut microbiome, including
characterizing the developing microbiome in children, the interaction between the
gut microbiome and antibiotics, and the relationship between the gut microbiome
and HSCT, which Taur et al. (2014) reported is independently predictive of mor-
tality. However, there are still many gaps in our understanding, especially in the
ways these areas intersect. To this author’s knowledge there are four major studies
in the literature examining how the gut microbiome composition changes over the
period of time surrounding HSCTs in paediatric patients: Biagi et al (2015), Biagi
et al. (2019), Ingham et al. (2019), and Simms-Waldrip et al. (2017). This study
adds to this body of knowledge, particularly due to the long time scales available as
well as highly detailed antibiotic information allowing greater understanding of the
effect of antibiotics on the gut microbiome during HSCT. The present study was
conceived with the following aims:

• Characterise the composition and changes which occur in the paediatric micro-
biome over the transplant (HSCT) and post-transplant period with reference
to patient-specific factors

• Elucidate further the extent to which the changes may result from the trans-
plant itself and resulting GvHD, and or from other factors affecting patient
health including intercurrent infections and antibiotic therapies

• Examine patterns of microbiome composition, diversity, and specific changes in
taxa across the patients to better understand the relationship between HCST
in children and the gut microbiome
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4.2 Methods, materials, and patients

As the data from this study were used in multiple chapters of this thesis, the main
details regarding the study population, the laboratory methods, and bioinformatic
pipeline can be found in Chapter 2 (Section 2.2) and in Tables C.1, C.2, C.3, and
C.4 in Appendix C.

A subgroup of 20 patients were used for the majority of analyses, where longi-
tudinal data was particularly pertinent, as they had three or more samples. From
here this group of patients will be referred to as the subgroup, and for each analysis
the patient set used will be declared. Comparing gut microbiota with HSCTs was
the key focus of this study, as the vast majority of patients in the present study had
HSCTs. However it should be noted that 14 of the 136 samples were contributed
from patients receiving heart or kidney transplants. None of these patients produced
enough samples to be included in the subgroup analyses.

4.2.1 Combined patient analysis

To investigate the stages both pre- and post-transplant the samples were grouped
according to collection day pre- or post-transplant following a similar model to Biagi
et al. (2015). The groups were as follows: 1 (all pre-transplant samples), 2 (days
0 - 35), 3 (days 36 - 65), 4 (days 66 - 182), and 5 (day 183 onwards). Patterns
pre-dating the transplant can be seen in group 1, 19/20 had neutrophil engraftment
in the group 2 time period. If the patients have GvHD, it was most commonly seen
in the group 2 and 3 samples. Group 4 includes the samples approximately two -
six months after transplant, and group 5 includes all samples from more than six
months post transplant. These groups are used to detect temporal patterns across
the patient cohort.

The subgroup patients were also grouped by survival outcomes (Table 4.2) and
GvHD severity (Tables 4.3 and 4.4).
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Table 4.2: Patients codes showing those who were surviving or died following the
study.

Survivors Fatalities
CVG001 CVG004
CVG002 CVG005
CVG003 CVG019
CVG012 CVG041
CVG014 CVG042
CVG016 CVG046
CVG017 CVG047
CVG021
CVG028
CVG032
CVG048
CVG052
CVG054

Table 4.3: The patients grouped by GvHD and gut involvement. The grade of skin
GvHD was I - III, and the grade of gut GvHD was I - II. Three of the patients with
gut GvHD also had skin GvHD and patient CVG005’s gut GvHD was suspected
but not confirmed.

GvHD
None Skin Gut

CVG001 CVG002 CVG005
CVG003 CVG004 CVG012
CVG017 CVG014 CVG041
CVG032 CVG016 CVG042
CVG047 CVG019

CVG021
CVG028
CVG046
CVG048
CVG052
CVG054
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Table 4.4: The patients grouped by GvHD severity. Patient CVG016 was omitted
as the grade of GvHD could not be confirmed.

None/Grade I Grade II/Grade III
CVG001 CVG002
CVG003 CVG004
CVG014 CVG005
CVG017 CVG012
CVG028 CVG014
CVG032 CVG019
CVG047 CVG021
CVG048 CVG041

CVG042
CVG046
CVG052
CVG054

4.2.2 Antibiotic records

While the patients in the present study were in-patients, there were very detailed
records available of the antibiotic, antiviral, and antifungal drugs they received. Fol-
lowing their discharge, some records of the drugs they were prescribed were mined
from their clinical notes by Mr Jack Lee (GOSH, Department of Microbiology, Vi-
rology and Infection Control). In these cases, it was assumed they continued taking
the prescribed set of drugs until the next prescription in the clinical notes. Fol-
lowing the last available clinical notes, it was assumed they took the drugs for (at
least) two weeks, and it was noted as such in their records used for analysis. It is
possible that there are small errors in both of these approaches, but this is the best
approximation of the post-discharge medications.

For the 20 patients for whom detailed antibiotic data were available, 24 different
antibiotics were prescribed over the transplant period. Antibiotics were classified as
targeting Gram-negative bacteria, Gram-positive bacteria, or Mycobacteria, if the
majority of their bacterial targets fell into these groups. If there was action across
at least two of the groups, they were classified as broad spectrum. To support the
medication metadata, a reference table was created with information about medi-
cations taken, including antibiotics, sourced from MIMS (MIMS 2020). The target
of each antibiotic was summarised in simplified terms, in order to categorise the
antibiotics.
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Antibiotic dose was calculated in “drug days”. Each day that a patient was tak-
ing a given antibiotic was included i.e. if they took Metronidazole and Vancomycin
on the same day, that would count as two drug days. To calculate the drug dose
before GvHD onset, days were counted from the pre-transplant record to the day
before GvHD was recorded. The mean GvHD onset was calculated as 23 (for those
where data were available), and this mean was used for those patients where day of
onset was not recorded and those who didn’t develop GvHD.

4.2.3 Analytical methods

R Statistical Computing (version 3.6.3) was used for data manipulation and analy-
sis. The packages ggplot2 (version 3.2.1) (Wickham 2016), phyloseq (version 1.14.0)
(McMurdie and S. Holmes 2013) and DESeq2 (version 1.14.1) (Love et al. 2014),
and the tidyverse (Wickham et al. 2019) were frequently used. More details can be
seen in Section 2.6. Scripts associated with this chapter are available on GitHub
(tessatten/CVG) (Attenborough 2020).

4.2.4 Microbiome composition shifts

For present purposes, a major change in microbiome composition is defined as a 50%
or higher change between a pair of samples in their genus-level composition, where
only samples with at least 1,000 reads are included. For example, a sample which
is 75% Blautia and 25% Enterococcus followed by a sample which is 100% Blautia
would not be a major shift, while a sample which is 25% Blautia, 25% Enterococcus,
25% Lactobacillus, and 25% Roseburia followed by a sample which is 95% Entero-
coccus and 5% Roseburia would be a major shift.

4.2.5 Differential abundance

DESeq2 (Love et al. 2014) (see Section 4.1.8) was used to calculate which genera
were differentially expressed, and in accordance with recommended best practice
any samples with read counts below 400 reads were not used (McMurdie and S.
Holmes 2013). Therefore calculations were made with a maximum of 126 samples
and comparing 173 genera. All before transplant samples were classified as “pre”,
and samples from day 0 onwards were classified as “post”. Samples were only com-
pared for the effect of diarrhoea where it was confirmed to be present or absent
(55 samples). Temporal groups 1 and 2 approximated the pre-transplant and the
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engraftment periods (69 samples). Results are expressed as log2 change in one con-
dition compared to another. Therefore, a negative log2 change indicates that a genus
is reduced in expression in the first group of samples compared to the second, and
a positive log2 change indicates that a genus is enriched in expression in the first
group of samples compared to the second.

Further metadata were available for the subgroup of 20 patients, so more condi-
tions could be investigated. All pre-neutrophil engraftment samples were classified
as “pre” and samples from post engraftment (including day of) onwards were clas-
sified as “post” (99 samples). Samples were grouped by whether they came from
patients who had no GvHD/GvHD (grade I) or GvHD (grade II/III) (96 samples).

4.2.6 Sequential sharing plots

To plot shared sample composition over time, OTUs were merged into their respec-
tive genera. R and ggplot2 (Wickham 2016) were used to generate these sequential
sample plots, showing the progression of shared genera in each patient over time.
A table of raw counts of each genus is also provided to give perspective on the raw
abundances making up each proportion. A more in-depth description of this process
can be seen in Methods Section 2.9.2.

4.3 Results

4.3.1 Sample diversity is largely unaffected by timing and
library size

The spectrum of library size across all the samples was investigated in order to guide
decision-making in onward analysis. The temporal patterns of sequencing success or
failure were also visualized to better understand whether there is a biological factor
related to transplants affecting sequencing success.
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Figure 4.1: Library size (by sample read count) in each study sample coloured by
phylum.

Figure 4.1, coloured by OTU phyla shows that there is a huge discrepancy in
the number of reads assigned to each patient sample. The highest has over 100,000
reads, while the lowest has 1. The predominant constituents of the samples are
Firmicutes and Proteobacteria.

186



CVG060
CVG059
CVG057
CVG055
CVG054
CVG053
CVG052
CVG051
CVG050
CVG049
CVG048
CVG047
CVG046
CVG045
CVG044
CVG043
CVG042
CVG041
CVG040
CVG038
CVG037
CVG036
CVG035
CVG034
CVG033
CVG032
CVG029
CVG028
CVG027
CVG024
CVG023
CVG022
CVG021
CVG020
CVG019
CVG018
CVG017
CVG016
CVG015
CVG014
CVG013
CVG012
CVG011
CVG009
CVG008
CVG007
CVG006
CVG005
CVG004
CVG003
CVG002
CVG001

0 200 400
Days post transplant

P
at

ie
nt

 ID Sequenced

No
Yes

Figure 4.2: Time points of all samples, and coloured by the successful PCR ampli-
fication and sequencing of 16S rRNA gene. The dashed black line indicates the day
of transplant (day 0). 1

Figure 4.2 shows all the samples that were collected from each patient, which are
coloured by whether they could be sequenced. From this it is possible to see that

1Patients CVG026, CVG031, and CVG056 were recruited but no samples were processed. No
samples were received from patients CVG026 and CVG031, and after recruitment patient CVG026
was found to be not eligible.
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there is no clear pattern as to when the samples failed: it was not just around the
time of the preconditioning, the transplant, or immediately following the transplant.
Two samples were omitted from Figure 4.2, as both of these samples were recorded
as over 1000 days before the transplant, and they made it difficult to visualise the
other points. They were from CVG010 (day -1181) and CVG39 (day -1013), and
while both of these samples were successfully sequenced no other samples were avail-
able from either patient as they did not go on to have a transplant.
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Figure 4.3: Library size in each sample ordered by time of collection

Figure 4.3 shows the relationship between the number of days after transplant
and the number of reads. There is no apparent temporal effect on library size.
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Figure 4.4: Relationship between library size in all samples, and observed OTUs
and Shannon entropy

The relationship between library size for each sample, and the number of ob-
served OTUs and Shannon entropy, can be seen in Figure 4.4. This is particularly
relevant because of the huge variability in library size between samples. Ecological
principles would suggest that samples with larger library sizes would be more diverse
(A. D. Willis 2019), but this did not appear to be the case. The correlation between
Shannon entropy and total read count was tested using Spearman’s rank correla-
tion, as neither Shannon entropy nor total read count were normally distributed.
Spearman’s ρ was -0.459 (p < 0.001). Thus in these samples, there is a negative
correlation between Shannon entropy and total read count. For observed OTUs,
when the library size is very small (400 reads or less), an increase in library size is
associated with recognition of more OTUs. Overall, however, there was no correla-
tion between number of observed OTUs and library size (Spearman’s ρ 0.1339 (p
= 0.1035)). As a result of this investigation, in order to minimise bias from small
library size but lose minimal data, no sample with fewer than 400 reads will be used
in the downstream analysis.

Batch effect on the samples, either from PCR plate distribution or sample ex-
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traction batch was also investigated. ANOSIM was used, which is a non-parametric
test of the similarity within and between groups. Bray-Curtis was the method used
to create the dissimilarity matrix, and 999 permutations were done. Across the
extraction batches, R was equal to 0.066 (p = 0.018). This statistically significant
result suggests that there is a very weak pattern of greater similarity within the
groups than between groups. However, an effect this small suggests that the struc-
ture of the extraction batches is unlikely to have had much of an impact on the
data. For the first round of PCR, R was equal to 0.015 (p = 0.14). For the second
round of PCR, R was equal to -0.019 (p = 0.99). Therefore, it does not seem likely
that this PCR layout affected the results.

4.3.2 Gut microbiome dynamics of individual patients

One of the challenges of this data set is the heterogeneity of the patients. They
have received either solid organ transplants, or HSCTs. These HSCTs come from a
variety of sources: matched cord blood, unrelated bone marrow, and related bone
marrow. They cover a broad range of ages within the paediatric bracket. There
was variation in the conditioning before the transplant, as well as in the types
and timings of antibiotic administration. Furthermore, they experienced a range
of infections and GvHD following transplant. Multivariate statistical analysis and
modelling were considered for this data set, but not considered appropriate owing
to the fairly small size of the patient group and the heterogeneity of the patients in
regard to age, sex, diagnosis, treatment, and timing of samples.

For these reasons, an assessment of microbiome dynamics along with an analysis
of other relevant factors was performed on an individual basis, for each patient with
at least three samples that yielded at least 400 reads. This allowed for the consid-
eration of specific factors that may have affected the contents of the individual’s
microbiome. Twenty patients met the three-sample criterion, all of whom received
HSCTs, and were therefore included in the analysis. In all there were 99 viable
samples from these 20 patients. Specific patient details can be seen in Table 2.2.1.
To increase brevity, the full analysis and figures of the seven patients of this group
with the fewest samples (three) can be seen in Appendix M. The remaining patients
can be seen below.

Detailed antibiotic data were available covering the periods when patients were
in-patients, and were anonymously exported for the present study from the hospi-
tal’s electronic prescribing database by Mr Jack Lee and Dr Julianne Brown. For
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periods after patients were discharged, drug data were collected from clinic letters,
discharge summaries and clinical notes by Mr Jack Lee. Drug data after discharge
may be less comprehensive than in-patient data, potentially reflecting prescription,
rather than actual intake. For Figures showing all known drug administration, see
Appendix N.

Detailed viral PCR data were also available through routine blood testing, with
tests for norovirus (group 1), norovirus (group 2), rotavirus, adenovirus, astrovirus,
and sapovirus conducted by the GOSH Virology laboratory. Seventeen of the 20
patients tested positive for at least one of these viruses over the duration of the
study, and these infections varied in both severity and duration. Of the 20 patients,
1/20 tested positive for norovirus (group 1), 10/20 for norovirus (group 2), 1/20 for
rotavirus, 10/20 for adenovirus, 0/20 for astrovirus, and 7/20 for sapovirus.

The sample composition in each patient is presented through both a figure show-
ing the genera shared in multiple samples, and a table giving the raw abundance
data. To aid in clarity, any low abundance genera (abundance below 50 reads in
all samples from a given patient) were grouped together and a list of these genera
provided in Appendix O.

Seven of the 20 patients (CVG004, CVG005, CVG019, CVG041, CVG042, CVG046,
and CVG047) within this subgroup are known to have died during or after the study
period. Of these, six of them had some degree of GvHD: three had skin GvHD and
three had gut GvHD. One surviving patient had gut GvHD, while eight had skin
GvHD. Four of the deceased patients were male, and three were female.
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4.3.3 Patient CVG001
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Figure 4.5: Genera shared over time in patient CVG001. Each bar represents a sam-
ple, with days after transplant indicated on the left. The composition is presented
as a percentage. White space shows the percentage of the sample which is unique to
that sample. Coloured sections indicate genera seen in at least two samples from the
patient. The grey joining lines show genera which are shared between consecutive
pairs of samples.

Three major shifts in composition can be seen in patient CVG001 (Figure 4.5).
Before the transplant, the sample was fairly diverse, but by day 12 the sample
was almost exclusively Enterococcus. At day 27, the sample was dominated by
Veillonella, Haemophilus and Enterococcus. Forty-one days post transplant, was
primarily composed of Klebsiella and Citrobacter, and the final sample at day 104
was almost completely Klebsiella. The number of reads assigned to each genus in
this patient over time can be seen in Table 4.5.
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Table 4.5: Raw abundance count of genera seen in patient CVG001

Days after transplant Day -8 Day 12 Day 27 Day 41 Day 104
Genus
Aggregatibacter 0 0 120 0 0
Bibersteinia 0 0 149 0 0
Citrobacter 16 1 0 13184 406
Enterobacter 6 1 1 143 13
Enterococcus 1312 55687 3992 98 48
Escherichia 1991 0 0 3 19
Granulicatella 57 191 64 2 5
Haemophilus 60 0 5003 28 0
Klebsiella 0 0 2 24604 62339
Rothia 18 58 1 0 0
Salmonella 716 1 0 0 0
Staphylococcus 0 94 3 8 12
Streptococcus 117 265 444 31 4
Veillonella 44 0 11403 14 0
Low abundance genera 128 21 59 35 15
Total 4465 56319 21241 38150 62861
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Figure 4.6: The antibiotics given to patient CVG001, positive viral PCR results, and
the changing genera. The middle panel shows the percentage sample composition
and is coloured by genus. The upper panel shows the antibiotics given, and the lower
panel shows the CyT values of positive viral PCR results. Black lines represent the
days a sample was collected, and the red line shows the day of engraftment.
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The antibiotic treatment of patient CVG001 can be seen in Figure 4.6, along
with the positive viral PCR results and a summary of the microbiome composition
in each sample. This patient was taking several antibiotics at the time of each sam-
ple collection, though the combination differed at each time.
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Figure 4.7: α-diversity of the samples from patient CVG001.

Diversity can be seen decreasing over time in patient CVG001 (Figure 4.7). Pa-
tient CVG001 does not recover the diversity seen in the pre-transplant sample in
any of the following samples.
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Figure 4.8: CVG001 abundance distribution. Each bar represents a sample, with the
days after transplant indicated below the bar. Each genus is classified and coloured
by its proportional abundance in the sample as indicated in the figure legend. The
composition is presented as the percentage of the sample composed of each of the
abundance categories.

Figure 4.8 shows a shift from primarily large to hyperexpanded genera, leading
to a gradual reduction in evenness over time, between the pre-transplant and first
post-transplant sample in patient CVG001.
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Figure 4.9: t-SNE plot showing the samples from patient CVG001. Arrows indicate
the direction of time.

This tSNE in Figure 4.9 suggests that the highest degree of dissimilarity is be-
tween the samples from day 27 and day 41. This is consistent with the time series
analysis, which shows an almost complete shift of genera between these two samples.
The tSNE also suggests more similarity between the day 41 and day 104 samples.
This is also in agreement with the time series analysis, as the more dominant genus
in the earlier of these samples, Klebsiella, becomes even more dominant in the latter
sample.
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4.3.4 Patient CVG002
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Figure 4.10: Genera shared over time in patient CVG002. See Figure 4.5 caption
for further description.

The first six samples were dominated by Staphylococcus (see Figure 4.10), during
which their norovirus infection was likely to be most severe (Figure 4.11). There was
a major shift in composition from day 90 to 207. Streptococcus became the domi-
nant genus, with some Anaerosporobacter, Campylobacter, and Blautia. There was
another major shift by the next sample, day 222. The dominant genus in this sample
was Escherichia, with some Klebsiella. A third major shift occurred before the final
sample at day 304, and the sample was dominated by Lachnoclostridium. The num-
ber of reads assigned to each genus in this patient over time can be seen in Table 4.6.
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Table 4.6: Raw abundance count of genera seen in patient CVG002

Days after transplant Day 10 Day 26 Day 32 Day 67 Day 69
Genus
Abiotrophia 115 4518 1627 0 0
Anaerosporobacter 0 0 0 0 0
Blautia 0 0 0 0 0
Campylobacter 0 0 0 0 0
Corynebacterium 0 0 0 27 2
Escherichia 0 2 0 0 3
Granulicatella 0 8 34 0 5
Klebsiella 0 0 0 1 2
Lachnoclostridium 0 0 0 0 0
Lactococcus 0 364 0 9 0
Shigella 0 1 1 1 0
Staphylococcus 19105 23256 16660 25134 57052
Streptococcus 2 764 744 3 4
Veillonella 0 11 5 1 0
Low abundance genera 5 8 5 6 17
Total 19227 28932 19076 25182 57085

Days after transplant Day 90 Day 207 Day 222 Day 304
Genus
Abiotrophia 0 0 0 6
Anaerosporobacter 1 6199 0 0
Blautia 0 4760 0 2
Campylobacter 0 5601 0 2
Corynebacterium 56 0 0 0
Escherichia 56 160 52126 10
Granulicatella 1 16 16 553
Klebsiella 1 66 25875 1
Lachnoclostridium 5 1384 3 19022
Lactococcus 0 0 0 0
Shigella 11 18 3138 3
Staphylococcus 29925 299 1 1
Streptococcus 4 23529 19 166
Veillonella 0 987 17 111
Low abundance genera 2 123 83 159
Total 30062 43142 81278 20036
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Figure 4.11: The antibiotics given to patient CVG002, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG002, positive viral PCR results, along
with a summary of the microbiome composition in each sample, can be seen in Fig-
ure 4.11. This patient took a variety of different antibiotics, and was taking a similar
combination of antibiotics over several consecutive samples (e.g. days 67, 69, and
90) while the microbiome composition remained fairly steady. Despite the compo-
sition changes seen in the last three samples, they were not known to be taking any
antibiotics.
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Figure 4.12: α-diversity of the samples from patient CVG002.

A gradual increase in diversity over time can be seen in samples of patient
CVG002 (Figure 4.12). Although the final sample is predominantly Lachnoclostrid-
ium, it shows the highest observed OTU richness of any sample from this patient.
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Figure 4.13: CVG002 abundance distribution. See Figure 4.8 for further description.

The samples from patient CVG002 were predominantly composed of hyperex-
panded genera (Figure 4.13).

Figure 4.14: t-SNE plot showing the samples from patient CVG002. Arrows indicate
the direction of time.
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The tSNE indicated that the first six or seven samples of patient CVG002 were
similar (Figure 4.14). This is in accordance with the sequential sample analysis,
which shows that the first six samples are largely composed of the same genus:
Staphylococcus. The tSNE then suggests there is a major shift in composition be-
tween the day 207 and day 222 samples, and the day 222 and day 304 samples. This
is supported by the sequential sample analysis, which shows almost complete shifts
in composition of genera between these pairs of samples.

4.3.5 Patient CVG004
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Figure 4.15: Genera shared over time in patient CVG004. See Figure 4.5 caption
for further description.

Figure 4.15 shows the three major shifts in microbiome composition of patient
CVG004. On day zero the most abundant genera were Veillonella, Enterococcus,
Haemophilus, and Staphylococcus. 28 days later the sample was dominated by Lac-
tococcus. On day 161 the majority of the sample was Escherichia, and in the final
sample on day 210 the predominant genus was Akkermansia. The number of reads
assigned to each genus in this patient over time can be seen in Table 4.7.
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Table 4.7: Raw abundance count of genera seen in patient CVG004

Days after transplant Day 0 Day 28 Day 161 Day 210
Genus
Actinomyces 0 54 2 0
Akkermansia 0 0 0 480
Bacteroides 0 0 1 134
Enterococcus 196 3 95 7
Escherichia 2 0 1952 24
Granulicatella 3 579 71 3
Haemophilus 177 0 89 0
Klebsiella 0 0 876 0
Lactococcus 0 13794 0 3
Pectinatus 0 0 0 155
Shigella 0 0 183 0
Staphylococcus 161 379 37 18
Streptococcus 25 744 179 4
Veillonella 405 38 10 26
Low abundance genera 30 45 102 117
Total 999 15636 3597 971
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Figure 4.16: The antibiotics given to patient CVG004, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG004, positive viral PCR results, and the
microbiome composition of each sample can be see in Figure 4.16. This patient was
taking at least two antibiotics at the time each sample was collected, though the
combinations varied.
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Figure 4.17: α-diversity of the samples from patient CVG004.

From the day of transplant, there was a slight loss of diversity in the samples
from patient CVG004 (Figure 4.17). By the final sample from day 210, the observed
OTU richness had recovered to above the day zero level of diversity.

Figure 4.18: CVG004 abundance distribution. See Figure 4.8 for further description.
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Figure 4.18 shows that the abundance distribution of patient CVG004’s sam-
ples shift towards hyperextended following the transplant, and then progressively
decreases.

Figure 4.19: t-SNE plot showing the samples from patient CVG004. Arrows indicate
the direction of time.

The tSNE in Figure 4.19 suggests that this patient’s samples are all dissimilar
to each other, though the first two samples are more similar. Additionally, the final
sample may be more similar to the day 0 sample than to the day 28 sample.
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4.3.6 Patient CVG012

271

236

117

89

62

36

25

7

1

−7

0 10 20 30 40 50 60 70 80 90 100
Cumulative % of Sample

 

Genus
Aggregatibacter
Citrobacter
Enterobacter
Enterococcus
Escherichia
Fusobacterium
Granulicatella
Haemophilus
Klebsiella
Lachnoanaerobaculum
Lachnoclostridium
Salmonella
Shigella
Staphylococcus
Streptococcus
Veillonella

Shared taxa CVG012 

Figure 4.20: Genera shared over time in patient CVG012. See Figure 4.5 caption
for further description.

The microbiome composition of patient CVG012 appeared resilient over time and
the same three genera (Escherichia, Klebsiella, and Shigella) were found through-
out, in relatively stable proportions (Figure 4.20). Several genera appeared for the
first time in the sample from day 117, and of these, Citrobacter, Haemophilus, and
Streptococcus persisted to the final sample at 271 days following the transplant. The
number of reads assigned to each genus in patient CVG012 over time can be seen
in Table 4.8.
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Table 4.8: Raw abundance count of genera seen in patient CVG012

Days after transplant Day -7 Day 1 Day 7 Day 25 Day 36
Genus
Butyricicoccus 0 0 0 0 0
Citrobacter 0 0 0 0 0
Enterobacter 0 1 0 0 1
Enterococcus 7 4 20 100 16
Escherichia 41803 26936 49478 23359 24399
Haemophilus 0 0 0 0 0
Klebsiella 17511 11904 19743 8156 5677
Shigella 2804 2386 3361 2171 1348
Streptococcus 0 1 0 22 141
Low abundance genera 17 9 11 5 3
Total 62142 41241 72613 33813 31585

Days after transplant Day 62 Day 89 Day 117 Day 236 Day 271
Genus
Butyricicoccus 0 0 75 0 0
Citrobacter 0 0 77 760 261
Enterobacter 0 1 13 16 60
Enterococcus 10 8 89 10 68
Escherichia 5625 16412 2379 24236 11543
Haemophilus 0 0 121 0 202
Klebsiella 920 3835 1148 26062 9990
Shigella 479 982 235 2303 1257
Streptococcus 0 1 9 15 165
Low abundance genera 2 1 80 45 66
Total 7036 21240 4226 53447 23612
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Figure 4.21: The antibiotics given to patient CVG012, and the changing genera.
See Figure 4.6 for further description.2

The antibiotic treatment of patient CVG012, along with a summary of the mi-
crobiome composition in each sample, can be seen in Figure 4.21. This patient took
15 different antibiotics over the pre-transplant and recovery periods in different com-
binations, and was not taking antibiotics for the last two samples. Despite this, the

2Over the study period patient CVG012 did not test positive for any of norovirus (group 1),
norovirus (group 2), rotavirus, adenovirus, astrovirus, or sapovirus through routine viral PCR.
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gut microbiome samples from patient CVG012 were unusually unvarying through
the course of the study.
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Figure 4.22: α-diversity of the samples from patient CVG012.

The diversity of patient CVG012’s samples, as detected using species richness,
increased over time, primarily due to a sharp increase between day 89 and day 117
(Figure 4.22). This patient’s diversity was greater in the final sample available than
in the pre-transplant sample.

Figure 4.23: CVG012 abundance distribution. See Figure 4.8 for further description.

Figure 4.23 shows that patient CVG012’s samples have fairly constant abun-
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dance distribution, though there is a change from predominantly hyperexpanded to
predominantly large genera in the final two samples.

Figure 4.24: t-SNE plot showing the samples from patient CVG012. Arrows indicate
the direction of time.

The tSNE in Figure 4.24 indicates that the first seven samples are all similar to
each other. There is a greater dissimilarity to the eighth sample, from 117 days after
transplant, and the final two samples are more similar to the earlier seven samples.
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4.3.7 Patient CVG014
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Figure 4.25: Genera shared over time in patient CVG014. See Figure 4.5 caption
for further description.

Figure 4.25 shows that patient CVG014 showed very little change in their micro-
biome over time. The four samples were all almost entirely Enterococcus. The num-
ber of reads assigned to each genus in this patient over time can be seen in Table 4.9.

Table 4.9: Raw abundance count of genera seen in patient CVG014

Days post transplant Day 18 Day 19 Day 34 Day 55
Genus
Enterococcus 27185 73157 16395 7031
Low abundance genera 20 23 10 11
Total 27205 73180 16405 7042

213



●● ●● ●● ● ● ●● ●●●●● ●

●● ● ●●●● ● ●● ● ●●● ● ●● ●● ●●● ● ● ●●● ● ●●●● ● ●● ●●● ●●● ●● ●●● ●●●● ● ●●●● ● ●● ● ● ●● ●●● ●● ●

●●● ●● ●●● ●● ● ●● ●

● ● ●● ●●●● ●●● ●●●● ●●● ● ●● ● ● ●● ●● ●● ● ● ●●● ●●●●● ●● ●● ●●●● ●● ● ●● ● ●● ●● ● ●● ● ●● ●● ● ● ●● ●● ●● ●● ● ●● ●● ●●● ●● ● ● ●●● ●● ● ● ●● ● ●●● ●●● ●● ●● ●● ● ●● ●●● ● ● ●● ● ●● ●●● ●● ● ●● ● ●●

●● ●●●● ●● ● ● ●●● ●●●

●● ●●● ●

●●

● ●● ● ●●●●● ●● ●●● ● ●● ●● ●● ●●●● ●●● ●● ●●

Phenoxymethylpenicillin

Teicoplanin

Vancomycin

Amikacin

Ciprofloxacin

Co−trimoxazole

Meropenem

Piperacillin/Tazobactam

−40 −20 0 20 40
Days from transplant

A
nt

ib
io

tic

CVG014 Antibiotics

0

25

50

75

100

−40 −20 0 20 40
Days from transplant

P
er

ce
nt

ag
e 

(%
)

CVG014 Genera

●

●

● ●

●
●

●

10

20

30

40

−40 −20 0 20 40
Days from transplant

V
ira

l P
C

R
 C

yT
 v

al
ue

CVG014 Viruses

Primary antibiotic target
●

●

●

Broad spectrum
Gram negative
Gram positive

Genus
Citrobacter
Enterococcus
Erysipelatoclostridium
Escherichia
Klebsiella
Shigella
Staphylococcus
Streptococcus

Virus
● Sapovirus

Figure 4.26: The antibiotics given to patient CVG014, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG014, positive viral PCR results, and the
microbiome composition of each sample can be see in Figure 4.26. At the time of the
day 18 and 19 sample collection the patient was taking three different antibiotics,
and at the time of collecting the later samples the patient was taking fewer or no
antibiotics, but the microbiome composition remained predominantly Enterococcus.
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Figure 4.27: α-diversity of the samples from patient CVG014.

Figure 4.27 shows that there was very little change in the diversity of patient
CVG014’s samples, and that it is low in comparison to other patients.

Figure 4.28: CVG014 abundance distribution. See Figure 4.8 for further description.
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Figure 4.28 also shows that patient CVG014’s samples have are almost exclu-
sively composed of hyperexpanded genera.

Figure 4.29: t-SNE plot showing the samples from patient CVG014. Arrows indicate
the direction of time.

The tSNE in Figure 4.29 showing patient CVG014’s samples indicated that all
the samples shared a roughly equal similarity. This is consistent with the sequential
sharing analysis, which showed little difference between all the samples.
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4.3.8 Patient CVG019
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Figure 4.30: Genera shared over time in patient CVG019. See Figure 4.5 caption
for further description.

Figure 4.30 shows the three major shifts in microbiome composition from patient
CVG019. The day 39 sample was predominantly Bacteroides, and Parabacteroides.
At day 61 the main three genera were Escherichia, Klebsiella, and Streptococcus.
Day 82 was over 97% Citrobacter, and the primary constituent of the final sample,
at day 370, was Lachnoclostridium. The number of reads assigned to each genus in
patient CVG019 over time can be seen in Table 4.10.
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Table 4.10: Raw abundance count of genera seen in patient CVG019

Days after transplant Day 39 Day 61 Day 82 Day 370
Genus
Acetivibrio 0 0 0 206
Bacteroides 1624 0 22 0
Butyricicoccus 0 85 0 0
Cellulosilyticum 0 0 0 77
Citrobacter 0 91 25467 0
Enterococcus 1 328 3 363
Erysipelatoclostridium 0 0 0 525
Escherichia 0 4277 10 13
Eubacterium 0 0 0 142
Granulicatella 0 383 0 5
Haemophilus 0 175 0 1293
Klebsiella 0 1758 1 2
Lachnoclostridium 0 0 0 11471
Lactococcus 0 1 114 0
Parabacteroides 3445 0 0 0
Shigella 0 395 4 1
Staphylococcus 2 201 0 1
Streptococcus 0 1226 385 1
Veillonella 0 11 4 819
Low abundance genera 0 55 48 18
Total 5072 8986 26058 14937
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Figure 4.31: The antibiotics given to patient CVG019, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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Figure 4.31 shows the antibiotics given to patient CVG019, positive viral PCR
results, as well as the microbiome composition of each sample. For the first three
samples the patient was on different combinations of antibiotics, while in the final
sample no antibiotics were known to be administered.

0

20

40

60

100 200 300
Days

N
um

be
r 

of
 o

bs
er

ve
d 

O
T

U
s Observed OTUs

Figure 4.32: α-diversity of the samples from patient CVG019.

Diversity, as detected using observed OTUs, peaked for this patient in their day
62 sample (Figure 4.32). However, the diversity even in the final (day 370) sample
was higher than in the first sample.

Figure 4.33: CVG019 abundance distribution. See Figure 4.8 for further description.
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Patient CVG019’s samples shift towards smaller abundances at day 61, but this
change is not sustained over the remaining samples, which are primarily composed
of hyperexpanded genera (Figure 4.33).

Figure 4.34: t-SNE plot showing the samples from patient CVG019. Arrows indicate
the direction of time.

The tSNE of patient CVG019’s samples suggested that each of the samples were
dissimilar from each other, and that the final sample was most different from the first
sample. This interpretation is supported by the sequential sample analysis which
show a major shift in composition between each sample collected from this patient.
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4.3.9 Patient CVG021
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Figure 4.35: Genera shared over time in patient CVG021. See Figure 4.5 caption
for further description.

The pre-transplant sample of patient CVG021 was dominated by Bacteroides, with
smaller contributions of Lachnoclostridium and Faecalibacterium (Figure 4.35). The
sample from day zero was almost exclusively Lachnoclostridium. The samples from
day 16 and day 23 were alike, with similar proportions of Staphylococcus, Acineto-
bacter and Corynebacterium. The number of reads assigned to each genus in patient
CVG021 over time can be seen in Table 4.11.
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Table 4.11: Raw abundance count of genera seen in patient CVG021

Days after transplant Day -7 Day 0 Day 16 Day 23
Genus
Acidovorax 0 0 0 524
Acinetobacter 0 1 303 4959
Akkermansia 174 0 0 0
Anaerostipes 141 0 0 0
Bacteroides 17745 0 0 2
Blautia 127 0 0 0
Cloacibacterium 0 0 0 234
Corynebacterium 0 0 33 946
Dietzia 0 0 75 0
Faecalibacterium 194 0 0 0
Flavonifractor 8 196 0 0
Lachnoclostridium 506 23161 0 1
Rothia 0 0 0 376
Staphylococcus 0 1 742 6071
Veillonella 155 0 0 0
Low abundance genera 201 7 150 31
Total 19251 23366 1303 13144
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Figure 4.36: The antibiotics given to patient CVG021, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG021, positive viral PCR results, along
with the microbiome composition of each sample, can be see in Figure 4.36. This
patient was taking Ciprofloxacin for the duration of the study period.
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Figure 4.37: α-diversity of the samples from patient CVG021.

As detected through species richness, diversity declined in patient CVG021 af-
ter the pre-transplant sample and it did not recover in the study period (Figure 4.37).

Even before transplant Patient CVG021’s samples are predominantly hyperex-
panded, but there is a shift towards a smaller abundance distribution by day 23
(Figure 4.38), indicating that the composition became more even despite the loss of
species richness.
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Figure 4.38: CVG021 abundance distribution. See Figure 4.8 for further description.

Figure 4.39: t-SNE plot showing the samples from patient CVG021. Arrows indicate
the direction of time.

The tSNE in Figure 4.39 indicated that the first sample from this patient was
most dissimilar to the other three samples, which is supported by the sequential
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sharing analysis. While the final two samples (days 16 and 23) are composed of a
similar spectrum of genera, the samples from days -7 and 0 are different from all the
other samples from patient CVG021.

4.3.10 Patient CVG028
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Figure 4.40: Genera shared over time in patient CVG028. See Figure 4.5 caption
for further description.

The majority of patient CVG028’s pre-transplant sample was Enterococcus, Staphy-
lococcus, and Granulicatella. In the sample from day one Enterococcus, Staphylo-
coccus, and Granulicatella were still present, but the majority of the sample was
Streptococcus. The day 41 and day 65 samples were both over 99% Staphylococcus.
Staphylococcus was also the primary constituent of the final sample, although the
this sample was more diverse, and showed a relative increase of Granulicatella, En-
terococcus, and Streptococcus, which were found in early samples from this patient.
The number of reads assigned to each genus in patient CVG028 over time can be
seen in Table 4.12.
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Table 4.12: Raw abundance count of genera seen in patient CVG028

Days after transplant Day -13 Day 1 Day 41 Day 65 Day 281
Genus
Actinomyces 0 0 0 10 64
Campylobacter 0 0 0 0 243
Enterococcus 5688 2632 1 1 1651
Fusobacterium 0 0 0 0 84
Gemella 0 0 0 1 68
Granulicatella 1822 2105 1 3 2263
Lactobacillus 0 4 0 0 223
Prevotella 0 0 0 0 109
Proteus 1808 0 0 0 0
Rothia 0 0 0 9 52
Staphylococcus 5286 1579 33596 48735 22158
Streptococcus 1 7846 25 74 1172
Veillonella 1 0 1 0 224
Low abundance genera 1 5 29 1 54
Total 14607 14171 33653 48834 28365
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Figure 4.41: The antibiotics given to patient CVG028, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description. 3
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The antibiotic treatment, positive viral PCR results, and the corresponding mi-
crobiome composition of each sample from patient CVG028 can be see in Figure
4.41. This patient was taking different combinations of antibiotics at the time of
each sample collection, but was not known to be taking any by the time of the final
microbiome sample.

0

20

40

60

0 50 100 150 200 250
Days

N
um

be
r 

of
 o

bs
er

ve
d 

O
T

U
s Observed OTUs

Figure 4.42: α-diversity of the samples from patient CVG028.

The lowest diversity in patient CVG028 was seen in the day 41 sample (Figure
4.42). By the final sample diversity had increased, beyond the pre-transplant level.

3Patient CVG028 was given a set of drugs prior to the hospital records, but clear dates were
not obtainable. Fluconazole, Ranitidine, Co-Trimoxazole, Furosemide, Immunoglobulin (Privigen),
and Lansoprazole were administered approximately six weeks before the transplant.
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Figure 4.43: CVG028 abundance distribution. See Figure 4.8 for further description.

Figure 4.43 shows that despite the increasing species richness, Patient CVG028’s
samples shift towards hyperexpanded after the transplant, and this does not recover
by day 281, though there is some increase in rare and small genera.
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Figure 4.44: t-SNE plot showing the samples from patient CVG028. Arrows indicate
the direction of time.

This tSNE (Figure 4.44) for patient CVG028 suggests the least similarly between
the first and second samples (day -13 and day 1), and the second and third samples
(day 1 and day 41). It also indicates that the samples from days 41 and 65 are highly
similar, and that the final sample is more similar to the pre-transplant sample than
the two samples from days 41 and 65.
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4.3.11 Patient CVG032
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Figure 4.45: Genera shared over time in patient CVG032. See Figure 4.5 caption
for further description.

The three major shifts in microbiome composition of patient CVG032 can be seen
in Figure 4.45. The first pre-transplant sample was primarily composed of Bac-
teroides. The second pre-transplant sample was predominantly Escherichia and
Klebsiella. A second major shift occurred before the day zero sample, which was
mostly Streptococcus and Lactococcus. The day 42 sample was similar to day -2, and
was predominantly Escherichia and Klebsiella. The next three samples, days 69,
96, and 98, were all highly similar, and all had approximately 58% Escherichia, 34%
Klebsiella, and 6% Shigella. The final sample, 142 days after the transplant, had
those three genera in a similar ratio to each other, but the sample also contained
more than 30% Roseburia. The number of reads assigned to each genus in patient
CVG032 over time can be seen in Tables 4.13 and 4.14.
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Table 4.13: Raw abundance count of genera seen in patient CVG032 part 1.

Days after transplant Day -7 Day -2 Day 0 Day 42
Genus
Bacteroides 28727 480 1 0
Bifidobacterium 134 381 0 1167
Blautia 548 1 0 0
Citrobacter 85 1 1574 0
Enterobacter 2 1 135 1
Enterococcus 0 886 0 181
Escherichia 414 12497 0 7443
Faecalibacterium 474 0 0 0
Flavonifractor 64 0 0 0
Klebsiella 422 7054 15 3689
Lachnoclostridium 759 112 0 1
Lactobacillus 0 0 0 88
Lactococcus 1 0 5578 0
Parabacteroides 195 0 1 0
Roseburia 0 0 0 0
Rothia 0 1 105 0
Ruminococcus 0 54 0 0
Shigella 47 1085 2 1009
Staphylococcus 0 0 30 83
Streptococcus 5 135 19562 30
Veillonella 0 0 243 0
Low abundance genera 22 19 77 18
Total 31952 22653 27323 13710
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Table 4.14: Raw abundance count of genera seen in patient CVG032 part 2.

Days after transplant Day 69 Day 96 Day 98 Day 142
Genus
Bacteroides 0 0 0 0
Bifidobacterium 0 0 0 0
Blautia 0 0 0 2
Citrobacter 6 0 0 0
Enterobacter 2 0 1 0
Enterococcus 60 132 507 174
Escherichia 14667 13967 24020 6880
Faecalibacterium 0 0 0 0
Flavonifractor 0 0 0 0
Klebsiella 8880 7578 14642 3476
Lachnoclostridium 0 0 0 0
Lactobacillus 0 0 0 0
Lactococcus 0 0 0 0
Parabacteroides 0 0 0 0
Roseburia 0 0 0 6260
Rothia 0 0 0 0
Ruminococcus0 0 0 0 0
Shigella 1425 1484 2380 1072
Staphylococcus 2 12 166 0
Streptococcus 2 6 12 5
Veillonella 0 0 0 0
Low abundance genera 1 0 2 35
Total 25045 23179 41730 17904
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Figure 4.46: The antibiotics given to patient CVG032, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment, positive viral PCR results, and the corresponding mi-
crobiome composition of each sample from patient CVG032 can be see in Figure
4.46. For the first three samples, despite the changes in microbiome composition,
the patient was taking the same combination of antibiotics. Five antibiotics were
taken in different combinations over the time the following four highly similar sam-
ples were collected.
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Figure 4.47: α-diversity of the samples from patient CVG032.

As detected by species richness, the diversity in patient CVG032’s microbiome
reduced following the first sample, and was not recovered in the study period (Figure
4.47).
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Figure 4.48: CVG032 abundance distribution. See Figure 4.8 for further description.

Figure 4.48 shows that Patient CVG032’s samples gradually shift away from hy-
perexpanded over time, including before transplant, though most of the samples are
primarily composed of hyperexpanded genera.
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Figure 4.49: t-SNE plot showing the samples from patient CVG032. Arrows indicate
the direction of time.

This tSNE (Figure 4.49) indicates that the greatest dissimilarity is from the first
sample to the rest of the samples, which are more closely clustered together. This
is consistent with the sequential sharing analysis. The third sample, collected on
the day of the transplant is more dissimilar to those which come before and after it,
which is reflected in the tSNE. The sample from day -2 is also more similar to those
from days 42, 69, and 96.
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4.3.12 Patient CVG041
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Figure 4.50: Genera shared over time in patient CVG041. See Figure 4.5 caption
for further description.

Figure 4.50 shows that despite the persistence of several genera over the study pe-
riod, there were still six major shifts in microbiome composition in patient CVG041.
The first sample from day one was mostly Klebsiella and Escherichia, with Parabac-
teroides, Shigella, and Bacteroides. The next sample, day 16, was predominantly
composed of Acinetobacter, several genera persisted from the previous sample. On
day 37 over 50% of the sample was Klebsiella, with Escherichia and Shigella. The
next sample was also predominantly these genera, though Escherichia was now most
prevalent. The composition of the day 120 sample was also predominantly from those
three genera, though Enterococcus was approximately 30% of the sample. The sam-
ple majority of the day 134 sample was Clostridium, though Klebsiella, Escherichia,
and Shigella, were still present. The final sample, 150 days after transplant, was
similar to many of the earlier samples: majority Klebsiella and Escherichia, and
smaller proportions of Shigella and Enterococcus. The number of reads assigned to
each genus in patient CVG041 over time can be seen in Tables 4.15 and 4.16.
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Table 4.15: Raw abundance count of genera seen in patient CVG041 part 1.

Days after transplant Day 1 Day 16 Day 37 Day 58
Genus
Abiotrophia 0 164 0 0
Acinetobacter 0 468 0 0
Anaerostipes 9 0 0 0
Bacillus 0 127 0 0
Bacteroides 2497 0 0 0
Clostridium 1 0 0 0
Enterococcus 80 28 115 12
Escherichia 4688 137 5122 47539
Fusobacterium 0 0 0 0
Klebsiella 9133 47 8756 14282
Lachnoclostridium 114 0 0 0
Neisseria 0 60 0 0
Parabacteroides 2010 1 0 0
Paracoccus 0 60 0 0
Pseudomonas 0 64 4 0
Shigella 1990 42 1953 3991
Veillonella 159 0 0 0
Low abundance genera 102 61 22 10
Total 20783 1259 15972 65834
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Table 4.16: Raw abundance count of genera seen in patient CVG041 part 2.

Days after transplant Day 120 Day 134 Day 150
Genus
Abiotrophia 0 0 0
Acinetobacter 0 0 0
Anaerostipes 548 76 9
Bacillus 0 0 0
Bacteroides 0 0 0
Clostridium 0 22907 2
Enterococcus 7686 687 1528
Escherichia 4984 3338 6511
Fusobacterium 89 776 1
Klebsiella 9503 6690 11556
Lachnoclostridium 0 0 0
Neisseria 0 0 0
Parabacteroides 0 0 0
Paracoccus 0 0 0
Pseudomonas 24 20 3
Shigella 2607 2160 2366
Veillonella 0 0 0
Low abundance genera 74 63 17
Total 25515 36717 21993
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Figure 4.51: The antibiotics given to patient CVG041, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.

243



The antibiotic treatment of patient CVG041, positive viral PCR results, along
with the microbiome composition of each sample, can be see in Figure 4.51. The
patient was taking different combinations of antibiotics when the samples were col-
lected, and was not known to be taking any antibiotics at the time of collecting the
final two samples.
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Figure 4.52: α-diversity of the samples from patient CVG041.

Though there were some fluctuations, Figure 4.52 shows a gradual decrease in
diversity over the study period in patient CVG041. By the time of the final sample
collection at day 150, diversity had not recovered to that seen on day 1.

Figure 4.53: CVG041 abundance distribution. See Figure 4.8 for further description.
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Figure 4.53 shows that Patient CVG041’s early samples have a smaller abun-
dance distributions, before a shift toward more hyperexpanded genera, which gen-
erally persists through the rest of the samples.

Figure 4.54: t-SNE plot showing the samples from patient CVG041. Arrows indicate
the direction of time.

The tSNE in Figure 4.54 suggests more dissimilarity in composition in the first
three samples, and that the day 37 and day 58 samples are more similar. It also
indicates greater dissimilarity between the final three samples, with the middle of
these three being the most different, and that the last sample is more similar to the
initial sample. The second sample is dissimilar to the others in composition. The
day 120 and day 150 samples are more similar to each other than they are to day 134.
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4.3.13 Patient CVG042
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Figure 4.55: Genera shared over time in patient CVG042. See Figure 4.5 caption
for further description.

The three major shifts in microbiome composition from patient CVG042’s samples
can be seen in Figure 4.55. The day 12 sample was almost completely Enterococcus.
The next sample, on day 20, was mostly Acinetobacter and Staphylococcus. The
sample from day 34 was mostly Haemophilus with Enterococcus. By day 88 the
sample was predominantly Enterococcus and Streptococcus. The final sample was
from day 158, and like the first sample, was almost entirely Enterococcus. The num-
ber of reads assigned to each genus in this patient over time can be seen in Table 4.17.
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Table 4.17: Raw abundance count of genera seen in patient CVG042

Day after transplant Day 12 Day 20 Day 34 Day 88 Day 158
Genus
Acinetobacter 1 1375 0 5 1
Actinomyces 0 0 0 3030 0
Aggregatibacter 0 0 274 0 0
Atopobium 1 0 0 621 0
Brachybacterium 0 119 0 0 0
Enterococcus 54263 1 4570 52072 37023
Exiguobacterium 0 342 0 0 0
Granulicatella 0 0 8 1328 23
Haemophilus 0 0 30434 549 0
Kocuria 0 53 0 0 0
Minicystis 0 104 0 0 0
Moraxella 0 273 0 13 0
Prevotella 0 0 0 79 0
Rothia 2 0 0 67 0
Salinarimonas 0 299 0 0 0
Staphylococcus 0 705 1 383 229
Streptococcus 13 0 0 32419 0
Veillonella 1 0 0 1735 0
Low abundance genera 12 120 18 93 18
Total 54293 3391 35305 92394 37294
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Figure 4.56: The antibiotics given to patient CVG042, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment, positive viral PCR results, and the corresponding mi-
crobiome composition of each sample from patient CVG042 can be see in Figure
4.56. This patient was taking a different combination of antibiotics at the time of
each sample collection.
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Figure 4.57: α-diversity of the samples from patient CVG042.

Diversity, as detected though species richness, was highest in Patient 42 at day 88
(Figure 4.57). By the final available sample, the diversity is similar to the first sam-
ple, though this was a comparatively low diversity result compared to other patients.

Figure 4.58: CVG042 abundance distribution. See Figure 4.8 for further description.
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Figure 4.58 shows that Patient CVG042’s samples were predominantly composed
of hyperexpanded genera, although there were fluctuations in the abundance distri-
bution.

Figure 4.59: t-SNE plot showing the samples from patient CVG042. Arrows indicate
the direction of time.

Patient CVG042’s tSNE (Figure 4.59) indicates that the sample composition is
particularly dissimilar between day 12 and day 20, and between day 34 and day 88.
The first and last sample appear to be highly similar, which is consistent as both
almost entirely composed of Enterococcus.
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4.3.14 Patient CVG046
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Figure 4.60: Genera shared over time in patient CVG046. See Figure 4.5 caption
for further description.

Figure 4.60 shows that patient CVG046’s samples were dominated by Enterococcus.
The pre-transplant sample was over 80% Enterococcus. The second sample from day
19 constituted a major shift: it was primarily Lactococcus. The third sample from
day 37 and was almost exclusively Enterococcus. The final sample (day 62) was very
similar: over 99% of the sample was Enterococcus. The number of reads assigned to
each genus in patient CVG046 over time can be seen in Table 4.18.
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Table 4.18: Raw abundance count of genera seen in patient CVG046

Day after transplant Day -7 Day 19 Day 37 Day 62
Genus
Actinomyces 141 97 0 12
Campylobacter 187 0 0 0
Chryseobacterium 0 0 133 0
Dietzia 0 132 0 0
Enterococcus 26475 0 82173 52092
Lactococcus 0 3054 0 0
Nocardioides 0 226 0 0
Perlucidibaca 0 291 0 0
Prevotella 2600 0 0 0
Rothia 22 162 0 1
Staphylococcus 0 115 0 13
Streptococcus 634 0 0 68
Veillonella 1340 1 0 37
Low abundance genera 119 88 104 72
Total 31518 4166 82410 52295
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Figure 4.61: The antibiotics given to patient CVG046, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG046, positive viral PCR results, along
with a summary of the microbiome composition in each sample, can be seen in Fig-
ure 4.61. At the time of the first three sample collections the patient was taking
different combinations of antibiotics, but by day 62 the patient was not known to
be taking any antibiotics.
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Figure 4.62: α-diversity of the samples from patient CVG046.

Figure 4.62 shows that as detected using species richness, the diversity of patient
CVG046’s samples decreased over time and did not recover within the study period.

Figure 4.63: CVG046 abundance distribution. See Figure 4.8 for further description.
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All the samples from Patient CVG046 were dominated by hyperexpanded genera
(Figure 4.63), though the samples contained a greater percentage of small genera
pre-transplant and in the first sample following the transplant.

Figure 4.64: t-SNE plot showing the samples from patient CVG046. Arrows indicate
the direction of time.

The tSNE produced from patient CVG046’s samples (Figure 4.64) suggests that
the pre-transplant sample is most dissimilar to the following sample, from day 19.
The samples from 37 and 62 days after transplant are more similar to each other
than to either of the earlier two samples.
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4.3.15 Patient CVG047
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Figure 4.65: Genera shared over time in patient CVG047. See Figure 4.5 caption
for further description.

Figure 4.65 shows the four major shifts in microbiome composition in patient CVG047’s
trajectory. The pre-transplant sample was mostly Blautia and Lachnoclostridium.
By day 13 the dominant genera were Lachnoclostridium and Dysgonomonas. Twenty-
five days after transplant, the microbiome had returned to predominantly Blautia.
The day 31 sample, had a similar proportion of Blautia, though relative abundance
of Lachnoclostridium had increased. A major shift meant that the day 35 sam-
ple was predominantly Escherichia, with Klebsiella and Shigella. Day 60 showed a
highly similar composition to day 35. The same three genera were present in day
90’s sample, although Escherichia was relatively reduced, and Citrobacter made up
almost 40% of the sample. In the day 180 sample, there was a more even spread
of genera; the most common were Escherichia, Lachnoclostridium, Streptococcus,
and Klebsiella, The final sample was from day 242, and contained predominantly
Lachnoclostridium and Escherichia. The number of reads assigned to each genus in
patient CVG047 over time can be seen in Tables 4.19 and 4.20.
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Table 4.19: Raw abundance count of genera seen in patient CVG047 part 1.

Days after transplant Day -8 Day 13 Day 25 Day 31 Day 35
Genus
Anaerostipes 293 160 2 0 0
Anaerotruncus 0 97 0 0 0
Blautia 6372 112 18343 8992 0
Citrobacter 6 0 0 0 0
Dorea 90 0 68 21 0
Dysgonomonas 28 1783 1943 0 0
Enterococcus 24 0 0 7 0
Escherichia 104 10 418 1 36684
Flavonifractor 18 35 2 0 0
Klebsiella 41 0 81 0 5245
Lachnoclostridium 3167 1240 675 1747 0
Neisseria 0 0 0 0 2
Ruminococcus 70 13 47 0 0
Shigella 20 5 20 1 1692
Staphylococcus 0 0 0 0 7
Streptococcus 0 0 0 0 12
Veillonella 60 0 106 0 0
Low abundance genera 106 9 64 16 10
Total 10399 3464 21769 10785 43652
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Table 4.20: Raw abundance count of genera seen in patient CVG047 part 2.

Days after transplant Day 60 Day 90 Day 180 Day 242
Genus
Anaerostipes 0 0 0 0
Anaerotruncus 0 0 0 0
Blautia 0 0 1 109
Citrobacter 3 35202 121 1222
Dorea 0 0 0 0
Dysgonomonas 0 0 0 0
Enterococcus 40 1 7 108
Escherichia 17131 42928 644 5824
Flavonifractor 0 0 0 164
Klebsiella 3040 11144 246 927
Lachnoclostridium 0 1 415 9877
Neisseria 0 3 206 1
Ruminococcus 0 0 0 0
Shigella 1104 998 35 343
Staphylococcus 4 0 169 3
Streptococcus 2 2 394 3
Veillonella 0 1 7 516
Low abundance genera 3 63 8 26
Total 21327 90343 2253 19123
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Figure 4.66: The antibiotics given to patient CVG047, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment, positive viral PCR results, and the corresponding mi-
crobiome composition of each sample from patient CVG047 can be see in Figure
4.66. This patient only received a total of seven antibiotics over the study period.
For the samples on days 60, 90, and 242, they were not taking any antibiotics. They
appeared not to have any major viral infections.
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Figure 4.67: α-diversity of the samples from patient CVG047.

Figure 4.67 shows that sample diversity declined from the pre-transplant sample
to day 60, but had recovered to pre-transplant levels by the final sample.

Figure 4.68: CVG047 abundance distribution. See Figure 4.8 for further description.
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The samples from Patient CVG047 maintained a spectrum of abundance distri-
butions over time (Figure 4.68), though some of the later samples were no longer
primarily composed of hyperexpanded genera.

Figure 4.69: t-SNE plot showing the samples from patient CVG047. Arrows indicate
the direction of time.

This tSNE of patient CVG047’s samples (Figure 4.69) suggests that a major
shift in composition occurred between day 31 and day 35 in this patient, and that
the pre-transplant sample and the final sample from day 242 have greater similarity
than with many of the intermediate samples.

4.3.16 Diversity over time varies between patients

Using only the subgroup of 20 patients with a minimum of three samples each, sam-
ples were grouped by patient of origin and the diversity plotted. In all, samples
totalled 99.
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Figure 4.70: α-diversity, as measured though observed OTUs, Shannon entropy, and
Gini coefficient. Only samples from the subgroup of patients are shown, and they
are grouped by patient. A boxplot is overlaid on each patient’s samples, following
standard Tukey representation.
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Figure 4.70 shows the diversity, as estimated using observed OTUs, Shannon
entropy, and Gini coefficient, within each patient, and allows for the comparison
of the variability of diversity between patients. The middle line shows the median
diversity result for each patient, the upper and lower hinges show the 25th and 75th
percentiles, and the whiskers reach to the largest and smallest values but no further
than 1.5 x IQR (interquartile range). Any outliers are plotted further either side
of the whiskers. It demonstrates that there is a lot of variability in diversity both
between and within the patients. Patient CVG012, despite their samples spanning
from days -7 to 271, shows much lower internal variability by all three metrics than
patient CVG047, whose samples spanned less time (days -8 to 242).

ANOSIM (with Bray-Curtis distance) was used to further examine similarity
within patients compared with between patients. R was equal to 0.4723 (p = 0.001).
This result suggests that there is a pattern of a greater similarity within patients
than between patients, despite the major shifts in microbiome composition seen in
several of the patients.

4.3.17 The gut microbiome is perturbed by HCST

Genera can be classified into categories by their relative abundance in a sample, and
the composition of samples by percentage of each category compared before and
after transplant.
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Figure 4.71: The percentage of patient samples from pre- or post-transplant com-
posed of genera from proportional abundance categories indicated in figure legend.
The height of the bar shows the mean, and the error bar indicates the range of the
middle two quartiles. The composition is presented as the percentage of the sample
composed of each of the abundance categories.

Figure 4.71 shows a difference in the genus abundance distribution between the
pre- and post-transplant samples of all the patients. A greater percentage of post-
transplant samples compared to pre-transplant samples are composed of hyperex-
panded genera, while greater percentage of pre-transplant samples compared to
post-transplant samples are composed of large genera.

Specific genera are differentially abundant between the pre and post-transplant
samples.

264



Enterococcus

Staphylococcus

−6 −4 −2 0
Difference in abundance (log2FoldChange)

G
en

us
Pre−transplant compared to post−transplant

Bifidobacterium
Bacteroides

Blautia
Shigella

Enterobacter
Escherichia

Neisseria
Actinomyces

Streptococcus
Lachnoclostridium

Citrobacter
Fusobacterium

Anaerostipes
Lactobacillus

Klebsiella
Moraxella

Lachnoanaerobaculum
Aggregatibacter

Granulicatella
Pseudomonas

Haemophilus
Acinetobacter
Enterococcus

Abiotrophia
Corynebacterium

Lactococcus
Staphylococcus

−7.5 −5.0 −2.5 0.0 2.5
Difference in abundance (log2FoldChange)

G
en

us

Pre−transplant compared to post−transplant (no sig)

Phylum

Actinobacteria
Bacteroidetes
Firmicutes
Fusobacteria
Proteobacteria

Figure 4.72: The differential abundance of genera between the pre- and post-
transplant samples calculated using DESeq2. Upper panel shows the two statistically
significant genera, the lower panel shows the top 27 most differentially abundant
genera.

Figure 4.72 shows the two genera for which the difference in abundance between
the pre and post transplant samples is statistically significant (upper panel) across
all patients. There was a log2 change of -5.63 in Enterococcus (adjusted p = 7.77 x
10−8) and -7.25 in Staphylococcus (adjusted p = 1.83 x 10−5). This means that the
pre-transplant samples have reduced expression of Enterococcus and Staphylococcus
compared to the post-transplant samples (relative expression of 0.020 and 0.0066
respectively in pre-transplant where abundance in post-transplant is 1).

The lower panel of 4.72 shows those two genera along with a further 25 gen-
era with statistically non-significant differential abundances in the pre and post-
transplant samples. Figure 4.72 (lower panel) shows all differentially abundant gen-
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era with an adjusted p value below 0.9 (those with 0.9 and above were omitted for
clarity in the figure).

4.3.18 Perturbation from HCST includes a prolonged loss
of diversity

In order to quantify the effect of the transplant on microbiome diversity and com-
position, and the duration of this effect, diversity was plotted over the study period.
Three diversity metrics, Gini coefficient, Shannon entropy, and species richness (ob-
served OTUs) were used to estimate diversity in all the patient samples. The sam-
ples were binned by day for improved visualisation (1 (all pre-transplant samples),
2 (days 0 - 35), 3 (days 36 - 65), 4 (days 66-182), and 5 (day 183 onwards)), but
the unbinned results can be seen in Appendix Q. Similar patterns were seen in the
subgroup of 20 patients, which can also be seen in Appendix Q.
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Figure 4.73: α-diversity (as measured though observed OTUs, Shannon entropy, and
Gini coefficient) in all the patients, separated into bins. Samples are colour-coded
by individual patient. Overlaid boxplots follow standard Tukey representation.

Figure 4.73 shows the diversity in all patient samples (126 samples from 41 pa-
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tients). In both observed OTUs and Shannon entropy, median diversity decreased
over the first three time periods, and the trough was in the samples from days 36-65.
By both of these the diversity metrics, the median showed diversity increasing in
the fourth time period, and near parity with the pre-transplant samples by the final
time period (day 183 onwards). Different ranges were seen in observed OTUs and
Shannon entropy, and Shannon entropy indicated lower diversity in the final time
period compared to the pre-transplant period.

The Gini coefficient can also be seen in Figure 4.73, and this indicates a decrease
in median evenness over the first three time periods, which reaches parity with the
pre-transplant samples by the fifth time period (day 183 onwards).

When comparing the differences between and within sample bins for all patients,
ANOSIM’s R was equal to -0.03069 (p = 0.821). This indicates no greater taxa sim-
ilarity within compared to between the sample bins.

Table 4.21: Median and standard deviation of diversity metrics (Shannon entropy
and Observed OTUs) in the five temporal bins.

Shannon entropy SD Observed OTUs SD
Bin 1 1.31 0.48 23 17.44
Bin 2 0.88 0.7 19 12.55
Bin 3 0.66 0.6 14.5 8.78
Bin 4 0.91 0.73 15.5 12.46
Bin 5 1.06 0.56 32 11.72

Table 4.21 shows a summary of the diversity in the five different time periods.
While there is clearly a similar pattern in both metrics, only observed OTUs reaches
parity with the pre-transplant samples by the final time period. The standard de-
viation shows that there is considerable overlap in the ranges of the time periods,
reflecting the variability between patients. When patients in the subgroup were
grouped by low or moderate GvHD, the available pre-transplant samples from the
low group (n=5) had a median of 30 observed OTUs, similar to 29.5 in the moder-
ate group (n=4), though the pre-transplant samples from the low group had greater
median Shannon entropy than the moderate group (low = 1.45, moderate = 0.74).

The diversity loss can also be visualised through the changes in abundance dis-
tribution over the five time periods.
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Figure 4.74: The percentage of patient samples from the five time period bins com-
posed of genera from proportional abundance categories indicated in figure legend.
See Figure 4.71 for further description.

Figure 4.74 shows samples from bin 3 (days 36 - 65) have the highest mean per-
centage of hyperexpanded genera, followed by bins 2 and 4, and finally by bins 1 and
5. Correspondingly, bin 3 has the lowest mean percentage of large genera, which is
greater in bins 2 and 4, and greater again in bins 1 and 5. The same pattern may
be evident in the rare and small categories, though there is less difference between
the means.

4.3.19 Taxa show different abundance dynamics over the
HCST period and recovery

The 13 patients with at least four (rather than three, to avoid cluttering the figure)
samples each were combined for presentation in Figure 4.75. This figure plots the
changes in relative abundance of the top 12 (by relative abundance) most abundant
bacterial families. This was figure created following the style presented by Shaw
(L. P. Shaw 2018). Relative abundance of Lachnospiraceae reduces following HCST,
and increases in multiple patients in the following months. Both Enterobacteriaceae
and Staphylococcaceae appear to increase in relative abundance during recovery from
HSCT. There were 66 families in total seen in these 13 patients, the full set can be
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seen in Appendix R, Figures R.1, R.2, R.3, R.4, R.5.

Several genera and phyla have been associated with increased or lowered risk
of GvHD or mortality. Higher proportions of Blautia have been associated with
improved survival (Jenq, Ubeda, et al. 2012) and reduced GvHD. In these 20 pa-
tients there were eight pre-transplant samples and three day of transplant samples.
In three of these pre-transplant samples Blautia appeared above the low abundance
threshold (50 reads). Blautia was respectively 0.66% in CVG021, 1.71% in CVG032,
and 61.28% in CVG047. All of these patients survived. CVG021 had moderate skin
GvHD, and both CVG032 and CVG047 had no GvHD.

4.3.20 Different taxa are detected as differentially abundant
when samples are separated by neutrophil engraft-
ment, although abundance distribution is highly sim-
ilar

Figure 4.76: The percentage of patient samples from pre- or post-neutrophil en-
graftment composed of genera from proportional abundance categories indicated in
figure legend. See Figure 4.71 for further description.
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Figure 4.76 shows there is also a difference in the genus abundance distribution
between the samples from before and after neutrophil engraftment. As in the case
of pre and post transplant, a greater percentage of after neutrophil engraftment
samples compared to before are composed of hyperexpanded genera, while greater
percentage of before neutrophil engraftment samples compared to after samples are
composed of large genera.

However, the genera which are differentially abundant between before and af-
ter neutrophil engraftment are not the same as the genera which are differentially
abundant between the pre and post-transplant samples.
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Figure 4.77: The differential abundance of genera in the pre-engraftment samples
compared to the post-engraftment samples calculated using DESeq2. Upper panel
shows the four statistically significant genera, the lower panel shows the top 15 most
differentially abundant genera.
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Figure 4.77 shows the four genera for which the difference in abundance between
the pre and post neutrophil engraftment samples is statistically significant. There
was a log2 change of -3.60 in Escherichia (adjusted p = 2.88 x 10−3), a log2 change
of -3.71 in Staphylococcus (adjusted p = 4.30 x 10−3), and -5.22 in Citrobacter
(adjusted p = 5.36 x 10−3). This means that the pre-engraftment samples have
reduced expression of Escherichia, Staphylococcus, and Citrobacter compared to the
post-engraftment samples (relative expression of 0.082, 0.076, and 0.027 respectively,
where abundance in post-engraftment is 1).There was a log2 change of 8.16 in Bac-
teroides (adjusted p = 1.99 x 10−5), which means that the pre-engraftment samples
have enriched expression of Bacteroides compared to the post-engraftment samples
(relative expression of 286.03 where abundance in post-engraftment is 1).

The lower panel of 4.77 shows those four genera along with a further 11 gen-
era with statistically non-significant differential abundances in the pre and post-
transplant samples. Figure 4.77 (lower panel) shows all differentially abundant gen-
era with an adjusted p value below 0.99 (those with 0.99 and above were omitted
for clarity in the figure).

Differences can also be seen between the pre-transplant samples, and those from
the neutrophil engraftment period (time bins 1 and 2).
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Figure 4.78: The differential abundance of genera in the bin 2 samples compared to
the bin 1 samples calculated using DESeq2. Upper panel shows the four statistically
significant genera, the lower panel shows the top 10 most differentially abundant
genera.

Figure 4.78 shows the four genera for which the difference in abundance between
the bin 1 (pre-transplant) and bin 2 (engraftment period) samples is statistically sig-
nificant. There was a log2 change of 7.073 in Staphylococcus (adjusted p = 1.048 x
10−6), a log2 change of 6.88 in Enterococcus (adjusted p = 5.30 x 10−6), a log2 change
of 9.10 in Corynebacterium (adjusted p = 1.26 x 10−3), and 4.05 in Streptococcus
(adjusted p = 5.36 x 10−3). This means that the engraftment period samples have
enriched expression of Staphylococcus, Enterococcus, Corynebacterium, and Strepto-
coccus compared to the pre-transplant samples (relative expression of 134.64, 117.78,
548.748, and 16.56 respectively where abundance in post-engraftment is 1).

The lower panel of 4.78 shows those four genera along with a further six gen-
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era with statistically non-significant differential abundances in the pre and post-
transplant samples. Figure 4.78 (lower panel) shows all differentially abundant gen-
era with an adjusted p value below 0.5 (those with 0.5 and above were omitted for
clarity in the figure).

4.3.21 Diarrhoea significantly affects the taxa present

To investigate whether stool consistency may be affecting the microbiome compo-
sition in this study, samples were compared by whether the patient was known to
have diarrhoea or not at the time of sample collection. There were 55 samples for
which this information was available.
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Figure 4.79: The differential abundance of genera in the diarrhoea positive and
negative samples calculated using DESeq2. Upper panel shows the four statistically
significant genera, the lower panel shows the top 15 most differentially abundant
genera.

Figure 4.79 shows the four genera for which the difference in abundance between
the samples with and without diarrhoea is statistically significant. There was a log2

change of -3.97 in Escherichia (adjusted p = 5.61 x 10−3) and -4.49 in Shigella
(adjusted p = 5.38 x 10−3), and a log2 change of 6.92 in Enterococcus (adjusted p
= 9.47 x 10−9) and 3.33 in Granulicatella (adjusted p = 7.01 x 10−4). This means
that the samples with diarrhoea have reduced expression of Escherichia and Shigella
compared to the samples without diarrhoea (relative expression of 0.064 and 0.045
respectively, where abundance without diarrhoea is 1). Samples with diarrhoea have
enriched levels of Enterococcus and Granulicatella compared to the samples without
diarrhoea (relative expression of 121.10 and 10.06 respectively, where abundance in
samples without diarrhoea is 1).
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The lower panel of Figure 4.79 shows those four genera along with a further
12 genera with statistically non-significant differential abundances in the pre and
post-transplant samples. Figure 4.79 (lower panel) shows all differentially abundant
genera with an adjusted p value below 0.2 (those with 0.2 and above were omitted
for clarity in the figure).

4.3.22 Differences in GvHD severity are associated with
changes in taxa

Some taxa were differentially abundant in the samples from patients with moderate
or severe GvHD, compared to those with low or no GvHD.
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Figure 4.80: The differential abundance of genera in the no GvHD/GvHD (grade I)
compared to GvHD (grade II/III) samples calculated using DESeq2. Upper panel
shows the two statistically significant genera, the lower panel shows the top six most
differentially abundant genera.

Figure 4.80 shows the two genera for which the difference in abundance be-
tween the no GvHD/GvHD (grade I) and GvHD (grade II/III) samples is statis-
tically significant. There was a log2 change of 4.62 in Staphylococcus (adjusted p
= 2.42 x 10−5), and a log2 change of 3.59 in Enterococcus (adjusted p = 1.82 x
10−3). This means that the GvHD (grade II/III) samples have enriched expression
of Staphylococcus, Enterococcus compared to the no GvHD/GvHD (grade I) sam-
ples (relative expression of 24.59 and 12.042 respectively, where abundance in the
no GvHD/GvHD (grade I) samples is 1).

The lower panel of Figure 4.80 shows those two genera along with a further four
genera with statistically non-significant differential abundances in the no GvHD/GvHD
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(grade I) and GvHD (grade II/III) samples. Figure 4.80 (lower panel) shows all dif-
ferentially abundant genera with an adjusted p value below 0.9 (those with 0.9 and
above were omitted for clarity in the figure).
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Figure 4.81: The differential abundance of genera in the no GvHD compared to gut
GvHD samples calculated using DESeq2. Upper panel shows the three statistically
significant genera, the lower panel shows the top 16 most differentially abundant
genera.

Figure 4.81 shows the three genera for which the difference in abundance be-
tween the samples from patients no GvHD or gut GvHD is statistically significant.
There was a log2 change of 10.64 in Lachnoclostridium (adjusted p = 1.046 x 10−10),
and a log2 change of 10.89 in Blautia (adjusted p = 6.20 x 10−5). This means that
the no GvHD samples have enriched expression of Lachnoclostridium and Blautia
compared to the gut GvHD samples (relative expression of 1595.73, and 1897.65 re-
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spectively, where abundance in samples from patients with gut GvHD is 1). There
was a log2 change of -5.71 in Staphylococcus (adjusted p = 1.65 x 10−4). This means
that the no GvHD samples have reduced expression of Staphylococcus compared to
the gut GvHD samples (relative expression of 0.019, where abundance in samples
from patients with gut GvHD is 1).

The lower panel of 4.81 shows those three genera along with a further 13 gen-
era with statistically non-significant differential abundances in the pre and post-
transplant samples. Figure 4.81 (lower panel) shows all differentially abundant gen-
era with an adjusted p value below 0.9 (those with 0.9 and above were omitted for
clarity in the figure).

4.3.23 No significant effect was found on GvHD develop-
ment from antibiotic load

Simms-Waldrip et al. (2017) reported that the anti-anaerobic antibiotic load (and
total antibiotic load) prior to GvHD onset was associated with GvHD development.
In these data from the 20 patients, as grouped into none/low GvHD and moder-
ate/severe GvHD, there was no statistical difference in total antibiotic load, total
anti-anaerobic antibiotic load, or specific anti-anaerobic antibiotic (Mann-Whitney
U test) (See Table 4.22). This was also the case when the patients were grouped
into no GvHD and GvHD (grade I-III) (Mann-Whitney U test).

Table 4.22: Non-significant difference between antibiotic loads prior to GvHD de-
velopment from Mann-Whitney U test (p-values).

Antibiotic group None/Grade I v.
Grade II/Grade III

None v. Grade
I/Grade II/Grade III

All antibiotics 0.512 0.116
Anti-anaerobic antibi-
otics

0.969 0.410

Meropenem 0.903 0.564
Metronidazole 0.414 0.825
Pip-taz 0.938 0.432

No significant difference in antibiotic load prior to GvHD onset was found be-
tween less and more severe GvHD (See Table 4.22).
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4.3.24 Dominant genera made up a greater proportion of
the pre-transplant samples of patients who developed
moderate/severe GvHD or died

Dominance of a single genus was seen to varying degrees in the samples from the
subgroup of this study. The samples were grouped by those coming from survivors
or fatalities, and by GvHD degree (no GvHD/ GvHD grade I and GvHD grade
II/GvHD grade II) and the median percentage of each sample composed of its most
dominant genus was calculated.

Table 4.23: Median and IQR of the percentage of samples composed of the most
dominant genus in each temporal group (1 (all pre-transplant samples), 2 (days 0
- 35), 3 (days 36 - 65), 4 (days 66-182), and 5 (day 183 onwards). Results are
separated by mortality, and by GvHD severity.

1 IQR 2 IQR 3 IQR 4 IQR 5 IQR
Survivors 67.3 28.4 71.6 29.6 71.5 33.1 87.8 24.3 71.1 22.7
Fatalities 72.6 11.4 78.5 19.0 80.3 35.3 54.3 25.3 51.6 13.7
GvHD
(0/I)

44.6 22.3 76.3 19.3 72.4 23.3 85.7 31.9 64.8 13.2

GvHD
(II/III)

75.9 18.4 73.3 29.9 78.6 37.3 72.3 35.4 56.8 18.0

The median (and IQR) of samples composed of their most dominant genus in
each temporal bin can be seen in Table 4.23. In the first time period, including all
pre-transplant samples, the median percentage was less in both survivors compared
to fatalities, and less severe GvHD compared to more severe GvHD.

This was maintained over the second and third time period comparing survivors
to fatalities, but then switched for the final two groups, with a higher median per-
centage of the dominant genus seen in survivors compared to fatalities in the fourth
and fifth time periods.

Comparing less severe GvHD to more severe GvHD, the median percentage of
the dominant genus was similar between the two groups in the second and third
time period, and in the fourth and fifth time periods the difference was greater, and
the samples from patients with less severe GvHD had a higher median percentage
of the dominant genus than those with more severe GvHD.

There were no genera with a significant differential abundance between the sam-
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ples from the patients who survived and the patients who died.

4.3.25 Differentially abundant taxa following transplant vary
according to survival

To further understand how microbiome composition may relate to patient outcomes,
samples were separated by survival outcome, and the differential abundance of taxa
before and after transplant was calculated.
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Figure 4.82: Differential abundance of genera between pre- and post-transplant
samples separated by outcome, calculated using DESeq2. The left panels show
differentially abundant genera in patients who survived, and the right panels shows
differentially abundant genera in patients who died. Upper panels shows the statisti-
cally significant genera, and lower panels shows the top most differentially abundant
genera.

Figure 4.82 shows the differentially abundant taxa before and after transplant
in patients who survived (left) and died (right). Staphylococcus had reduced abun-
dance in the pre-transplant compared to post-transplant samples in both conditions,
but the difference was greater in the patients who died: there was a log2 change of
-8.053 in surviving patients (adjusted p = 1.49 x 10−4), and a log2 change of -25.77
in patients who died (adjusted p = 3.60 x 10−9) (relative expression of 0.0038 and
1.747 x 10−8, where abundance in post-transplant is 1). However, several differen-
tially abundant genera were not shared between the two groups. Lactococcus had
log2 change of -21.79 (adjusted p = 3.81 x 10−3) reduced abundance in the pre-
transplant compared to post-transplant samples in the patients who died (relative
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expression of 2.76 x 10−7, where abundance in post-transplant is 1).

Enterococcus had log2 change of -6.87 (adjusted p = 1.18 x 10−3) reduced abun-
dance in the pre-transplant compared to post-transplant samples in the patients
who survived (relative expression of 0.0085, where abundance in post-transplant is
1). Faecalibacterium had log2 change of 26.82 (adjusted p = 5.063 x 10−7) enriched
abundance in the pre-transplant compared to post-transplant samples in the patients
who survived (relative expression of 1.18 x 108, where abundance in post-transplant
is 1).

The lower panel of 4.82 shows the statistically significant taxa, as well as a further
10 genera with statistically non-significant differential abundances in the patients
who survived on the left, and a further five in the patients who died. Figure 4.82
(lower panel) shows all differentially abundant genera with an adjusted p value be-
low 0.7 (left) and 0.9 (right).

4.3.26 Different factors contribute towards major shifts in
microbiome composition
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Table 4.24: Major shifts in microbiome composition in the subgroup of patients. Shifts from pre-transplant are in bold. The day post
transplant of each consecutive pair is given, along with the predominant genera in the sample. Environmental factors specific to the
patient and the time period which may have affected the microbiota are listed.

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

CVG001 -8 12 Escherichia, Enterococ-
cus, Salmonella

Enterococcus Conditioning/transplant, antibiotic
change, adenovirus (mild), diarrhoea
(query)

12 27 Enterococcus Veillonella, Haemophilus,
Enterococcus

Adenovirus, diarrhoea, engraftment, antibi-
otic change

27 41 Veillonella, Haemophilus,
Enterococcus

Klebsiella, Citrobacter Adenovirus, diarrhoea

CVG002 90 207 Staphylococcus Streptococcus,
Anaerosporobacter, Campy-
lobacter, Blautia

Norovirus, antibiotic cessation

207 222 Streptococcus,
Anaerosporobacter, Campy-
lobacter, Blautia

Escherichia, Klebsiella Norovirus (improved)

222 304 Escherichia, Klebsiella Lachnoclostridium Norovirus (improved), adenovirus (mild),
sapovirus (mild)

Continued on next page
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Table 4.24 – continued from previous page

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

CVG003 0 32 Veillonella, Streptococcus Rothia Engraftment, antibiotic change

32 180 Rothia Citrobacter Antibiotic change, discharge from hospital

CVG004 0 28 Veillonella, Enterococcus,
Haemophilus, Staphylococ-
cus

Lactococcus Engraftment, antibiotic change, adenovirus
(mild), mucositis (mild), GvHD (skin)

28 161 Lactococcus Escherichia, Klebsiella Adenovirus (worsening), diarrhoea, antibi-
otic change

CVG016 8 35 Staphylococcus, Streptococ-
cus, Enterococcus

Streptococcus, Staphylococ-
cus

Antibiotic change, norovirus (moderate), di-
arrhoea, vomiting, engraftment

35 220 Streptococcus, Staphylococ-
cus

Enterococcus Antibiotic change, norovirus (moderate), di-
arrhoea

CVG017 35 180 Enterococcus, Streptococcus Blautia Antibiotic change

CVG019 39 61 Parabacteroides, Bac-
teroides

Escherichia, Klebsiella, and
Streptococcus

GvHD (skin), engraftment, norovirus (se-
vere), diarrhoea, antibiotic change

61 82 Escherichia, Klebsiella,
Streptococcus

Citrobacter EBV, norovirus, antibiotic change, increased
stool output

Continued on next page
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Table 4.24 – continued from previous page

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

82 370 Citrobacter ăLachnoclostridium,
Haemophilus

B-ALL relapse, fungal chest infection,
norovirus (severe), antibiotic cessation
(query)

CVG021 -7 0 Bacteroides Lachnoclostridium Conditioning, antibiotic change,
norovirus

0 16 Lachnoclostridium Staphylococcus, Acinetobac-
ter

CMV, norovirus, antibiotic change

CVG028 -13 1 Enterococcus, Staphylo-
coccus, Granulicatella,
Proteus

Streptococcus, Entero-
coccus, Staphylococcus,
Granulicatella

Conditioning/transplant, mucositis,
gut inflammation, norovirus (no diar-
rhoea), rotavirus, antibiotic change

1 41 Streptococcus, Entero-
coccus, Staphylococcus,
Granulicatella

Staphylococcus Antibiotic change, engraftment, norovirus
(no diarrhoea), GvHD (skin)

CVG032 -7 -2 Bacteroides Escherichia, Klebsiella Conditioning, antibiotics

-2 0 Escherichia, Klebsiella Streptococcus, Lacto-
coccus

Conditioning, antibiotics

Continued on next page

286



Table 4.24 – continued from previous page

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

0 42 Streptococcus, Lactococcus Escherichia, Klebsiella Engraftment, norovirus, antibiotic change,
diarrhoea

CVG041 1 16 Klebsiella, Escherichia,
Parabacteroides, Shigella

Acinetobacter and
Abiotrophia

Engraftment, antibiotic change, norovirus,
adenovirus

16 37 Acinetobacter, Abiotrophia Klebsiella, Escherichia,
Shigella

Engraftment, antibiotic change, norovirus,
engraftment syndrome

37 58 Klebsiella, Escherichia,
Shigella

Klebsiella, Escherichia,
Shigella

Antibiotic change, norovirus (worsening),
adenovirus (mild)

58 120 Klebsiella, Escherichia,
Shigella

Escherichia, Klebsiella, En-
terococcus, Shigella

Antibiotic change, GvHD (gut)

120 134 Escherichia, Klebsiella, En-
terococcus, Shigella

Clostridium, Klebsiella, Es-
cherichia, Shigella

Antibiotic cessation, norovirus, GvHD (gut)

134 150 Clostridium, Klebsiella, Es-
cherichia, Shigella

Klebsiella, Escherichia,
Shigella

Norovirus, antibiotic cessation

CVG042 12 20 Enterococcus Acinetobacter, Staphylococ-
cus

Antibiotic change, adenovirus, norovirus (no
diarrhoea)

Continued on next page
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Table 4.24 – continued from previous page

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

20 34 Acinetobacter, Staphylococ-
cus

Haemophilus Engraftment, antibiotic change, norovirus
(no diarrhoea), adenovirus, GvHD (gut)

34 88 Haemophilus Enterococcus, Streptococcus Norovirus, adenovirus, GvHD (atypical gut),
antibiotic change

CVG046 -7 19 Enterococcus Lactococcus Norovirus, diarrhoea, antibiotic
change, engraftment

19 37 Lactococcus Enterococcus GvHD (skin), increased stool output,
norovirus, diarrhoea, antibiotic change

CVG047 -8 13 Blautia, Lachnoclostridium Lachnoclostridium, Dys-
gonomonas

Conditioning/transplant, antibiotic change

13 25 Lachnoclostridium, Dys-
gonomonas

Blautia Engraftment, antibiotic change

31 35 Blautia Escherichia Antibiotic change

90 180 Escherichia, Citrobacter Escherichia, Lachno-
clostridium, Streptococcus,
Klebsiella

Antibiotic change

Continued on next page
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Table 4.24 – continued from previous page

Patient 1st
day

2nd
day

1st composition 2nd composition Environmental factors

CVG052 0 7 Veillonella, Streptococcus,
Megasphaera

Escherichia, Klebsiella,
Shigella

Diarrhoea, mucositis, antibiotic change, par-
enteral nutrition

7 52 Escherichia, Klebsiella,
Shigella

Clostridium, Escherichia,
Klebsiella, Shigella

Engraftment, antibiotic cessation, aden-
ovirus, CMV, diarrhoea cessation, and
change in diet

CVG054 -7 6 Streptococcus, Rothia Staphylococcus Parenteral nutrition, conditioning, an-
tibiotic change, norovirus
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The factors likely to affect major changes in gut microbiome composition across
the patient cohort (Table 4.24) could then be summarised by the number of shifts
with which they are associated (Table 4.25).

Table 4.25: The factors likely to contribute towards major shifts in the microbiome
composition, the number of shifts they are associated with, and the percentage of
major shifts in this study to which they are linked.

Factor Number of shifts % of major shifts
Antibiotic regimen 38 92.68
Conditioning/transplant 8 19.51
Diarrhoea 13 31.71
Disease relapse 1 2.44
Engraftment syndrome 1 2.44
Fungal chest infection 1 2.44
Gut GvHD 4 9.76
Gut inflammation 2 4.88
GvHD (skin) 4 9.76
Hospital discharge 1 2.44
Mucositis 3 7.32
Neutrophil engraftment 14 34.15
Parenteral nutrition 3 7.32
Viral infection 29 70.73
Vomiting 1 2.44

Table 4.25 shows the environmental factors associated with major shifts in mi-
crobiome composition in the subgroup patients of this study. Of these, changes in
the antibiotics given and viral infection were most commonly linked to microbiome
composition changes, as well as diarrhoea and neutrophil engraftment.

4.4 Discussion

4.4.1 Microbiome composition and stability is affected by
transplant but is highly variable between individuals

This study provided an in-depth characterisation of the gut microbiome of paedi-
atric patients before, during, and following transplant, and showed that both the
taxonomic composition and changes over time were highly variable between the indi-
viduals in the study. Some patients had several major shifts in microbiome composi-
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tion leading to a different spectrum of taxa, some had perturbations in composition
but returned to a earlier state, and others showed very little difference despite the
transplant. The full analysis and figures of the omitted seven patients of this group
with the fewest samples (three) can be seen in Appendix M.

Immune reconstitution success and stage is likely to factor into the changes seen
the gut microbiota in these patients, though no data were available regarding the
progress of immune reconstitution beyond the date of neutrophil engraftment. This
is an observational study, and thus is limited by the many different variables in-
herent to this study. This kind of setting cannot be run as a completely controlled
experiment and thus discussion is based on inferences from the combined available
data.

4.4.2 Drivers of change in the gut microbiome

In 16 of the patients there is at least one major shift in gut microbiome composition
(50% or greater change in microbiome composition between consecutive samples),
as measured by the samples collected over time. This is consistent with Biagi et al.
(2015), who found that the majority of samples more than 50 days after the trans-
plant were composed of OTUs not seen in the pre-transplant samples (Biagi, Zama,
Nastasi, et al. 2015). One of the central questions of this chapter is to ask what may
be contributing to these changes. The HSCT and the changed immune system may
play the most significant role. Other associated factors, such as antibiotics taken or
gut-related viral infection may also contribute to these changes. GvHD is included
as part of the transplant effect for the sake of answering this question, as it is a
direct result of the changes in the immune system.

Some effects on gut microbiome composition may be due to factors such as stool
consistency, and sample handling. While they were inpatients stool samples were
collected by research nurses. Once patients were discharged the onus was on parents
to collect and send stool samples. While this increased the difficulty of collecting
samples, it is unlikely to have had much on the composition of the samples. Williams
et al. (2019) compared four different methods of collecting and stabilising stool sam-
ples from young patients in nappies, including making it possible to post samples.
They found that using OMNIgene-GUT kit maintained the samples with minimal
changes to composition (G. M. Williams et al. 2019), which is the kit used to sta-
bilise samples in this study. In their cohort of 10 patients Williams et al. (2019)
had to exclude one patient as they did not produce enough faecal material. This
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may well have been a factor in the samples of this study, as many of the patients
were in nappies.

The antibiotic regimen and viral infections were most commonly linked to major
shifts, followed by neutrophil engraftment and diarrhoea. As this is an observa-
tional study causality cannot be determined, but in the majority of composition
shifts (37/41) at least two factors seemed plausibly involved in affecting the gut
microbiome shifts. Caution must be applied in interpretation, as the absence of in-
formation does not mean that no further factors were present. However, it appears
in four cases that only one factor was likely to influence microbiome composition
change. Three of these were changes in antibiotic regimen, and the fourth was viral
(norovirus) infection.

Some individual instances in which the specific antibiotic regime may have influ-
enced the gut microbiome composition shift were identified. The major expansion
in the second sample from patient CVG001 was of Enterococcus, and at least one
species within this genus is resistant to Meropenem (J. R. Edwards 1995). Following
antibiotic treatment Enterococcus species may densely populate the gut, and limit
the growth of commensal genera (Dubin and Pamer 2014; Taur, Xavier, et al. 2012).
Therefore, the antibiotic regime may have contributed the relative domination of En-
terococcus in this sample. Klebsiella expansion in this patient also coincided with
Co-trimoxazole use, which is sometimes successful against Klebsiella, but there is
also resistance in this genus (Leahy and Humble 1983; Murri et al. 2017).

Similar associations of expansions and antimicrobial use were observed in pa-
tients CVG003 (Ciprofloxacin with Citrobacter (Metri et al. 2013)), CVG016 (Clar-
ithromycin with Staphylococcus (Khan et al. 2011), Meropenem with Enterococ-
cus (J. R. Edwards 1995) and Streptococcus (Fish 2006)), CVG021 (Ciprofloxacin
with Acinetobacter (Rhomberg and Jones 2009), Vancomycin with Staphylococcus
(McGuinness et al. 2017), and Ciprofloxacin with Bacteroides), CVG028 (Azithromycin
and Ciprofloxacin with Staphylococcus (Moorhouse et al. 1996; Naimi et al. 2017)),
CVG032 (Co-trimoxazole with Klebsiella (Leahy and Humble 1983), Co-trimoxazole,
Ceftazidime, and Ciprofloxacin with Escherichia (Fasugba et al. 2015; Karaca et al.
2005; Oteo et al. 2006)), CVG041 (Azithromycin with C. difficile (Gorenek et al.
1999; Wieczorkiewicz et al. 2016)), CVG042 (Meropenem and Vancomycin with
Enterococcus (Cetinkaya et al. 2000; J. R. Edwards 1995)), CVG046 (Meropenem
and Vancomycin with Enterococcus (Cetinkaya et al. 2000; J. R. Edwards 1995),
Co-trimoxazole and Teicoplanin with Lactococcus (Devirgiliis et al. 2013; Temmer-
man et al. 2003)), CVG047 (Pip-taz with Blautia (Jenq, Taur, et al. 2015)), and
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CVG054 (Pip-taz and Teicoplanin with Streptococcus (Jenq, Taur, et al. 2015)).
This shows that timing of specific antibiotic administration may lead to different
changes in gut microbiome composition, although in many cases there are likely to
be multiple factors contributing to shifts. It should also be noted that despite the
transplant, and other possible drivers of change in the microbiota, several patients
showed consistent composition profiles over the course of the study with no major
shifts (CVG012, CVG014). A full patient-by-patient discussion of the shifts and
contributing factors can be found in Appendix S.

4.4.3 Following the transplant there is a prolonged loss of
microbiome diversity and change in the composition

In this patient cohort median α-diversity decreased approximately 33% (Shannon
entropy) between pre-transplant and the engraftment period. This is consistent
with Biagi et al. (2015) who reported that α-diversity reduced by approximately
30% between the pre-transplant and engraftment-stage samples. However, the low-
est period for α-diversity and evenness in this study was days 36 - 65, which was
reduced approximately 50% compared to the pre-transplant samples. Median α-
diversity did not reach near parity with the pre-transplant samples until day 183
onwards, whereas Biagi et al. 2019 reported that by day 60 the α-diversity was
similar to pre-transplant levels. Thus the patients in this study show a more pro-
tracted diversity loss following transplant. Holler et al. (2014) reported in adults
that those patients with no or resolving GvHD were starting to return to similarity
with the pre-transplant samples by day 28, which was not seen in those with active
GvHD (Holler et al. 2014), though this separation was not seen in the present study.

Some families were persistent but constituted relatively small proportions of sam-
ples in many of the patients. Families including Lachnospiraceae showed U-shaped
relative abundance in some patients over the study period, while the reverse was seen
in families such as Enterobacteriaceae and Staphylococcaceae. Blautia, Bacteroides,
and Bifidobacterium were all enriched in the pre-transplant samples compared to
after the transplant, although not statistically significantly. Both Staphylococcus
and Enterococcus were significantly enriched in the samples following transplant
compared to pre-transplant, suggesting that across the patients the transplant con-
tributed towards a proportional increase in Firmicutes, and those two genera specif-
ically.

A pattern seen in multiple patients (CVG012, CVG032, CVG041, CVG047,
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CVG048) was for Escherichia, Shigella and Klebsiella to co-occur, and often for
them to dominate the sample at a given time. In these patients this co-occurrence
also persisted over multiple samples. The close genetic similarity (Devanga Ragu-
pathi et al. 2018; Khot and Fisher 2013; C. Jenkins et al. 2012), both in terms of
genus identification and phenotypic similarity (Nataro et al. 2015), may be a fac-
tor. This observation may also be a partially a result of the long-term antibiotic
treatment, as antibiotic resistance is commonly reported in all three genera (Bial-
vaei et al. 2016; Oplustil et al. 2001; H. Pai et al. 2001), and plasmids conferring
antimicrobial resistance have been reported as being transferred from Klebsiella to
Escherichia (Schjørring et al. 2008).

Biagi et al. (2019) reported that gut microbiome dysbiosis generally preceded
the development of aGvHD, including a reduction in diversity. They found a sig-
nificant change in the microbiome structure at engraftment for all patients, and
reported that all patients had a eubiotic microbiome structure by day 30 (Biagi,
Zama, Rampelli, et al. 2019). Our data did not support these findings. Although
there is no standard definition of a eubiotic microbiome, many of the patients in the
present study continued to have significant changes in microbiome composition and
eight had samples which were almost monocultures at and beyond day 30 (CVG001,
CVG002, CVG003, CVG005, CVG014, CVG028, CVG042, CVG046). There were
pre- and post-engraftment samples from 15 of the 20 patients in the present study.
Of these 15 patients, 11 underwent a significant shift in microbiome composition
between the samples pre and post engraftment, as reported in Biagi et al. (2019).
However, these results must be interpreted with caution, especially in regard to
attributing the change to engraftment. Although it is likely to have an effect, for
many of these changes there are other possible confounding variables.

In the study presented here, samples from the same patients were more similar
in composition to each other than to those from other patients, despite the HCST
induced disruption. This was in contrast to Biagi et al. (2015), who reported that
samples from the same patients did not cluster together, but samples from patients
with GvHD did (Biagi, Zama, Nastasi, et al. 2015). This different finding may be
affected by the limited number of pre-transplant samples available in this study.

294



4.4.4 GvHD is associated with changes in microbiome com-
position

Barker et al. (2005) found acute GvHD following HSCT in 46% of the 132 children.
In this study 55% of the 20 children in the subgroup had skin GvHD, and 20% had
gut GvHD. Greater pre-transplant relative abundance of Bacteroides and Parabac-
teroides (Biagi, Zama, Nastasi, et al. 2015), and Blautia (Biagi, Zama, Rampelli,
et al. 2019), have been associated with reduced acute GvHD, and Blautia has also
been associated with reducing GvHD-related mortality (Jenq, Ubeda, et al. 2012).
Both Bacteroides and Blautia were enriched (not statistically significantly) in the
present data before compared to after transplant.

One patient who did not develop GvHD (CVG032) presented pre-transplant sam-
ple enriched in Bacteroides (Biagi, Zama, Nastasi, et al. 2015) and one (CVG047)
had significantly enriched Blautia (Biagi, Zama, Rampelli, et al. 2019; Jenq, Ubeda,
et al. 2012), but unlike Biagi et al. (2015), Biagi et al. (2019), and Jenq et al. (2012)
no taxa were found to be differentially abundant between before and after sampling
when the patients were grouped by GvHD grade II/III compared to none/GvHD
grade I.

However, Enterococcus and Staphylococcus were enriched in samples from pa-
tients with GvHD grade II/III compared to none/GvHD grade I, which is consis-
tent with Biagi et al. (2015), who found that samples from patients with GvHD
were positively correlated with Enterococcus. In adults Holler et al. (2014) found
a change towards higher relative abundance of Enterococcus after transplant, espe-
cially when there was active GvHD. Both of these patterns were seen in the present
study. Relatively higher days on anti-anaerobic antibiotics has been associated with
developing GvHD (Simms-Waldrip et al. 2017), but this was not seen in these data.

In this study, the pre-transplant samples from patients with GvHD grade II/III
and none/GvHD grade I had a similar number of observed OTUs, but the Shannon
entropy was greater in the samples from patients who went on to have no GvHD or
GvHD grade I than those with GvHD grade II/III. Although this cannot be conclu-
sive due to the small sample size, it is consistent with other studies (Biagi, Zama,
Rampelli, et al. 2019; L. Han et al. 2019).

Directly comparing samples from patients who did not develop any GvHD and
those who developed gut GvHD, Blautia and Lachnoclostridium where enriched in
patients, who did not develop any GvHD, and Staphylococcus was enriched in sam-
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ples from patients with gut GvHD. This differs somewhat from the comparison of
GvHD grade II/III to none/GvHD grade I above. The Blautia finding is consistent
with previous reports (Biagi, Zama, Rampelli, et al. 2019; Jenq, Taur, et al. 2015),
and Lachnoclostridium belongs to the class Clostridiales, depletion of which has
been associated with increased risk of GvHD (L. Han et al. 2019; Jenq, Taur, et al.
2015; Jenq, Ubeda, et al. 2012; Mathewson et al. 2016; Simms-Waldrip et al. 2017).
Staphylococcus does not appear to be previously reported as differentially abundant
between patients with no GvHD and gut GvHD, but is associated with bacteraemia
following HSCT (Mihu et al. 2008; Noor et al. 2019).

Changes in relative Lactobacillaceae (Ingham et al. 2019; Jenq, Ubeda, et al.
2012), Lachnospiraceae (L. Han et al. 2019), Peptostreptococcaceae (L. Han et al.
2019), and Erysipelotrichaceae (L. Han et al. 2019) abundance has been associated
with increased or decreased risk of GvHD and mortality in previous studies on the
gut microbiome after HSCT, but no significant associations were found in the present
study.

Relatively more dominant genera pre-transplant, and thus less evenness, has also
been identified as a risk for developing GvHD (Biagi, Zama, Nastasi, et al. 2015).
In these data the most dominant genus made up a greater percentage of the pre-
transplant sample in deceased compared to surviving patients, and in patients with
GvHD grade II/III compared to none/GvHD grade I. This pattern was not consis-
tently present post-transplant in the present study. Enterococcus was reported as
most commonly a dominant genus (30% or more of a sample) (Holler et al. 2014;
Taur, Xavier, et al. 2012), and Proteobacteria as a common phylum (Holler et al.
2014; Taur, Xavier, et al. 2012). Escherichia was the most commonly seen dominant
genus in the present data, which is from the phylum Proteobacteria, followed by Bac-
teroides, Enterococcus, Blautia, and Streptococcus. Bloom of Enterobacteriaceae, to
which Escherichia belongs, has been associated with greater risk of GvHD (L. Han
et al. 2019). Therefore, as previously reported (Biagi, Zama, Nastasi, et al. 2015),
less even gut microbiome composition may predispose patients to poorer outcomes
post-transplant, and indicates a possible role for proactive treatment of the gut mi-
crobiome pre-transplant, such as faecal microbiome transplant (FMT) (Gupta et al.
2016).
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4.4.5 Neutrophil engraftment, antibiotic regime, and diar-
rhoea affect microbiome composition

Samples where diarrhoea was confirmed were significantly enriched with Enterococ-
cus, and Granulicatella, and samples without diarrhoea were significantly enriched
with Escherichia and Shigella. This is contrary to multiple studies, which indicate
that diarrhoea is associated with Escherichia (Pop et al. 2016; Sun et al. 2019; Vogt
and Finlay 2017) and Shigella (Baker and The 2018; Castaño-Rodríguez et al. 2018;
Sun et al. 2019). This may be because in these cases Escherichia and Shigella are
implicated as causative of diarrhoea, whereas in the present study factors such as
antibiotics and viral infections may be responsible. Thus viral infections affecting
the gut are likely to affect microbiome composition (Falony et al. 2016).

Different taxa are statistically significantly enriched before and after neutrophil
engraftment compared by before and after transplant. Only Staphylococcus is statis-
tically significantly enriched after both transplant and engraftment. Bacteroides was
enriched before engraftment, and Citrobacter and Escherichia were enriched after
engraftment (both from Enterobacteriaceae, which has been associated with greater
risk of GvHD (L. Han et al. 2019)), while Enterococcus was enriched after trans-
plant. This indicates that these different stages may have different effects on the
gut microbiome. Specifically different between the pre-transplant and engraftment
periods were Enterococcus, Staphylococcus, Streptococcus, and Corynebacterium, all
of which were statistically significantly enriched in the engraftment period compared
to pre-transplant.

Holler et al. (2014) proposed that the two main factors driving change in the
microbiome were GI GvHD and antibiotics (specifically ciprofloxacin and other sys-
temic antibiotics (Holler et al. 2014)). These antibiotics were associated with a
relative abundance increase of Enterococcus, which was enriched in post-transplant
compared to pre-transplant samples and those with more severe GvHD in this study.
Thus the thorough antibiotic regimen given to many patients, combined with the
fact that Enterococci are resistant to many antibiotics (Kristich et al. 2014), may
have contributed to the relative increase in Enterococcus prevalence and dominance
in this study.

Antibiotics given before the age of three (Vatanen et al. 2018; Yassour et al.
2016), and particularly in the first six months of life (Korpela et al. 2016) are re-
ported to be particularly disruptive to the gut microbiome, and to result in long-
lasting negative effects on the diversity of the gut microbiome. Although in this
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study observation is limited by available samples, three of the eldest children in the
study aged six, eight and fourteen (CVG005, CVG048 and CVG012) were three of
the four patients with no major shifts. This is stability is particularly pertinent
as patient CVG012’s samples span days -7 to 271. All of the youngest patients in
this study, aged six, seven, eight, and nine months (CVG054, CVG003, CVG002,
and CVG001 respectively) had at least one major shift in microbiome composition
during the study period. This cannot be conclusive due the variation in available
samples, but is consistent with previous research indicating that antibiotic use ear-
lier in life is more disruptive to gut microbiome composition (Korpela et al. 2016;
Vatanen et al. 2018; Yassour et al. 2016).

4.4.6 Mortality risk may be affected by microbiome compo-
sition

Three of the 20 subgroup patients had BK-associated haemorrhagic cystitis follow-
ing their HSCT (CVG004, CVG005, and CVG041). BK virus is a double-stranded
DNA virus, and infections are not usually clinically significant unless an infected
person is immunocompromised (Sawinski and Goral 2015). In immunocompromised
patients following HCST it can cause loss of the graft, but most commonly it causes
BK-associated haemorrhagic cystitis (Uhm et al. 2014). Identified risk factors for
post-HSCT BK-associated haemorrhagic cystitis include GvHD, unrelated donors,
myeloablative conditioning, higher HLA-mismatch, male sex, increased age of recip-
ient, and CMV viraemia (Alfraih et al. 2016; Sawinski and Goral 2015; Uhm et al.
2014). All of the patients in the present study with BK-associated haemorrhagic
cystitis died, at least two less than one year after transplant. Two of the three were
male, which is one of the risk factors (Alfraih et al. 2016). One had CMV, another
risk factor. One of these patients had haplo-matching while the other two had 10/10
HLA matching.

Faecalibacterium was enriched in pre-transplant compared to post-transplant
samples of the patients who survived in this study, though not those who died. This
indicates that greater abundance of Faecalibacterium before the transplant may be
predictive or causative of improved survival post-transplant, although further inves-
tigation would be needed to confirm. This is consistent with Biagi et al. (2015) who
reported that Faecalibacterium was negatively associated with GvHD, and Ingham
et al. (2019) who reported that greater abundance of Ruminococcaceae more broadly
was associated with reduced GvHD and mortality (Ingham et al. 2019).
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4.4.7 Study cohort compared to healthy children

The gut microbiome in healthy developing children has been characterised in a num-
ber of studies (Stewart et al. 2018; Vatanen et al. 2018). The microbiomes seen in
the children in this study were generally very different from the gut microbiome of
healthy children as so far characterised.

For healthy children aged 3 - 14 months, those who were being breastfed tended
to have gut microbiota dominated by Bifidobacterium, and those who were not have
Escherichia as the dominant genus (Stewart et al. 2018). Furthermore babies born
by Caesarean section were less often colonised by Lactobacillus and Bacteroides than
those born vaginally (Nagpal et al. 2016; Vatanen et al. 2018). Eight of the patients
in this study were aged between 3 - 14 months at the time of transplant. It is also
very possible that breastfeeding may not have been possible for these patients de-
pending on their health. Neither Bifidobacterium nor Lactobacillus were dominant
in any of the early samples from these patients in our study. The dominant genus
early on in CVG001 was Escherichia, and in CVG021 it was Bacteroides, though
neither genera persisted after the transplant. In the other youngest patients, the
dominant genera in the initial samples were Staphylococcus (CVG002 and CVG016),
Veillonella (CVG003), Klebsiella (CVG041), Enterococcus (CVG0046), and Strep-
tococcus (CVG054). This demonstrates how much the developing gut microbiome
may be disrupted by HSCT and associated health conditions, even before trans-
plant, and shows some of the genera which may take the niche of those genera most
commonly associated with the developing gut microbiome.

Some of the genera associated with findings in this chapter, most pertinently Bac-
teroides, Citrobacter, Corynebacterium, Granulicatella, Klebsiella, Parabacteroides,
and Shigella were identified as possible contaminants in Chapter 3 (see Table 3.13
for the full list). Whilst there was not sufficient evidence to remove any of them,
particularly as they are all reported to be present in the human gut microbiome,
these findings must therefore be interpreted with caution. Furthermore, there were
indications from the mock community analysis that Staphylococcus abundance may
be overestimated and Klebsiella abundance may be underestimated.

4.5 Conclusion

This chapter has explored the changes in microbiome dynamics in a cohort of pae-
diatric patients receiving transplants, primarily HSCTs. Across the patient group
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there was a loss of microbial diversity following the transplant, and this generally
did not begin to recover until more than two months after the transplant. This was
a similar pattern to other studies (Biagi, Zama, Nastasi, et al. 2015; Biagi, Zama,
Rampelli, et al. 2019; Holler et al. 2014), though the timescale for diversity recovery
was prolonged in this study compared to similar studies.

For patients in the subgroup, shifts in microbiome composition in many cases
appeared to have multifactorial causes, as several plausible factors could not be elim-
inated. These factors included the transplant, engraftment, conditioning, GvHD,
combination of antibiotics, gastrointestinal symptoms, presence/absence and sever-
ity of viral infections which may affect the gut, stool consistency, age/possible diet,
and inpatient/outpatient status. In a minority of cases, either antibiotic treatment
or viral infection alone seemed most likely to have affected the change in micro-
biome composition. Several of these factors, most commonly transplant, engraft-
ment, GvHD, and antibiotics have been previously linked to changes in the gut
microbiome to HSCT patients (Biagi, Zama, Rampelli, et al. 2019; Biagi, Zama,
Nastasi, et al. 2015; Holler et al. 2014; Jenq, Ubeda, et al. 2012) and seem likely to
have also affected many of the gut composition shifts examined in this study.

In present findings, antibiotics and changes in antibiotic combinations were
linked to the majority of major changes in microbiome composition. Further to
this, the antibiotic data were detailed enough to, in some cases, be able to con-
sider whether a particular combination of antibiotics may have affected a particular
change in bacterial genera. However factors such as viral status and stool consis-
tency, are much less commonly discussed and seem likely to have played a major
role in influencing gut composition shifts in this patient cohort. The richness of
this dataset allowed for the consideration of many variables, and while this added
complexity to the analysis, it also allowed a much more nuanced consideration of
what aspects of a patient’s health may affect their gut microbiome composition. It
is clear from these results that factors such as antibiotics and viral infection partic-
ularly leading to diarrhoea have at least as much effect on sample composition as
the actual transplant, and possibly more. However, this would need to be confirmed
with further study. There is some evidence that the gut microbiota of the HSCT
donor may affect the outcome of the recipient (C. Liu et al. 2017), a possibility
which could not be explored in this study without additional sampling, but could
be included in future work.

The aims of the study were to characterise the gut microbiome composition of
the patients before, during, and after HSCT, to analyse the contribution of dif-
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ferent factors to these changes, and to detect patterns seen across patients with
the hope of further understanding the relationship in children between the micro-
biome and HSCT treatment. This chapter presents both individual and grouped
longitudinal microbiome data from paediatric patients receiving HSCT, and this
longitudinal timescale extends further after transplant than most similar published
studies, allowing particular insights into the long-term pattern in the paediatric gut
microbiome following HSCT. Disruption and reduction of microbial diversity was
seen in the majority of patients beyond three months after transplant. Taxa were
found to be differentially abundant between before and after transplant, as well as
before and after neutrophil engraftment and in patients with greater or less GvHD.
During the pre-transplant period and engraftment periods, greater predominance of
a single genus was associated with more severe GvHD and with increased rate of
patient fatality. Furthermore, as in other similar studies (Biagi, Zama, Rampelli,
et al. 2019), different taxa were differentially abundant between before and after
transplant in patients who survived compared to those who died, suggesting that
modulating the gut microbiota may improve patient outcomes.
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Chapter 5

Methodological analysis of
Decombinator in T cell receptor
repertoire studies

Declaration of contributions

Cord blood transplantation (CBT) study: Dr Stuart Adams (GOSH, SIHMDS-
Haematology), the late Prof Robin Callard (UCL GOS ICH, Infection, Immunity
and Inflammation), Dr Athina Soragia Gkazi (UCL GOS ICH, Infection, Immunity
and Inflammation), and Dr Ben Margetts (UCL GOS ICH, Infection, Immunity and
Inflammation) conceived this study. The experiments were designed by Dr Athina
Soragia Gkazi, Dr Ben Margetts, Dr Theres Oakes (UCL, Infection and Immunity),
and Dr James Heather (UCL, Infection and Immunity). Dr Marlene Pasquet (Le
Centre Hospitalier Universitaire de Toulouse, Service d’Hématologie-Oncologie Pédi-
atrique), Dr Robert Chiesa (GOSH, Blood and Marrow Transplantation), and Prof
Paul Veys (GOSH, Blood and Marrow Transplantation) performed sample and clin-
ical data collection. These experiments were performed and experimental data were
collected by Dr Athina Soragia Gkazi and Ms Lana Mhaldien (GOSH, SIHMDS-
Haematology). Dr Stuart Adams, Dr Athina Soragia Gkazi, Dr Ben Margetts, Prof
Nigel Klein (UCL GOS ICH, Infection, Immunity and Inflammation), Dr Joseph
Standing (UCL GOS ICH, Infection, Immunity and Inflammation) and Prof Benny
Chain (UCL, Infection and Immunity) were involved in discussion and interpretation
of the data. I performed the bioinformatic processing and I designed and undertook
the data analysis presented in this chapter.

HIV treatment interruption study (PENTA): The samples were collected for
this study through the PENTA-ID Network, as a part of the PENTA 11 study.
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The samples were prepared and sequenced by Dr Katrine Schou Sandgaard (UCL
GOS ICH, Infection, Immunity and Inflammation) with assistance from Dr Athina
Soragia Gkazi and Ms Rose Gkouleli (UCL GOS ICH, Infection, Immunity and In-
flammation). Unless stated otherwise I performed all computational analysis and
data visualisation.

Ethics declarations can be found in Sections 2.1.2 and 2.1.3.

5.1 Publication

Work on the CBT project has been published in Frontiers in Immunology:
Gkazi AS, Margetts BK, Attenborough T, Mhaldien L, Standing JF, Oakes T, et
al. Clinical T cell receptor repertoire deep sequencing and analysis: An application
to monitor immune reconstitution following cord blood transplantation. Front Im-
munol. 2018; doi:10.3389/fimmu.2018.02547

A manuscript reporting on the PENTA 11 project has been submitted for pub-
lication as:
Katrine Schou Sandgaard, Ben Keith Margetts, Teresa Attenborough, Triantafylia
Gkouleli, Stuart Adams, Mette Holm, Diana Gibb, Deena Gibbons, Carlo Giaquinto,
Anita De Rossi, Alasdar Bamford, Paolo Palma, Benny Chain, Soragia Athina
Gkazi, Nigel Klein. The Remarkable Plasticity of the Immune System in Children
Following Treatment Interruption in HIV-1 Infection. Submitted December 2020,
under interactive review. The laboratory methods can be seen in Appendix G.

5.2 Introduction

I will start this chapter by stating its intent. I will then provide background to the
chapter and introduce its sections, followed by a list of the materials and methods
used, and the specifics of their application. I will then provide the results in five
sections, addressing the five aims of the chapter. I will end by discussing what these
results mean for the following two chapters of the thesis, as well as for research in
the field more broadly, and present my conclusions.
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5.2.1 Aims of the chapter

This chapter has five primary aims which are essentially methodological. Together
they will inform the primary aims of this thesis: to investigate the biological com-
munities and repertoires of immunocompromised children, and to show what can
be found in these communities and repertoires. Chapters 6 and 7 will deploy the
methods investigated here.

The five aims are:

• Characterise the different stages of output from Decombinator, and show how
they relate to each other. How much effect does each stage have on the results
going into the next stage?

• Compare the two main data types produced by Decombinator. What method-
ological or biological factors underpin the difference?

• Show how the biological input relates to the results. How does the quantity
of cells or RNA affect the quantity of reads produced, and are there other
biological factors which may contribute to variance in library size?

• Compare how different diversity metrics summarise results from the same
samples. How similar are the results produced by different metrics on the
same samples, and how much are the diversity calculations affected by error-
correction?

• Analyse the effect of library size, compare raw and subsampled data, and ex-
plain which form will be used in the following chapters, and why this is the
case. To what extent does library size variation affect diversity estimation?
Is subsampling a helpful tool to make more equal comparisons? Can missing
diversity be estimated?

5.2.2 Decombinator

Decombinator is a TCR sequencing and analysis pipeline developed in Prof Benny
Chain’s laboratory (Oakes et al. 2017; Thomas et al. 2013). For further explanation
on this pipeline see Section 1.4.13, Figure 1.7, Thomas et al. (2013), and Oakes et
al. (2017).

Of particular relevance to this chapter is the process by which the Decombinator
pipeline is used to identify the VDJ recombination and CDR3 sequence of reads
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coming from HTS. Hereafter the term “clonotype” will refer to a uniquely identified
VDJ recombination. When the data are presented by CDR3 sequence, a “clonotype”
refers to a unique CDR3 sequence. The count of either is given by the number of
sequences differentiated by UMI containing the specific clonotype sequence. Data
presented with the VDJ recombination will hereafter be referred to as DCR, while
data gathered by CDR3 sequence will be referred to as CDR3.

5.2.3 Diversity estimation

There are many diversity metrics available and they calculate diversity differently,
which results in a variability of emphasis on attributes of the data. The metric(s)
chosen will depend on the data type and the question asked, and results may dif-
fer between metrics. The two most widely used metrics in this thesis are Shannon
entropy and Gini coefficient, which are explained in Sections 1.8.2 and 1.8.2 respec-
tively.

These metrics would be expected to give broadly similar results, as both incor-
porate evenness, and evenness very broadly tends to correlate with “health” and
richness (Heather, Best, et al. 2016; Postow et al. 2015). However, where this con-
cordance is not seen could give an insight into where using a single metric may be
misrepresentative e.g. a very even but low abundance sample compared against a
highly rich sample which is more uneven. The Gini coefficient is reported to be
more robust to sample size variability than some other diversity metrics (Yitzhaki
and Schechtman 2013), though it may miss the importance of richness in TCR reper-
toires. A comparison of these metrics may also guide decision-making for diversity
analysis when library size is variable.

5.3 Methods

The Decombinator laboratory and bioinformatic protocols were used to generate
all of the data presented in this chapter: for further details see Chapter 1 (Section
1.4.13) for a description of the pipelines, and Chapter 2 (Section 2.4) for further in-
formation on the implementation, as well as Oakes et al. (2017). The present data
come from two studies of paediatric patients, one tracking immune reconstitution
after stem cell transplantation from cord blood (CBT), and the other monitoring
the T cell repertoire of patients with HIV in a randomised controlled trial studying
the effects of a planned treatment interruption compared to continuous treatment
(PENTA). The patient cohort details for the CBT study can be seen in Section
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2.3.1, and more details on the methods and the study results can be seen in Chapter
6. More details on the PENTA methods and cohort are in Section 2.5.1, and the
study results can be seen in Chapter 7.

After data export from the Decombinator pipeline, all further analysis was con-
ducted in R. The majority of the analyses in this chapter were conducted on the CBT
study data, though it is complemented by some data from the PENTA study. Scripts
associated with this chapter are available on GitHub (tessatten/T-cell-methods) (At-
tenborough 2020).

Using the translate tool from ExPASy (E. Gasteiger et al. 2003) the nucleotide
sequences reading from 5’ to 3’ (reading frame 1) were translated into amino acid
sequences for comparison, as this reading frame contains the CDR3 sequence. The
nucleotide region from the beginning of the V region to the end of the J region was
used and both the nucleotide and AA sequence were recorded. The start codon
is a three-nucleotide motif which is the first codon of an mRNA transcript to be
translated. If there were any start codons within the sequence, the open reading
frame was also recorded, from the first methionine until the end of the sequence. If
no start codon appeared in the nucleotide sequence, then that is also recorded.

In order to better quantify the disparity between the DCR and CDR3 data
formats, the five samples were selected at random from the PENTA study (in R
using sample_n from the tidyverse (dplyr) (Wickham et al. 2019)).

5.3.1 Library size methods

Subsampling

Two subsampling methods were employed to address variation in library size. The
first method was to select a library size (e.g. 5,000 reads), and subsample those
samples with read counts above that threshold to match the chosen library size. For
the samples in Chapter 6 the selected library size was 10,000, and in Chapter 7 it
was 5,000 (Heather, Best, et al. 2016). This decision was made in accordance with
the distribution of the data in the CBT and PENTA studies, though many samples
had to be excluded as they were below the threshold.

The second method was to separate the data by patient, and subsample to the
lowest sample within that patient. This is a similar method to that used by Horner-
Devine et al. (2004). A minimum library size was set at 1,000, which means some
samples were excluded from this analysis entirely. This means that these diversity
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metrics are internally comparable for each patient, but not numerically comparable
between patients. The subsampling thresholds can be seen in Table 5.1 for the CBT
study and Table 5.2 for the PENTA study.

Table 5.1: The individual patient thresholds for subsampling: Chapter 6 patients
(CBT)

Patient Sequencing
depth

Sample below
threshold

A 3,682 None
B 11,770 None
C 3,887 Month 2 α

D 1935 None
E 2,993 None
F 11,639 None
G 34,634 None
H 1,511 None
I 26,685 None
J 17,792 None
K 46,996 None
L 10,673 None
M 5,881 None
N 37,473 None
O 9,873 None
P 1,595 Month 12 α

Q 2625 Month CORD α

R 2886 None
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Table 5.2: The individual patient thresholds for subsampling: Chapter 7 patients
(PENTA).

Patient Cell
type

Group Sequencing
depth

Sample below
threshold

QUD CD4+ CT 2224 Week 0 α

QUE CD4+ CT 12346 Week 0 α

QUF CD4+ CT 1011 Week 48 α and β

QUK CD4+ PTI 3583 None
QUL CD4+ PTI 2319 Week 48 α

QUP CD4+ CT 3083 None
QUQ CD4+ PTI 1729 Week 48 β and week

150 β

QUT CD4+ PTI 2387 Week 150 β

QUV CD4+ CT 2546 Week 0 β and week 48
α

QUE CD8+ CT 5991 None
QUF CD8+ CT 1942 Week 48 α and β

QUK CD8+ PTI 13035 None
QUL CD8+ PTI 5614 None
QUQ CD8+ PTI 2762 None
QUT CD8+ PTI 1102 Week 48 α

QUV CD8+ CT 1156 None

Missing species estimation

Recon (Kaplinsky and Arnaout 2016) was used to estimate the number of undetected
CDR3 clonotypes in the β chain samples from the CBT study (for more details see
Section 1.8.3). As applied in this thesis, the bin size was 1, the parameter limit was
20, and the threshold was 30.

5.4 Results

5.4.1 Characterization of Decombinator data

One of the key stages in the Decombinator pipeline is the 5-point identification of
the reads coming from the MiSeq. These are the reads which progress from the
individual sequencing files through Decombinator to having their VJ identifications
identified as in Figure 1.7. For this comparison, samples from the CBT study were
used. In the α chain samples the percentage of raw reads for which the V(D)J re-
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combination could be identified ranged between 28.9 to 90.9%. The mean was 71.6%
with standard deviation of 13.5%. In the β chain the percentage ranged between
26.7 and 84.4%. The mean was 58.2% with a standard deviation of 14.5%. The me-
dian for the α chain was 75.4% and 59.1% for the β chain, indicating that the data
have a distribution similar to a Gaussian distribution. To test the null hypothesis
that there is no difference between the α and β chain samples, a two-sample T test
was done. T = 5.8694 (with df = 149.2 and p = 2.726e-08), showing that the null
hypothesis is rejected and there is a significant difference between the α and β chain
samples.

To illustrate and further explore this relationship, the correlation between total
reads assigned to a sample, and the number of reads successfully classified was plot-
ted and the α and β chain samples compared in Figure 5.1.
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Figure 5.1: Correlation between the initial number of reads demultiplexed and as-
signed to each sample, and the number of reads for which VJ rearrangements were
identified for each α-chain (left) and β-chain (right) sample in the study. Each point
represents a sample, and each colour represents a different individual. Individuals
labelled TAC are adult controls. Squares show patient samples, circles show adult
control samples and triangles represent cord samples used in the transplant.

As well as a significant difference between the α and β chain samples, there is a
correlation between the number of reads demultiplexed from the MiSeq in each sam-
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ple, and the number of reads for which the rearrangement is identified, especially for
the α chain samples. However, there also seems to be a subgroup of samples which
do not conform to this correlation. This is consistent across the α and β chains,
and may reflect a different relationship in the two chains, or possibly an incipient
plateau effect. The majority of these samples are the healthy adult control samples;
the other samples consist of four points from patient A and two from patient J.

Spearman’s rank correlation coefficient was used to quantify correlation between
the number of reads initially assigned to each sample and the number of reads for
which the VJ rearrangement is identified in that sample. For all samples combined,
ρ = 0.897 (p < 0.001), for the α chain samples ρ = 0.961 (p < 0.001), and for β

chain samples ρ = 0.877 (p < 0.001). All three of these associations are positive and
strong, which confirms that the number of reads for which the VJ rearrangements
can be identified is approximately proportional to the initial number of reads. Lin-
ear regression analysis showed that approximately 70% of the variance in number of
reads with VJ rearrangements identified was explained by the raw number of reads
in that sample (adjusted R2 = 0.6956, F-statistic = 346 on 1 and 150 d.f., p <
2.2e-16, Residual Standard Error = 123200, equation of the regression line: number
of VJ rearrangement reads = 3.587e-01 x number of raw reads + 1.623e+05).

A statistical summary of the read counts at the three stages of analysis - demul-
tiplexed, VJ identified, and error-corrected reads - can be seen in Table 5.3. This
shows high variance in the number of reads between the samples in the ranges and
standard deviations of these distributions. At all three stages there was a positive
skew in the distributions, as the median is consistently lower than the mean.

Table 5.3: Descriptive statistical summary of three stages of read count: the number
of reads after demultiplexing, the number of reads for which the VJ recombination
was identified, and the number of reads after error correction in each sample. Based
on the adult control and patient samples from the CBT study, n = 152. Med is
median, Max is maximum, Min is minimum, 1st Q is 1st quartile, 3rd Q is 3rd
quartile, and SD = standard deviation.

Mean Med Max Min 1st Q 3rd Q SD
Demulti-

plexed
700,696 528,251 2,611,013 74,989 393,605 769,956 519,931.1

VJ identi-
fied

413,582 351,074 1,047,026 44,644 248,651 527,412 223,276.3

Error-
corrected

43,286 37,738 140,404 393 11,876 65,329 34,712.8
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To better understand the effect of error correction, comparison was also made be-
tween the number of reads for which the rearrangement could be identified, and the
number of reads in each sample after error correction. These are the reads which
progress from VJ recombination identification through Collapsinator, to quality-
controlled sequencing files in Figure 1.7. The error-corrected library is the library
upon which all further analysis was conducted.
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Figure 5.2: Relationship between the number of reads for which rearrangements
were identified, and the number of reads after error correction for each sample in
the study.

Figure 5.2 shows no clear correlation between the number of reads for which the
rearrangement is identified, and the number of error-corrected reads. Spearman’s
rank correlation coefficient was used to quantify this relationship as both distribu-
tions were not normal (Shapiro-Wilk p < 0.001). For all samples combined ρ =
0.257 (p = 0.001), for just the α chain samples Spearman’s ρ = 0.217 (p = 0.0605),
and for β chain samples ρ = 0.307 (p = 0.007). This indicates that the relation-
ship between VJ-identified reads and error-corrected reads is less linear than that
between the raw read count and the identified reads, and there are many samples
for which the relationship is less straightforward. Separating the α and β chains for
this correlation test shows that there may be a different relationship between the
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numbers of identified reads and error-corrected reads in the β chain samples than
the α chain. Figure 5.2 shows that some samples lose a large percentage of their
reads through error correction, and some retain a high percentage of their reads.
This shows the importance of the error-correction stage; and the divergent effect it
has on different samples is indicative of its impact. This divergent effect indicates
that samples may be differentially affected by PCR bias, and that the error correc-
tion stage is likely to mitigate that effect.

Error-corrected reads, for which the clonotype - in terms of V region, J region, V
deletion, J deletion, insertion, and CDR3 amino acid sequence - could be identified
were used for all downstream analysis. After error correction, the clonotypes were
then ready for further analysis in two forms: both the clonotypes identified by the
Decombinator 5-point system, and the clonotypes identified by CDR3 region. From
here on the data classified by the Decombinator 5 data points will be referred to as
DCR, and the CDR3 specific data as CDR3. Furthermore, the variety of clonotypes
(e.g. in a sample) will be referred to as distinct, and any clonotypes that appear
only once in a given sample will be called unique in the that sample.

In the CBT study there were 562,253 distinct α clonotypes across all patients,
and 1,374,937 distinct β CDR3 clonotypes. Including control samples, this came to
719,640 distinct α CDR3 clonotypes across all individuals, and 1,788,961 distinct β
CDR3 clonotypes. Thus across the samples there is higher diversity seen in the β

chain samples.

5.4.2 DCR and CDR3

The two primary outputs from Decombinator are produced by CDR3 Translator
(CDR3) and GN Translator (DCR), as shown in Figure 1.7. In both datasets of
this thesis the former list is consistently shorter than the latter: there are some
distinct clonotypes identified using Decombinator which become combined or lost
when looking at the data by CDR3 region. To the best of this author’s knowledge
this has not been specifically identified or discussed in the literature. A comparison
of these data types could further elucidate the biological and technical differences
between them.

To investigate the extent of this pattern, the number of clonotypes present in
the DCR and CDR3 formats from the CBT study were compared.
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Figure 5.3: The number of clonotypes in the samples from the CBT as calculated
in the DCR and CDR3 formats. Simple linear regression shows the trend in both
chains.

This shows that for a given sample there are fewer CDR3 clonotypes than DCR
clonotypes. It is also evident that this pattern is more pronounced in the α chain
samples.

In order to examine the attributes of DCR clonotypes which become combined
into a single CDR3 clonotype, five CDR3 clonotypes stemming from multiple DCRs
were randomly selected from five randomly selected samples from the PENTA study.
The summary of the DCR clonotypes composing the CDR3 clonotypes, including V
and J gene, deletions, and insert sequence can be seen for each sequence in Tables
5.4, 5.6, 5.8, 5.10, and 5.12. The source of variation can be seen for each CDR3
clonotype; whether there is AA variability outside the CDR3 region, or whether dif-
ferent nucleotide sequences are resulting in the same CDR3 sequence. This allows
better understanding of how much of the diversity comes from outside the CDR3
and is lost by focusing on just the CDR3 region, and hence better understanding also
of the basis of diversity in T cell receptors. The full nucleotide and AA sequence for
each DCR clonotype, which was used to check similarity, can be seen in Appendix T.
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Sample 1

The first sample was the CD4+ patient QULβ sample from week 12. There were
1,675 DCR clonotypes and 1,540 CDR3 clonotypes, so 135 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes. The summary of
the DCR attributes can be seen in Table 5.4.

314



Table 5.4: Five sequences from patient QUL β CD4+ sample from week 12. Se-
quence refers to the amino acid sequence of the CDR3 region, CDR3 no. shows the
read count of the CDR3 clonotype, and DCR no. shows the read count of each DCR
clonotype with that CDR3 sequence.

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CASSFTG
AYEQYF

15 14 TRBV12-4 TRBJ2-7 3 2 CACAGG
GG

1 TRBV6-1 TRBJ2-7 5 2 TTCACA
GGGG

CASSLAV
RFTEAF
F

14 13 TRBV7-2 TRBJ1-1 0 4 TGTACG
GTT

1 TRBV7-3 TRBJ1-1 2 4 GCTGTA
CGGTT

CASSLEG
RFPKAF
F

13 12 TRBV12-4 TRBJ1-1 1 9 AGGGGC
GGTTCC
CCA

1 TRBV6-5 TRBJ1-1 4 9 TAGAGG
GGCGGT
TCCCCA

CSAEGP
GQGAFG
ETQYF

13 12 TRBV29-1 TRBJ2-5 7 5 CTGAGG
GTCCGG
GACAGG
GGGCGT
TCGGG

1 TRBV29-1 TRBJ2-5 7 5 CTGAGG
GTCCGG
GGCAGG
GGGCGT
TCGGG

C A S S Y A
GTVGSK
LFF

8 1 TRBV6-5 TRBJ1-4 2 10 GCCGGG
ACAGTG
GGCTC

1 TRBV6-9 TRBJ1-4 3 10 CGCCGG
GACAGT
GGGCTC

6 TRBV12-4 TRBJ1-4 4 10 ACGCCG
GGACAG
TGGGCT
C

A summary of the ways the DCRs within the CDR3s differ (depicted in Table
5.4) can be seen in Table 5.5. For a full verbal description of all five samples see
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Appendix U.

Table 5.5: Summary of the five CDR3 sequences from patient QUL β CD4+ sample
from week 12. No. DCRs gives the number of DCRs contributing to the CDR3
sequence, which are presented in number order. S means that the given element
was the same between the multiple DCRs, and D means that the element differed
between the DCRs which contributed to the CDR3 sequence. AA refers to the whole
amino acid sequence.

Sequence No.
DCRs

V re-
gion

J re-
gion

V del J del Insert AA

1 2 D S D S D D
2 2 D S D S D D
3 2 D S D S D D
4 2 S S S S D S
5 3 D S D S D D

The two AA sequences produced by by the DCRs of CDR3 1 are not the same
sequence, and nor are the two open reading frames. The two DCRs of CDR3 2 give
rise to different AA sequences, neither of which have a start codon within the se-
quence. The full AA sequences and open reading frames of the two DCR sequences
from CDR3 3 are different. The two AA sequences of the DCRs from CDR3 4 are
identical, indicating that these two DCR clonotypes are functionally the same. All
three of the AA sequences produced from the DCRs of CDR3 5 are different from
each other, as were the open reading frames.

Therefore, it appears likely that four of these sequences arose from multiple
separate recombination events. The fifth (CDR3 4) may have come from multiple
separate but similar recombination processes, or come from one recombination event
which was later separated by a laboratory sequencing error.

Sample 2

The second of these samples was the CD8+ patient QUKβ sample from week 150.
There were 5,192 DCR clonotypes and 4,937 CDR3 clonotypes, so 255 of the DCR
clonotypes originally identified were agglomerated with other DCR clonotypes, to
form their CDR3 clonotype counterparts.
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Table 5.6: Five sequences from patient QUK β CD8+ sample from week 150. See
Table 5.4 for further details.

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CARLQG
TEAFF

651 1 TRBV7-8 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV4-1 TRBJ1-1 15 5 TGCCAG
ATTACA
GGGG

1 TRBV27 TRBJ1-1 9 5 ATTACA
GGGG

2 TRBV7-2 TRBJ1-1 9 14 ATTACA
GGGGAC
TGAAGC
G

1 TRBV11-1 TRBJ1-1 9 5 ATTACA
GGGG

2 TRBV6-1 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 14 ATTACA
GGGGAC
TGAAGC
A

1 TRBV28 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 5 ACTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 8 ATTACA
GGGGAC
C

1 TRBV7-3 TRBJ1-1 9 5 ATTACA
GGGG

637 TRBV7-2 TRBJ1-1 9 5 ATTACA
GGGG

Continued on next page
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Table 5.6 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

1 TRBV7-2 TRBJ1-1 9 5 ATTGCA
GGGG

CASSLTG
GHTEAF
F

1150 1 TRBV7-9 TRBJ1-1 2 8 ACAGGG
GGCCAC
ACG

1 TRBV7-9 TRBJ1-1 6 3 TTTAAC
AGGGGG
CC

11 TRBV5-5 TRBJ1-1 2 3 AACAGG
GGGCC

1 TRBV13 TRBJ1-1 2 3 ACAGGG
GGCC

2 TRBV7-9 TRBJ1-1 12 3 TAGCAG
CTTAAC
AGGGGG
CC

1 TRBV7-9 TRBJ1-1 9 3 TAGCTT
AACAGG
GGGCC

2 TRBV7-9 TRBJ1-1 12 3 GAGCAG
CTTAAC
AGGGGG
CC

1127 TRBV7-9 TRBJ1-1 2 3 ACAGGG
GGCC

1 TRBV28 TRBJ1-1 6 3 CTTAAC
AGGGGG
CC

1 TRBV7-9 TRBJ1-1 2 11 ACAGGG
GGCCAC
ACTGAG

Continued on next page
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Table 5.6 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

2 TRBV7-2 TRBJ1-1 2 3 ACAGGG
GGCC

CASSEYS
NQPQHF

2 1 TRBV2 TRBJ1-5 6 0 CGAATA

1 TRBV2 TRBJ1-5 2 0 TA

CASSPRT
APPYEK
LFF

55 1 TRBV7-8 TRBJ1-4 5 6 CCTCGA
ACAGCC
CCTCCA
T

54 TRBV7-8 TRBJ1-4 5 6 CCTCGG
ACAGCC
CCTCCA
T

CASSSTR
NVTGSG
ANVLTF

298 1 TRBV28 TRBJ2-6 4 7 CTACCC
GTAACG
TAACAG
GGTCCG
GT

1 TRBV28 TRBJ2-6 4 13 CTACCC
GTAACG
TAACAG
GGTCCG
GGGCCA
AT

1 TRBV28 TRBJ2-6 4 10 CTACCC
GTAACG
TAACAG
GGTCCG
GGGCT

Continued on next page
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Table 5.6 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

295 TRBV28 TRBJ2-6 4 4 CTACCC
GTAACG
TAACAG
GGTCC

A summary of the ways the DCRs within the CDR3s differ (depicted in Table
5.6) can be seen in Table 5.7.

Table 5.7: Summary of the five CDR3 sequences from patient QUK β CD8+ sample
from week 150. For further detail see Table 5.5 caption.

Sequence No.
DCRs

V re-
gion

J re-
gion

V del J del Insert AA

1 13 D S D D D D
2 11 D S D D D D
3 2 S S D S D D
4 2 S S S S D S
5 4 S S S D D S

Five of the 13 DCRs from CDR3 1 have start codons within the AA sequence.
Seven of the DCRs (1, 2, 3, 5, 6, 8, and 11) are unique within this CDR3 clonotype.
The final six DCRs from CDR3 1 (4, 7, 9, 10, 12, and 13) all produced the same AA
sequence. Seven of the DCRs from CDR3 2 (1, 2, 5, 6, 7, 8, and 10) produced the
same AA sequence, indicating that they are functionally the same. The other four
DCRs from CDR3 2 (3, 4, 9, and 11) all produced unique AA sequences. These two
AA sequences produced by the DCRs of CDR3 3 did not match, and only one had
open reading frame within the sequence. These two AA sequences produced by the
DCRs of CDR3 4 are identical. All four of the DCR clonotypes from CDR3 5 result
in the same AA sequence (and the same open reading frame).

Therefore, it appears likely that three of these sequences arose from multiple
separate recombination events. Sequencing error may have further inflated the ap-
parent number of DCRs. The remaining two (CDR3s 4 and 5) may have come from
multiple separate but similar recombination processes, or come from one recombi-
nation event which was later separated by a laboratory sequencing error.
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Sample 3

The third sample was the CD8+ patient QUTα sample from week 0. There were
2,392 DCR clonotypes and 2,223 CDR3 clonotypes, so 169 of the clonotypes origi-
nally identified at DCR level were agglomerated with others when it comes to the
CDR3 clonotype level.

Table 5.8: Five sequences from patient QUT α CD8+ sample from week 0. See
Table 5.4 for further details.

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAMREA
SFSGGYN
KLIF

324 1 TRAV14/
DV4

TRAJ4 6 2 GGAGGC
TTCC

317 TRAV14/
DV4

TRAJ4 1 2 CTTCC

1 TRAV29/
DV5

TRAJ4 7 2 ATGAGA
GAGGCT
TCC

1 TRAV14/
DV4

TRAJ4 1 1 CTTC

1 TRAV14/
DV4

TRAJ43 1 20 CTTCCT
TTTCTG
GTGGCT
ACAATA
AGCTAA
TT

1 TRAV14/
DV4

TRAJ4 3 2 AGCTTC
C

2 TRAV14/
DV4

TRAJ43 1 20 CTTCCT
TTTCTG
GTGGCT
ACAATA
AACTGA
TT

Continued on next page
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Table 5.8 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAVLDS
NYQLIW

16 3 TRAV1-2 TRAJ33 6 0 TC

3 TRAV1-2 TRAJ33 6 0 CT

2 TRAV1-2 TRAJ33 5 0 T

2 TRAV1-2 TRAJ33 5 0 C

1 TRAV1-2 TRAJ33 6 0 TT

3 TRAV1-2 TRAJ33 6 0 CC

1 TRAV1-2 TRAJ33 5 2 CTC

1 TRAV1-2 TRAJ33 6 0 AT

CAVANY
GNNRLA
F

74 1 TRAV8-3 TRAJ7 4 7 CGAATTAC

1 TRAV8-3 TRAJ7 9 4 CGTGGC
GAAT

1 TRAV8-6 TRAJ7 5 4 GCGAAT

70 TRAV8-3 TRAJ7 4 4 CGAAT

1 TRAV8-3 TRAJ7 4 10 CGAATT
ATGGA

CALTQS
NDYKLS
F

5 1 TRAV20 TRAJ20 7 2 CTGACC
CAA

4 TRAV9-2 TRAJ20 4 2 CCCAA

CATDGA
GGSYIPT
F

41 1 TRAV17 TRAJ6 2 5 TGGAG

40 TRAV17 TRAJ6 0 5 GAG

A summary of the ways the DCRs within the CDR3s differ (depicted in Table
5.8) can be seen in Table 5.9.
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Table 5.9: Summary of the five CDR3 sequences from patient QUT α CD8+ sample
from week 0. For further detail see Table 5.5 caption.

Sequence No.
DCRs

V re-
gion

J re-
gion

V del J del Insert AA

1 7 D D D D D D
2 8 S S D D D S
3 5 D S D D D S
4 2 D S D S D D
5 2 S S D S D S

Four of the seven DCRs from CDR3 1 (1, 2, 4, and 6) produced the same AA
sequence. Two of the remaining DCRs (5 and 7) produce an AA sequence which is
different to those four, but the same as each other. The final DCR from CDR3 1
(3) produces a unique AA sequence in this CDR3 clonotype. All eight of the DCR
clonotypes from CDR3 2 result in the same AA sequence. All five of the DCRs
from CDR3 3 result in the same AA sequences. The two DCRs from CDR3 4 pro-
duce different AA sequences. The two DCRs from CDR3 5 produce identical AA
sequences.

Therefore, it appears likely that two of these sequences (CDR3s 1 and 4) arose
from multiple separate recombination events. Sequencing error may have further
inflated the apparent number of DCRs. The remaining three may have come from
multiple separate but similar recombination processes, or come from one recombi-
nation event which was later separated by a laboratory sequencing error.

Sample 4

The fourth of these was the CD8+ patient QUTα sample from week 12. There were
873 DCR clonotypes and 794 CDR3 clonotypes, so 79 of the DCR clonotypes orig-
inally identified were agglomerated with other DCR clonotypes to form the CDR3
clonotypes.
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Table 5.10: Five sequences from patient QUT α CD8+ sample from week 12. See
Table 5.4 for further details.

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAPISGG
YNKLIF

23 1 TRAV6 TRAJ4 15 3 GCTGTG
CTCCCA

1 TRAV12-3 TRAJ4 8 3 TCCCA
21 TRAV6 TRAJ4 6 3 CCA

CAVMDS
NYQLIW

38 2 TRAV1-2 TRAJ33 6 0 TA

6 TRAV1-2 TRAJ33 6 0 CA
21 TRAV1-2 TRAJ33 4 0
1 TRAV1-2 TRAJ33 12 0 CGCTGT

GA
1 TRAV1-2 TRAJ33 9 0 GGTCA
1 TRAV1-2 TRAJ33 9 0 CGTCA
6 TRAV1-2 TRAJ33 6 0 AA

CAMREA
SFSGGYN
KLIF

33 32 TRAV14/
DV4

TRAJ4 1 2 CTTCC

1 TRAV14/
DV4

TRAJ4 1 2 CCTCC

CAVTGV
GNMDSS
YKLIF

66 65 TRAV8-2 TRAJ12 10 2 CTGTGA
CCGGAG
TGGGTA
AC

1 TRAV8-6 TRAJ12 4 2 CCGGAG
TGGGTA
AC

CALKYP
GAGSYQ
LTF

4 1 TRAV16 TRAJ28 4 14 AGTATC
CTGGGG
CC

3 TRAV16 TRAJ28 4 6 AGTATC

A summary of the ways the DCRs within the CDR3s differ (depicted in Table
5.10) can be seen in Table 5.11.
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Table 5.11: Summary of the five CDR3 sequences from patient QUT α CD8+ sample
from week 12. For further detail see Table 5.5 caption.

Sequence No.
DCRs

V re-
gion

J re-
gion

V del J del Insert AA

1 3 D S D S D D
2 7 S S D S D S
3 2 S S S S D S
4 2 D S D S D D
5 2 S S S D D S

All three of the DCRs from CDR3 1 produce different AA sequences, though
two of them only differ by one AA. The seven DCRs from CDR3 2 all produce the
same AA sequence. This sequence is very similar to CDR3 2 from Sample 3 (which
comes from the same individual), in which there are eight DCRs producing the same
AA sequence. The same V and J genes are used in both of these CDR3s, but the
difference (in the junction area) is conserved in all the DCRs of both sequences.
The two DCRs from CDR3 3 produce the same AA sequences. The two DCRs from
CDR3 4 produce different AA sequences. The two DCRs from CDR3 5 produced
the same AA sequences.

Therefore, it appears likely that two of these sequences (CDR3s 1 and 4) arose
from multiple separate recombination events. Sequencing error may have further
inflated the apparent number of DCRs. The remaining three may have come from
multiple separate but similar recombination processes, or come from one recombi-
nation event which was later separated by a laboratory sequencing error.

Sample 5

The fifth of these was the CD4+ patient QUK α sample from week 12. There were
9,886 DCR clonotypes and 9,491 CDR3 clonotypes, so 395 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes.
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Table 5.12: Five sequences from patient QUK α CD4+ sample from week 12. See
Table 5.4 for further details.

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAENIGG
NTPLVF

2 1 TRAV13-2 TRAJ29 0 8 TAGGC

1 TRAV13-2 TRAJ29 0 17 TAGGCG
GAAACA
CT

CAASPT
GTASKL
TF

3 1 TRAV27 TRAJ44 3 4 CATCTC
C

1 TRAV29/
DV5

TRAJ44 1 4 CC

1 TRAV13-1 TRAJ44 1 5 CCC
CAASRG
FGNVLH
C

4 3 TRAV13-1 TRAJ35 0 4 GG

1 TRAV13-1 TRAJ35 0 3 G
CAGDSG
GSNYKL
TF

5 1 TRAV25 TRAJ53 1 3 TG

2 TRAV27 TRAJ53 0 3
1 TRAV39 TRAJ53 6 3 GAG
1 TRAV25 TRAJ53 0 3 G

CAVVGG
SNYKLTF

3 1 TRAV20 TRAJ53 4 8 GTG

2 TRAV21 TRAJ53 4 11 CGTAGG
G

A summary of the ways the DCRs within the CDR3s differ (depicted in Table
5.12) can be seen in Table 5.13.
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Table 5.13: Summary of the five CDR3 sequences from patient QUK α CD4+ sample
from week 12. For further detail see Table 5.5 caption.

Sequence No.
DCRs

V re-
gion

J re-
gion

V del J del Insert AA

1 2 S S S D D S
2 3 D S D D D D
3 2 S S S D D S
4 4 D S D S D D
5 2 D S S D D D

The open reading frame sequence produced by the two DCRs from CDR3 1 is
the same. The AA sequences from the DCRs of CDR3 2 are all different. The two
AA sequences produced by the two DCRs from CDR3 3 are the same. Two of the
four DCRs from CDR3 4 produce exactly the same AA sequence. The other two
DCRs from CDR3 4 produce unique AA sequences. One of these produced an open
reading frame within the sequence which was different to the other two, and the
fourth did not have an open reading frame within the sequence. The AA sequences
produced by the DCRs from CDR3 5 are not the same.

Therefore, it appears likely that three of these sequences arose from multiple
separate recombination events. Sequencing error may have further inflated the ap-
parent number of DCRs. The remaining two (CDR3s 1 and 3) may have come from
multiple separate but similar recombination processes, or come from one recombi-
nation event which was later separated by a laboratory sequencing error.

DCR and CDR3 overview

The above 25 CDR3 sequences were randomly selected from a pool of CDR3 se-
quences derived from at least two DCR clonotypes. The frequencies of differences
between DCRs within each of the 25 CDR3 sequences are listed in Table 5.14, in-
cluding number of DCRs, variation in gene usage and deletion size, and similarity
of AA sequence. These results may be likely to be affected by the number of DCRs
in a given CDR3.
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Table 5.14: Characteristics of DCR clonotypes within CDR3 clonotypes.

Difference within CDR3 Proportion of CDR3s
Multiple V genes 14/25
Single V gene 11/25
Multiple J genes 1/25
Single J gene 24/25
Varied V deletion sizes 17/25
Same V deletion size 8/25
Varied J deletion sizes 11/25
Same J deletion size 14/25
2 DCRs 14/25
3 DCRs 3/25
4 DCRs 2/25
5 DCRs 1/25
7 DCRs 2/25
8 DCRs 1/25
11 DCRs 1/25
13 DCRs 1/25
Resulting AA sequences are all identi-
cal

11/25

Resulting AA sequences are all different 10/25
Some of the resulting AA sequences are
identical, and some differ

4/25

There was also a pattern among the more abundant CDR3 sequences that one
of the DCR clonotypes was particularly abundant, and the other(s) much less so.
The 25 CDR3 sequences examined here constitute an even mix of those originating
from the same AA sequence and those from different AA sequences. These sequences
demonstrate the heterogeneity at both nucleotide and amino acid level possible, and
found, within CDR3 clonotypes.

5.4.3 Input and output

Cell count

Cell counts were available for the majority of the samples in the PENTA project
(Chapter 7). In order to assess the relationship between input and output of TCR
sequencing, and also the degree to which biological factors may be affecting read
count, the relationship between the cell count and the read count was examined.
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In this section the dependence of read count on cell count is tested both between
CD4+ and CD8+ samples and between on and off ART samples. The purpose here
is to understand whether there may be a biological basis for lower read counts in
some samples, rather than varying read counts being a purely technical artefact of
laboratory procedures. The hypothesis here is that the biomedical conditions of
the patients may have led to unusually low T cell densities in vivo and hence to
samples yielding low read counts in the laboratory. This is important because any
such biological effect may be obscured or lost through bioinformatic methods such
as subsampling.

●● ●●●●
●

●
●

●●
●

0

20000

40000

60000

20
0,

00
0

30
0,

00
0

40
0,

00
0

50
0,

00
0

60
0,

00
0

70
0,

00
0

Cell count

R
ea

d 
co

un
t

CD4

●●●
●●

●

●

●

●
●

●
●

0

25000

50000

75000

100000

50
0,

00
0

1,
00

0,
00

0

Cell count

R
ea

d 
co

un
t

CD8

ART
●
●

Off
On

Figure 5.4: The cell count and the read count for the PENTA samples. Lines show
the linear regression for on and off ART treatment in CD4+ and CD8+ cells.

Figure 5.4 shows that many of the CD4+ samples with the lowest cell counts
were collected during ART treatment interruption, as would be expected for HIV+
patients not receiving treatment for HIV. In the CD8+ samples this pattern was
not seen, and many of the samples with higher cell counts (500,000 cells or more)
came from patients off treatment. Figure 5.4 also shows that the lowest cell counts
do broadly correspond with low read count. However, as cell count increases the
read count does not increase linearly, so that around the median cell count there is
a wide spectrum of read counts. Linear regression was performed to quantify the
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relationship between cell count and read count. The linear regression showed that
cell count explained different percentages of the variance in read count: 7% in CD4+
on ART, 37% in CD4+ off ART, 11% in CD8+ on ART, 8% in CD8+ off ART.
The details of the linear regression can be seen in Table 5.15. Across these four
groups from the two treatment groups, there was a positive relationship between
cell count and read in three of the groups, though in only one of the groups was the
relationship statistically significant: CD4+ interruption (off ART) samples.

Table 5.15: Linear regression quantifying the effect of cell count on read count in
CD4+ and CD8+ samples grouped by ART treatment status.

Sample type R2 F-statistic d.f. p Median cell count
CD4+ on ART 0.07498 2.216 1,14 0.1588 563,060
CD4+ off ART 0.3687 7.426 1,10 0.02138 286,104
CD8+ on ART 0.1142 2.934 1,14 0.1088 510,336
CD8+ off ART -0.08077 0.1779 1,10 0.1779 582,396

Unlike the other three sample groups, the cell count in CD4+ samples off-ART
appears to affect the read count significantly. This group of samples also had the
lowest median cell count of the four sample groups. This pattern suggests that there
may indeed be a biological factor underpinning at least some of the read count varia-
tion, including the lower read counts seen particularly in the CD4+ off ART samples.
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RNA input
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Figure 5.5: Correlation between number of reads (error-corrected) and the
nanograms (ng) of RNA used for each sample. Simple linear regression shows the
trend in both chains.

These data from the CBT study, seen in Figure 5.5, are skewed, as the majority
of samples contained 500ng of RNA. It was standard laboratory practice to seek to
analyse 500ng of RNA, but 500ng could not be obtained for all samples so some
were prepared with less RNA. However, this variation does not seem to play a de-
terministic role in read count generation. Some samples with 500ng RNA had very
low read count, while others with only 100 or 200ng RNA had average to high read
count. The Spearman’s rank correlation coefficient between the ng of RNA and the
error-corrected read count was ρ = 0.386 (p < 0.001) for the α chain and ρ = 0.343
(p < 0.003) for the β chain. This is likely to be affected by the heavily skewed data,
as there appears be a stronger correlation between the ng of RNA and the read
count between 100 and 400ng of RNA.
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5.4.4 Diversity comparisons

Some of the diversity metrics were compared with each other in order to assess their
agreement, as they capture different aspects of diversity, and were also related to
other attributes of the data.
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Figure 5.6: Correlation between Shannon entropy and Gini coefficient of each sample
in the UCB study. Simple linear regression shows the trend for each chain separately.

Spearman’s rank correlation coefficient was used to quantify the association be-
tween Gini coefficient and Shannon entropy, which can be seen in Figure 5.6, as
the data were not normally distributed. For the α samples ρ = -0.588 (p < 0.001),
and for the β samples ρ = -0.622 (p < 0.001). Although the negative correlation
is not extremely strong, it indicates that the Shannon entropy score and the Gini
coefficient detect broadly similar aspects of the diversity inherent in these data sets.

Given the non-linear relationship between the number of VJ rearrangement reads
and error-corrected reads (see Figure 5.2), the relationship between number of reads
after error correction and the diversity metrics was also investigated to discover
whether the metrics are equally affected by error-correction.
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Figure 5.7: Correlation between Shannon entropy and the number of reads in a
sample. Shannon entropy is plotted in against the number of VJ rearrangement
reads (left), and against the number of error-corrected reads (right). The samples
are from the UCB study. Simple linear regression shows the trends in each chain.

There does not appear to be a strong correlation between the number of VJ re-
arrangement reads in a sample and the corresponding Shannon entropy. Spearman’s
rank correlation coefficient showed the relationship between number of VJ reads and
Shannon entropy for the α samples ρ = 0.0441 (p = 0.725), and for the β samples
ρ = 0.252 (p = 0.0410).

However, the correlation between the number of error-corrected reads and Shan-
non entropy results in a stronger correlation. Spearman’s rank correlation coefficient
showed the correlation between number of VJ reads and Shannon index for the α

samples ρ = 0.612 (p < 0.001), and for the β samples ρ = 0.703 (p < 0.001). Their
distribution also indicates that error-correcting the read counts places an upper
limit, though not a lower limit, on Shannon entropy results: for samples with less
than 50,000 reads the maximum Shannon entropy is lower than for those samples
over 50,000 reads. Overall this suggests that Shannon entropy should be used with
caution where library sizes are highly variable.
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Figure 5.8: Relationship between Gini coefficient and the number of reads in a
sample. Gini coefficient is plotted in against the number of of VJ rearrangement
reads (left), and against the number of error-corrected reads (right). The samples
used are from the UCB study. Simple linear regression shows the trend in both
chains.

There is no correlation between either identified or error-corrected read count
and Gini coefficient shown in Figure 5.8, suggesting that variable library size within
or between patients is unlikely to drive patterns in Gini coefficient results, and that
this dataset supports existing findings that the Gini coefficient is robust to variation
in library sizes.

Of these two diversity metrics, Shannon entropy was affected by error-correction
and was not robust to variability in library size, while Gini coefficient was minimally
affected by error-correction and was robust to variability in library size.

The concordance between diversity metrics on the DCR and CDR3 forms of data
were also tested to see how much diversity estimation varies depending on the data
format.
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Figure 5.9: Shannon entropy and Gini coefficient compared in the DCR and CDR3
data for each sample in the UCB study. The left shows Shannon entropy, and the
right shows Gini coefficient. Simple linear regression shows the trend in each chain.

This results in a strong linear correlation between the Shannon entropy in these
two sample types. As neither of the data come from a normal distribution, as tested
using Shapiro-Wilk (DCR : p < 0.001, CRD3: p < 0.001), a Spearman’s rank cor-
relation coefficient was calculated to quantify the strength of the correlation. For
the correlation between the Shannon entropy values calculated for the CDR3 and
DCR data ρ = 0.997 (p < 0.001). This indicates that there is a strong positive
correlation between the paired sets of values. A small separation can also be seen
between the α and β chain samples. This indicates that despite these being biolog-
ically distinct forms of data, they result in very similar patterns of Shannon entropy.

There was also a strong linear correlation between the Gini coefficient in the two
sample types, although there were slightly more visible outliers. These data also
did not come from a normal distribution as tested using Shapiro-Wilk (DCR : p
< 0.001, CRD3: p < 0.001). The Spearman’s rank correlation coefficient for the
two sets of Gini coefficient was calculated to be ρ = 0.989 (p < 0.001). This also
indicates a strong positive linear relationship between the Gini coefficient results
generated from the two sets of sample results.
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5.4.5 Subsampling and library size

Here both TCR datasets will be explored and four different approaches to diversity
estimation will be used to select the method(s) to be used going forward in both
study analyses (i.e. in Chapters 6 and 7).

Subsampling on an example sample

Subsampling of the cord blood control (CB2) β-chain sample (CDR3 format) can be
seen in Figure 5.10 as an example of varying sample depth. This sample contained
30,492 reads made up of 26,980 distinct clonotypes occurring at varying frequencies,
including 24,385 unique clonotypes. The size of the largest clonal expansion was
251 copies. This sample was randomly subsampled using the Decombinator script
RandomlySample.py (Thomas et al. 2013) 10 times at 1000, 5000, 10,000, 15,000,
20,000, and 25,000 reads. This script randomly resamples reads from a specific sam-
ple to the defined depth. The diversity of these samples was assessed using Shannon
entropy and Gini coefficient, and the results were compared with the Shannon en-
tropy and Gini coefficient of the full sample. The aim of Figure 5.10 is to show how
different attributes of the data vary with changing library size for a given sample.
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Figure 5.10: Four attributes of sample CB2 β subsampled 10 times at 1000, 5000,
10,000, 15,000, 20,000, and 25,000 reads, and the full sample at 30,492 reads.
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The number of different clonotypes identified in a sample can be seen increas-
ing fairly linearly with sampling depth in Figure 5.10, although there is a hint of
plateauing between 25,000 and 30,000 read depth. This raises the possibility that
there may a sampling depth at which further sampling is not needed, although this
is not definite and will be heavily dependant on the sample composition. There
also may be a trend towards higher consistency between the repeats at increased
sampling depths, although it is not evident in this sample.

The size of the largest clonal expansion identified appears to increase linearly
with sampling depth, although there does not appear to be an increase in consis-
tency with depth.

The Shannon entropy of the sample appears to plateau with increasing sampling
depth, but does not asymptote by a depth of 25,000 reads (Figure 5.10). This sug-
gests that sampling beyond a certain depth may not increase the diversity estimate
of a sample as detected through Shannon entropy. It is also interesting to note that
the 10 repeats at each depth were highly consistent in their Shannon entropy, and
the consistency did not appear to increase with sampling depth. It is likely that an
inadequate sampling depth would lead to underestimating the diversity of a sample.
However inadequate sampling depth is sample-specific: as a cord blood control, this
sample is more even and has many fewer clonal expansion compared to the patient
samples.

The Gini coefficient of the sample appeared to increase in a non-linear way with
sampling depth up to a depth of 25,000 reads. The decreasing spread of the Gini
coefficient with deeper sampling suggests increasing consistency of the Gini coeffi-
cient estimation with increasing sampling depth. As values closer to 0 suggest more
equality of frequency distribution across the clonotypes, it is possible that inade-
quate sampling would imply less inequality than is actually present. The lack of a
plateau suggests that a sampling depth above 25,000 is required to calculate a Gini
coefficient comparable to the whole library size for this sample.

Estimating missing species

Recon (Kaplinsky and Arnaout 2016) was used to estimate the number of missing
clonotypes in a given sample, based on the distribution of CDR3 clonotypes. A
comparison was made between the observed number of CDR3 clonotypes, and the
estimated total number of CDR3 clonotypes (number detected plus number esti-
mated), for the β chain samples from the CBT study. This can be seen collectively
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in Figure 5.11, and in Figure 5.12 separated by patient. Recon uses the distribution
of clonotype abundance in a given sample to estimate the distribution of clonotype
abundance in the population from which it was collected. Presented here is the esti-
mated number of different CDR3 clonotypes from the population captured by each
sample, based on the number and frequency distributions of CDR3 clonotypes de-
tected in those samples. In these data, the estimate from Recon indicates that there
is a considerable increase in species richness 6-12 months post transplant, which is
largely not captured by more standard diversity estimates. This underscores the
importance of missing species in TCR repertoire analysis, and the importance of
the tools chosen for such analyses. Recon can also be used to produce an estimate
of the maximum-likelihood abundance distribution of the population itself, as well
as a variety of diversity measures, error bars, and power calculations, based on these
estimates (Kaplinsky and Arnaout 2016).
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Figure 5.11: Observed and estimated CDR3 clonotype richness in CBT β samples
(estimated richness calculated using Recon).

Figure 5.12 shows that as in the observed CDR3 clonotype richness, the esti-
mated CDR3 clonotype richness is highly variable. The estimated CDR3 clonotype
richness across patients was lowest in the first three months after transplant, and
peaked between 6 and 12 months in multiple patients after transplant.

When separated by patient, Figure 5.12 shows that individual patient dynamics
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can more easily be visualised. The peaks in estimated CDR3 clonotype richness can
be seen, as well as the dynamic changes within patients. Most frequently the esti-
mated CDR3 clonotype richness magnified that seen in the observed (e.g. Patients
A and P), in other samples the estimated and observed richnesses were divergent
(e.g. in Patients O and R).

Uniform subsampling across patients

Subsampling to the same library size across patients allows for the comparison of
both patterns and diversity metric values across patients, which should aid in iden-
tifying any patterns across multiple individuals. Unfortunately this also excludes
many samples. Only five patients from the CBT study had samples with over 10,000
reads from at least four time points.
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Figure 5.13: Shannon entropy and Gini coefficient in Patients F, H, I, L, and M
(CBT) sampled to an even library size. Subsampling depth is 10,000.
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While the dynamics are different between patients, it appears that there is some
disruption to the repertoire as detected by both Shannon entropy and Gini coeffi-
cient in at least three of the patients. However, one patient showed the opposite
pattern through both metrics. For a side-by-side comparison of these subsampled
patients with the raw data, see Appendix V.

Only in three patients from the PENTA study (E, K, and L) did over half the
samples contain more than 5,000 reads (i.e two or less than samples from these three
patients were omitted from diversity estimation due to low read count).
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Figure 5.14: Shannon entropy and Gini coefficient in CD8+ samples of Patients
QUK, QUL, and QUE (PENTA) sampled to an even library size. Subsampling
depth is 5,000.

Figures 5.13 and 5.14 demonstrate the potential utility of subsampling across
patients to the same library size, though in this instance, without clinical data, it
provided little insight. For a side-by-side comparison of these subsampled patients
with the raw data, see Appendix W
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Patient-specific subsample thresholds

The data were explored using subsampling to estimate the sampling depth required
to give an accurate estimate of the sample diversity. Shannon entropy and Gini
coefficient were compared for all patients in both the CBT and PENTA studies in-
dividually. For some patients there was very little difference between the subsampled
and raw data, while for other patients the pattern over time was either muted or
different. Comparison between raw and subsampled diversity results for all patients
can be seen in Appendix X (CBT study) and Appendix Y (PENTA).

Two patients whose results changed very little between raw and subsampled were
patient I (CBT) and patient QUL CD8+ (PENTA). The comparison of Shannon
entropy and Gini coefficient in the raw and subsampled data can be seen in Figure
5.15 (Patient I) and Figure 5.16 (patient QUL CD8).
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Figure 5.15: Shannon entropy and Gini coefficient in Patient I (CBT) comparing
raw and subsampled data. Subsampling depth is 26,685.
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Figure 5.16: Shannon entropy and Gini coefficient in Patient QUL’s CD8+ samples
(PENTA) comparing raw and subsampled data. Subsampling depth is 26,685.

Two patients whose results differed between raw and subsampled were patient M
(CBT) and patient QUL CD4+ (PENTA). The comparison of Shannon entropy and
Gini coefficient in the raw and subsampled data can be seen in Figure 5.17 (Patient
M) and Figure 5.18 (Patient QUL CD4).
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Figure 5.17: Shannon entropy and Gini coefficient in Patient M (CBT) comparing
raw and subsampled data. Subsampling depth is 5,881.
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Figure 5.18: Shannon entropy and Gini coefficient in Patient QUL’s CD4+ samples
(PENTA) comparing raw and subsampled data. Subsampling depth is 2,319.

Figures 5.17 and 5.18 show that in some cases subsampling makes little difference
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to the trajectory of diversity, while in other cases subsampling dampens, partially
changes, or even completely inverts the pattern seen in the raw data.

5.5 Discussion

5.5.1 Data and the pipeline

It is clear that there are some patterns in the data which are either due to the De-
combinator pipeline, or the underlying biology. There was a difference between the
chains in the percentages of reads for which the VJ rearrangements could be identi-
fied: proportionally fewer of the β reads could be identified. If a VJ rearrangement
cannot be confidently made (Thomas et al. 2013) then a sequence will be discarded.
This may have arisen through the sequencing process (Thomas et al. 2013), alter-
native splicing during recombination (Mahotka et al. 1995), or an unknown cause.
The difference between α and β chains may be due to the further complexity in the
β chain introduced by the D region. However this difference between chains was
not large, and it appeared that the Decombinator algorithm was fairly consistent.
There was a subgroup of samples which did not conform to the main correlation,
and they were mostly adult control samples. This may be a function of having more
raw reads to start with: the healthy adult control samples generally had more reads.
This may be another effect relating to the control samples, or an unknown factor in
relation to these samples.

There was no clear relationship between the number of reads where the VJ rear-
rangements can be identified, and the number of reads after error correction. This
highlights the importance of error correction in order to go forward with high qual-
ity data. It also shows that there are very different error rates between samples.
There was a stronger correlation between VJ-identified reads and error-corrected
reads in the β chain samples compared to the α chain, which may reflect some of
the laboratory or bioinformatic differences in α and β chain processing.

5.5.2 Input and output

Three groups of T cell types are examined in the two T cell studies of this thesis:
PBMCs, CD4+ naïve T cells, and CD8+ memory T cells. Low read count was most
predominantly seen in the CD4+ samples, which is unsurprising as naïve T cells
are known both to occur in limiting numbers for sequencing, and to have low RNA
levels (J. Wang et al. 2019). Therefore this finding is not necessarily indicative of
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problems with library preparation or RNA quality, although that may also play a
role (H.-P. Chao et al. 2019).

This indicates that both biological factors such as lower cell count (especially in
CD4+ ART interruption samples), and more technical sequencing factors may be
contributing to the variable read count. A lower read count or a changed read count
may therefore be a biological result: Klein et al. (2013) reported changes in the
CD4+ and CD8+ cell count in the PTI patients during the interruption compared
to the CT patients. This was a rapid decrease in absolute numbers of naïve (and
memory) CD4+ cells during the first 12 weeks of interruption, which then stabilised
at a lower level for the duration of the interruption. There was an expansion in
memory CD8+ T cell count in the first 8 - 12 weeks, and this increased level was
maintained above the baseline for the duration of the interruption. Both of these
patterns returned to near baseline level by two years after recommencing treatment
(N. Klein et al. 2013). This is in keeping with Heather et al. (2016), who detected
fewer sequences in HIV+ compared to HIV- adults, though this did not cause the
reduced diversity seen in those samples (Heather, Best, et al. 2016). Though library
size is affected by technical factors including RNA quality and library preparation
(H.-P. Chao et al. 2019), biological factors may also affect library size (Heather,
Best, et al. 2016), thus approaches such as subsampling to make library size more
even may obscure important and relevant biological differences between samples,
such as the reduced CD4+ T cell count caused by HIV infection.

5.5.3 Diversity comparisons

There was a statistically significant negative relationship between Shannon entropy
and Gini coefficient, which often can be seen to reflect similar patterns, once it is
taken into account that they are defined in inverse ways: very uniform distributions
score higher on Shannon and low on Gini; very diverse abundance distributions score
low on Shannon and high on Gini. Where they do not substantively concur, this is
likely to flow from a sample which is rich in diversity but unevenly so, or a sample
with even abundance distribution but low species richness. Despite the concordance
of the Shannon entropy and Gini coefficient, only Shannon entropy correlates with
library size, and they have different responses to error-correction.

There is very little relationship between the number of reads in a sample (pre-
error correction) and either Shannon entropy or Gini coefficient. However, there
was a clear effect when relating Shannon entropy to the error-corrected read count
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per sample. This indicates that the change induced by error-correction is primarily
a loss of diversity rather than a change in evenness, as the Gini coefficient was not
affected in this way by error-correction. While there were variable Shannon entropy
results at all library sizes, there was also a ceiling apparent which increased with read
count, and was moving towards an asymptote. This indicates that, while library size
does not determine the Shannon entropy of a given sample, it does place a limit on
the maximum Shannon entropy result for that sample. This suggests that caution
should be used in interpreting Shannon entropy results especially when there is a
small library size, and that other diversity metrics may be required in order to com-
plement the analysis. This is evident here, as there is a much less clear relationship
between library size and Gini coefficient. This suggests that Gini coefficient is more
robust when there is sample size variability (Wright Muelas et al. 2019), and shows
the value of using multiple diversity metrics as they represent different attributes of
the data and can, to some degree, mitigate against shortcomings in each other.

Whether the data are analysed in DCR or CDR3 form, the diversity results
were in good agreement across the two formats, showing that either can be used to
estimate the diversity of a sample, though consistency is essential. However, the con-
sistently decreased clonotype count and the underlying differences in CDR3 format
demonstrates the biological difference between the formats (Sections 5.4.2 and 5.5.4).

5.5.4 DCR and CDR3

It is no surprise that different TCR clonotypes can result in the same CDR3 se-
quence: the CDR3 region is a subsection of the whole TCR sequence. However,
this analysis has gone further to demonstrate some patterns in the way in which
clonotypes with the same CDR3 sequence differ from each other.

The variation within DCRs producing the same CDR3 sequence came much more
from differential V region than J region use: only one of the 25 CDR3 sequences con-
tained DCR clonotypes using more than 1 J region, compared to 14 containing more
than 1 V region. The disparity between diversity in V and J was not confined to the
gene region usage, it was also seen in the deletions, although the difference was not
as marked (11 with different J deletions and 17 with different V deletions). These
multiple DCR clonotypes within a CDR3 clonotype either differ in AA sequence but
outside the CDR3 region, or are different on a nucleotide level but produce the same
AA sequence.
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From this exploratory analysis of 25 sample CDR3 clonotypes which are com-
posed of multiple DCRs, 11 result in the same amino acid sequence for the receptor,
while for 14 others the amino acid differs outside of the CDR3 region. This strongly
suggests that at least some CDR3 clonotypes include TCRs generated through differ-
ent VDJ recombination events, as the V and J regions, deletion sizes, and insertion
sequences differ with the CDR3 clonotype. This is plausible; de Greef et al. (2020)
and Soto et al. (2020) reported that more common and shared clonotypes have a
higher probability of formation through V(D)J recombination, and thus these clono-
types are likely to be the result of multiple identical recombination events (Greef
et al. 2020; Soto et al. 2020) or convergent recombination resulting in the same AA
sequence (Gil et al. 2020).

Where there are numerous RNA sequences which appear to have come from
different recombination events but produce the same AA sequence, this may point
towards a natural selection. If so, sequences derived from many different recom-
bination events may be more ’useful’ sequences in the sense of biological function.
They may also derive from regions with a higher probability of selection (Greef et al.
2020). This is not consistently the case in this small sample, and warrants further
investigation.

The optimum method to maintain maximum and meaningful diversity could be
to use the whole receptor sequence once it is translated into AAs. This would in-
corporate the diversity of the receptor outside the CDR3 region, as other CDRs do
impact binding though less than CDR3 (Birnbaum et al. 2014; Chlewicki et al. 2005).
It would not include differences which are present at the nucleotide level but are not
maintained after translation into amino acid sequences (Gil et al. 2020). However,
in addition to the patterns seen here some non-productive clonotypes (CDR3 se-
quences which are not in-frame; have stop codons, or do not run from a conserved
cysteine to FGXG or alternative motif) may be present in the DCR but not in the
CDR3 format, as in Decombinator the CDR3 translator tool only produces canoni-
cally functional CDR3 sequences (Oakes et al. 2017).

The optimum choice can then be guided by the objective. If it is to understand
whether different recombinant processes lead to the same CDR3s, then DCR and
CDR3 formats must be analysed in comparison with each other. If it is to simply
focus on the most diverse section of the receptor, then the CDR3 format will be most
applicable. If it is to find the maximum effective diversity then the whole receptor
sequence may be studied as the amino acid sequence.
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The diversity comparison results show that although the two data types are bio-
logically distinct, they give broadly congruent results for these two diversity metrics.
A small but consistent separation of the α and β chain samples can be seen in the
Shannon entropy. The DCR format may be better suited to diversity comparisons
as it gives slightly more detailed information about sample diversity, and is essen-
tial for gene usage analysis. For some analyses it is more appropriate to use the
CDR3 format, for example in the time series analysis (for easier visualisation) and
to compare sequences found in this study with other studies (it is a more transfer-
able format especially when different methods are used).

If a CDR3 derives from one DCR, is seems most likely that it originated from
one T cell progenitor; but it is also possible that it is derived from multiple which
achieved exactly the same sequence through recombination. If a CDR3 comes from
multiple DCRs, this may arise either through different recombination events lead-
ing to the same CDR3 sequence (Gil et al. 2020), multiple identical recombination
events (Greef et al. 2020), or in the case of single nucleotide differences another
possibility is error during sequencing. For those CDR3s coming from more DCRs or
from DCRs utilising different V or J gene segments the most likely situation is that
the clonotype comes from the accumulation of different T cell populations which
have arisen from different recombination and activation events. A T-cell “clone” or
clonotype has been referred to as a group of cells which originate from the same
progenitor T-cell (Kaplinsky and Arnaout 2016). Present findings show that some
CDR3 clonotypes derive from multiple progenitors as they come from different VJ
rearrangements and have different AA sequences outside of the CDR3 region. There-
fore where clonotypes are defined by CDR3 region, a common progenitor cannot be
assumed.

5.6 Conclusion

At the start of this chapter, five aims were stated, with an overall view to providing
details on how Decombinator can best be used in processing TCR sequencing data.
The primary application of these details is to guide the author in making decisions
regarding how best to analyse TCR sequencing data in the projects presented in
Chapters 6 and 7.

All five aims have been addressed and outcomes can now be reviewed:-
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• A higher proportion of the α chain samples than the β chain ones could be
identified, though the VJ-identification success rate is generally consistent
within chains. There is a group of samples, primarily control samples, which
do not follow the same correlation as the majority of the samples. There is
no correlation between the number of reads in a sample before and after the
error-correction, showing the importance of error-correction.

• In some cases the difference between DCRs is evident only at a nucleotide
level, because the same AA sequence results. In other cases, different region
usage, deletion size, and/or insert sequence lead to different AA sequences.
This showed that diversity is differently captured and prioritised in these two
forms, that there are biological differences, and the choice which to use should
be guided by investigative objective. Further it demonstrates that some CDR3
clonotypes are likely to be the result of different recombination events and
therefore to have arisen from multiple progenitor cells.

• When cell count or input RNA is very low, this does lead to generally lower
read count; whereas higher cell count or input RNA allows but does not ensure
higher read count. Therefore input seems to raise the maximum but not change
the minimum library size. Furthermore, biological factors such as reduced T
cell count in a patient appears linked to lower cell count available for sampling;
this means that low read count in a sample is not solely a by-product of
sequencing variation, but can be a biological finding in itself. The effects of
these highly relevant biological factors may be masked by approaches such as
subsampling.

• Of the metrics compared, the results were broadly similar, but there are dif-
ferences in how these metrics summarise diversity in some samples, showing
that these metrics capture different aspects of diversity in ways that follow
from their definitions. Further to this, Shannon entropy gave very different
results before and after error correction; the Gini coefficient results much less
so. Thus the Gini coefficient was much less affected by error-correction than
Shannon entropy despite their general agreement.

• As with input, very small library sizes tend to lead to lower diversity estima-
tion. But although greater library sizes facilitate higher diversity estimation,
library size is not strongly predictive of diversity: many samples with low di-
versity have large library sizes. Subsampling makes diversity calculation and
comparison more balanced mathematically, but undermines biological factors
which may contribute to diminished library sizes. Therefore it is beneficial
to consider both. In some cases subsampling makes a negligible difference,
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whereas in others the pattern is changed by subsampling. For the majority
of patients across both studies, subsampling had a minimal impact on the
conclusions to be drawn from their diversity results. Estimation of diversity
is a useful tool to explore the data, and may be able to suggest trends across
patients.

In the coming substantive chapters which investigate TCR diversity, Chapter 6
(CBT) and Chapter 7 (PENTA), I will build on the lessons learned in the present
chapter as follows:-

• Perform error-correction on all samples.

• Use either CDR3 or DCR data, depending on the objective. In future projects
I would also aim to use full AA sequence data.

• Incorporate likely biological effects on library size into analysis and discussion.

• Use complementary diversity metrics in order to capture different facets of
diversity.

• Primarily present analyses of raw data, though when raw and subsampled are
divergent, also present analyses of subsampled data. I will also omit data with
low library size (below 1000 reads) from diversity metric calculations. Raw
and subsampled diversity data will be made available for all patients across
both studies in an appendix.
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Chapter 6

The T cell receptor repertoire of
paediatric stem cell transplant
patients receiving umbilical cord
blood

Declaration of contributions

Dr Stuart Adams (GOSH, SIHMDS-Haematology), the late Prof Robin Callard
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(UCL GOS ICH, Infection, Immunity and Inflammation), and Dr Ben Margetts
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oratory design was by Dr Athina Soragia Gkazi, Dr Ben Margetts, Dr Theres Oakes
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I performed the bioinformatic processing, and I designed and undertook the data
analysis presented in this chapter.
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6.1 Publication

Work on this project has been published in Frontiers in Immunology:
Gkazi AS, Margetts BK, Attenborough T, Mhaldien L, Standing JF, Oakes T, et
al. Clinical T cell receptor repertoire deep sequencing and analysis: An application
to monitor immune reconstitution following cord blood transplantation. Front Im-
munol. 2018; doi:10.3389/fimmu.2018.02547

6.2 Introduction

In this chapter I will describe my interest in conducting a detailed analysis of the
TCR repertoire of paediatric patients receiving HSCTs from umbilical cord blood
(UCB). For an introduction to the human immune system, including TCRs and
their study, and UCB transplantation and its specific application to paediatric cases,
please see Introduction (Sections 1.4 and 1.6.5). Immune reconstitution after HSCT
is discussed in Section 1.6.7, and previous findings from related studies are shown
below. I will then describe my aims. After this I will describe the bioinformatic
methodological approaches which were used in this chapter.

After this I will present the results from the study. This will start with a sec-
tion examining α-diversity in the patient cohort, followed by a comparison of these
patients with age-matched controls. I will then go through a selected subset of the
patients, to show the individual changes in their TCR repertoire in the context of
their health. Finally, I will show analyses of the patients as a group, and gather
together common patterns, including how the results correlate with clinical findings.
I will end with a discussion of how these results relate to other studies and present
my conclusions.

6.2.1 TCR repertoire after HSCT

Thus far there is little research showing the effects of HSCT on the TCR repertoire,
from any stem cell source. Using HTS, Yew et al. (2015) found in adults that both
GvHD and disease relapse were associated with lower repertoire diversity and selec-
tive clonal expansions. Using spectratyping, a pattern of initial clonal expansion,
followed by a gradual increase in diversity following HSCT has been reported in
children (Okamoto et al. 2007; Q. Wu et al. 2014), and impaired diversity for at
least 3-12 months after HCST in adults (Hentschke et al. 2005).
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6.2.2 Context and aims of this study

HSCT can improve the health and longevity of patients with a wide range of life-
threatening diseases, which include cancers and serious immunodeficiency. While
bone marrow is the most common source for these stem cells, UCB is also a rich
source of stem cells and may be quicker to source, though there are clinically relevant
differences between these two graft sources (Cairo and S. L. Perkins 2012). A greater
degree of HLA mismatch can be tolerated when UCB grafts are used (Stanevsky et
al. 2009), and they can be frozen and stored until needed. There, however, are other
important differences between stem cells from bone marrow and UCB (Beaudette-
Zlatanova et al. 2013; Ogonek et al. 2016). The aims of this study are as follows:

• Track repertoire diversity and clonal expansions across patients during immune
reconstitution

• Characterise the diversity, clonal expansions, and degree of clonotype sharing
over time in individual patients with clinical context

• Show the extent of clonotype sharing between patients

• Relate clinical markers to TCR repertoire diversity across patients

• Compare clinical markers with age-matched controls

• Show how TCR αβ sequencing relates to the gold standard spectratyping

Through these aims I hope to illuminate further the process of immune recon-
stitution from UCB stem cell transplant, and add to the existing literature on this
subject. The eventual goal is to better understand this form of transplantation so
that it may become safer and more widely available, and so that the health outcomes
for the recipients may be improved.

The intended contribution of this chapter is primarily an analysis of the TCR
repertoire over the period of immune reconstitution. It also serves as a character-
isation of TCR sequencing as a tool to benchmark immune reconstitution. This is
an unusual patient cohort as HSCTs are not commonly performed, and HSCTs from
UCB are even rarer. There are few precedents of HTS sequencing on UCB trans-
plant patients; the only published paediatric study known to this author is Gkazi et
at. (2018) which is also based on this cohort. For this reason, this chapter is largely
exploratory rather than hypothetico-deductive.
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6.3 Methods

For the full laboratory method of this study please see Gkazi et al. (2018). The
samples were sequenced using the method of Oakes et al. (2017), where the full
explanation of the sequencing methods is available (Oakes et al. 2017).

Materials, methods, and patient data as regards the study population (Section
2.3.1) and Tables E.1, E.2, and E.3, the sample extraction (Section 2.3.2), library
preparation and sequencing (Section 2.3.3), and bioinformatic processing (Section
2.4) are in Chapter 2 (Methods). Scripts associated with this chapter are available
on GitHub (tessatten/CBT) (Attenborough 2020).

6.3.1 Bioinformatic methods

R was used to conduct the majority of the analyses following bioinformatic pro-
cessing using Decombinator. For details on the main packages used see Section
2.6. R package immunarch was used to create the V and J gene usage plots and
relative clonotype distribution plots (Nazarov and Rumynskiy 2020) in Section 6.4.7.

For details on the following statistical methods used, please see Section 2.7.1
(Gini coefficient), Section 2.7.2 (Shannon entropy), Section 2.7.3 (Chao1 index),
and Section 1.8.3 (Spearman’s rank correlation).

The time points were binned to assist in data summary, as samples were not
available in a uniform pattern. They were selected by clinicians with a focus on the
first year after transplant, as the majority of samples were collected within the first
12 months post-transplant. There were as follows: 1 (0 - 2 months from transplant),
2 (3 - 6 months), 3 (7 - 12 months), and 4 (13 months onward). The controls were
also grouped: 5 (adult controls) and 6 (cord controls).

For diversity estimations, samples with less than 1000 reads were excluded to
minimise the disproportionate impact of low read count on diversity estimation.
Significance-testing all the regressions, group means, and medians would give min-
imal meaning due to the small sample sizes and sample non-independence, and is
not the primary purpose. Regressions are done to give indications of possible trends.
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Top clonotypes

In order to visualise the most abundant CDR3 sequences seen in the patients, re-
gardless of sharing, the top 10 clonotypes of each patient and chain were plotted.
This was done using R, and the packages ggplot2 and dplyr. For each patient and
chain, the CDR3 sequences were grouped by month, and then the top 10 (by count)
CDR3 sequences were retained. Some of these were unique, and some were seen
in multiple samples. If several clonotypes had the same abundance count, all were
included. This allowed the visualisation of clonal expansions regardless of sharing.

Heatmaps

The 10,000 CDR3 sequences with the highest abundance across all patient and con-
trol samples for both the α and β chain were selected to create a heatmap of relative
abundance across the patient samples. 10,000 were selected as the original file with
over a million sequences was too computationally demanding to normalise. The raw
abundances were then converted to relative abundance, and sequences with a mean
abundance less than 0.00001 were removed. Finally, the 100 CDR3 sequences with
the highest relative abundance across all samples were plotted in the heatmap. This
was generated using the phyloseq implementation of NeatMap (McMurdie and S.
Holmes 2013; Rajaram and Oono 2010); the ordination method was NMDS, and
the distance method was Bray-Curtis. The top 20 most abundant sequences were
retrieved for reference and can be seen in Table AA.3.

6.3.2 Clinical data

Clinical data were collected from the patients, including CD4+ cell counts, TRECs,
and levels of major virus infections during the course of their recovery. The full
set of clinical data was only available for 15/18 of patients (A, B, D, E, F, G, H,
I, J, K, L, M, N, O, and P) and was only collected at the time-points 1, 2, 3, 6,
and 12 months post-transplant. Where clinical data were not available for a specific
analysis, the relevant sample(s) were not included.

Smoothed conditional means were added to the plots using the linear (lm) or
loess methods (see Section 2.8.3). Though some of these data may be more suited
to non-linear trend lines, linear ones are generally shown to avoid implying patterns
which are not possible to confirm due to the data distribution.
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6.3.3 Antigen matching

Antigen matching was performed by cross-referencing the clonotypes in this study
with the database of clonotypes with confirmed antigen associations on VDJdb
(Shugay, Bagaev, et al. 2018), last accessed 20.01.2020.

6.3.4 T cell reference ranges

Garcia-Prat et al. (2019) have compiled reference ranges (median, 10th percentile,
and 90th percentile) for 32 T cell subpopulations and TRECs for healthy paediatric
donors aged between 1 month and 18 years (n = 159). An excerpt of this, show-
ing the six subpopulations for which values are available in the present study, can
be seen in Tables 6.1 and 6.2 (excerpted with permission from Garcia-Prat et al.
(2019)).

Table 6.1: Median (Med), 10th percentile (P10), and 90th percentile (P90) absolute
cell count values for healthy children aged 0-2 years and 3-4 years.

Cell populations Age groups
0-2 years (n = 24) 3-4 years (n = 20)
Med P10 P90 Med P10 P90

CD3+ (x109/L) 3.58 1.85 5.96 2.36 1.5 3.87
CD4+ (x109/L) 2.08 1.14 3.8 1.33 0.88 2.36
CD4+ Naïve (109/L) 1.43 0.6 3 0.81 0.5 1.6
CD8+ (x109/L) 1.02 0.54 1.97 0.76 0.41 1.28
CD8+ Naïve (x109/L) 0.53 0.2 1.1 0.37 0.2 0.6
TREC/100 ng DNA 64 35 183 63 32 119
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Table 6.2: Median (Med), 10th percentile (P10), and 90th percentile (P90) absolute
cell count values for healthy children aged 5-6 years and 7-8.

Cell populations Age groups P
5-6 years (n = 15) 7-8 years (n = 26)
Med P10 P90 Med P10 P90

CD3+ (x109/L) 1.92 1.42 3.12 1.88 1.36 2.74 <0.0001
CD4+ (x109/L) 1.12 0.54 1.84 0.98 0.66 1.61 <0.0001
CD4+ Naïve
(x109/L)

0.63 0.2 1.2 0.48 0.2 1 <0.0001

CD8+ (x109/L) 0.58 0.47 1.2 0.65 0.44 1.05 <0.0001
CD8+ Naïve
(x109/L)

0.29 0.1 0.6 0.26 0.2 0.6 <0.0001

TREC/100 ng
DNA

49 17 100 34 18 57 <0.0001

Given that:

• Naïve T cells produced by the thymic-dependent pathway can be expected to
be detected approximately 3 - 6 months following HSCT (Toubert et al. 2012)

• The thymic-dependent CD8+ T cell population is expected to recover 3 - 12
months following HSCT (Elfeky et al. 2019)

• The thymic-dependent CD4+ T cell population is expected to recover some
functionality 6 - 12 months following HSCT, though full functionality may
take approximately a further 12 months (Elfeky et al. 2019; Heining et al.
2007; Simons et al. 2019)

the above reference ranges will also be used to group the patients by the speed
and success of their immune reconstitution compared to the cell counts of age-
matched healthy children.

Clinical data, including cell counts, were collected from most patients at 1, 2, 3,
6, and 12 months post-transplant. If insufficient samples were collected for a given
patient, they were excluded from comparison with age-matched controls. Naïve
CD4+ and CD8+ T cell counts were used to develop grouping criteria due to the
importance of the thymic-dependent pathway in long-term immune reconstitution
(Elfeky et al. 2019). The criteria for grouping immune reconstitution as good, in-
termediate, or poor can be seen in Table 6.3.
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Table 6.3: Criteria to group patient immune reconstitution as good, intermediate,
or poor.

Group Criteria
Good Reached or exceeded the 10th percentile of the

Garcia-Prat et al. (2019) age-matched results for
both CD4+ naïve and CD8+ naïve cell counts by
month 3, 6, or 12.

Intermediate Reached or exceeded the 10th percentile of the
age-matched results for CD8+ naïve cell counts
by month 3, 6, or 12, but not for CD4+ naïve cell
counts.

Poor Did not reach the 10th percentile of the age-
matched results for CD4+ naïve or CD8+ naïve
cell counts by month 3, 6, or 12.

NA Inadequate sampling information.

6.3.5 Healthy controls

Two different types of healthy controls were used. The Garcia-Prat et al. (2019)
data from healthy children were used to benchmark immune reconstitution through
comparison of T cell subset counts, but there were no corresponding TCR repertoire
data. However, TCR repertoire data from healthy adults and control cord blood
was available in this study, and was used for comparison with the patients.

6.4 Results

6.4.1 Diversity following UCB HSCT is heterogeneous but
tends towards normality

α-diversity was calculated through Gini coefficient, Shannon entropy, and Chao1 in-
dex in each sample and plotted over time. As the subsampled and raw data produced
similar results, the raw data were used to estimate α-diversity; the subsampled plots
can be seen in Appendix X.

361



A

A

A

A

AB

B

C

C

D

D

D

D

D

D

E

E

EF

F

F
F

G

G

H H

H

HH

H
I

I

I

I

J

J

J

K
K

K

L L

L

L

L

M
M

M

M
M

M

N

NN

O

O
P

P

P

P P
P

Q

R

R

●
●●

●

●

●

0.25

0.50

0.75

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

G
in

i c
oe

ffi
ci

en
t

Gini coefficient (alpha chain)

A

A

A
A

A

B

B

C
C

CD

D

D

D

D

DE
E

E

F

F

F

F

G

G

H
H

H

HH

H I
I

I

I

J

J

J

K
K

K

L
L

L L

L

M M

M

MM MN NN

O

O

P
P

P

P

P
PP

Q

Q

R

R

●●
●

●

●

●

0.00

0.25

0.50

0.75

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

G
in

i c
oe

ffi
ci

en
t

Gini coefficient (beta chain)

A

A

A

A

A

B
B

C

C
D

D

D

D

D

D
E

E

EF
F

F

F

G

G

H

H HH

H

H

I

I

I
I

J
J

J

K
K

K

L

L

L

L

L

M

M

M

M

M

M

N

NN

O

O
P

PP

P

P

P

Q

R

R ●

●

●

●

●

●

6

8

10

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

S
ha

nn
on

 e
nt

ro
py

Shannon entropy (alpha chain)

A AA

A

A
B

B

C

C

C
D

D

D

D

D

D
E

E

EF
F

F

F

G

G

H

H

H

H

H
H

II

I
I

J J

J

KK
K

L
L

L L

L

M

M

M

M

M

M

N

N
N

O

O

P

P

P
P

P

P

P
QQ
R

R

●

●

●

●

●

●

4

6

8

10

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

S
ha

nn
on

 e
nt

ro
py

Shannon entropy (beta chain)

A A

A

A

A

B
B

C
CD

D

D

D

D

D
E

E

E

F
F

F

F

G

G

H

H

H
H

H

H
I

I
I IJ J

J

KK
K

L L
L

L

L

M

M

M
M

M

M

N

NN

OO
P

PP
P

P

PQR
R

●

●

●

●

●

●

0

100,000

200,000

300,000

400,000

500,000

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

C
ha

o1
 in

de
x

Chao1 index (alpha chain)

A A

A

A

A
B

B

CC
C

D

D

D

D

D

D

E

E

E

F

F

F

F

G

G

H

H

H

H

H

H
I

I
I I

J J

J

KK
K

L

L

L

L

L

M

M

M

M

M

M

N

N

N

OO
P

P

P
P

P

P

P
Q

QR

R

●

●

●

●

●

●

0

200,000

400,000

600,000

0 1 2 3 6 9 12 15 18 21 24 27 30TA
C
UCB

Month after transplant

C
ha

o1
 in

de
x

Chao1 index (beta chain)

Individual
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

A
B
C
D
E
F
G
H
I
J
K
L
M
N
O
P
Q
R
TAC
UCB

Figure 6.1: Gini coefficient, Shannon entropy, and Chao1 index in the α and β
chains of all patient samples over time. Patient samples are coloured by individual
and each sample is denoted by the individual patient letter. X-axis gives the month
after transplant of sample collection, with adult control samples (TAC) and cord
blood control samples (UCB) on the far right of each subfigure and separated from
patient samples.

Figure 6.1 shows Gini coefficient, Shannon entropy, and Chao1 index in the α

and β chain samples separately. The highly variable diversity trajectories of the
individual patients post-transplant can be seen. Adult and UCB controls were used
to benchmark the TCR repertoire diversity estimations, and the summary of their
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attributes can be seen in Table 6.4.

Table 6.4: Mean, maximum, and minimum Gini coefficient, Shannon entropy, and
Chao1 index in the UCB and adult control samples. Mean results are separated by
chain, for maximum and minimum the chains are pooled.

Metric α mean β mean Max Min
Gini coefficient (UCB) 0.14 0.0972 0.165 0.0627
Shannon entropy (UCB) 8.816 9.426 10.1 7.812
Chao1 index (UCB) 41626 100906 169128 8134
Gini coefficient (adult) 0.194 0.185 0.289 0.132
Shannon entropy (adult) 10.525 10.749 11.437 9.824
Chao1 index (adult) 220772 331315 556730 41734

With reference to both control groups (Table 6.4), the patients showed highly
variable diversity trajectories over transplant recovery time. This is indicative of
both lower diversity and greater repertoire disruption compared to the control sam-
ples. In the first 6 months after transplant there is no clear trend across the patients,
although many of the samples evidently have disrupted repertoires. For those pa-
tients with samples collected after 12 months (particularly patients N, L, F, M, and
P), diversity estimations generally can be seen approaching or reaching similar re-
sults to the control samples. The adult and UCB controls differed in both mean and
range for Chao1, highlighting their different structures.

The patients tended to have particularly disrupted and variable diversity re-
sults in the first six months following the transplant, indicating increased clonal
expansions and repertoire disruption. Diversity, as measured by the Gini coefficient
and Shannon entropy, seemed to be either recovered or close to recovered after 12
months, compared to the control samples. Some patients showed an increase in
diversity earlier, between 6 and 12 months. For diversity through Chao1, after 12
months, patient samples generally exceeded the UCB control results. Few patient
samples produced results reaching or exceeding the mean Chao1 index of adult con-
trols, despite many patients showing an increase in both evenness and richness over
the recovery period.
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Figure 6.2: Gini coefficient, Shannon entropy, and Chao1 index in the α and β chains
of all patient samples over time. Samples are binned as described in Section 6.3.1.
X-axis gives the time after transplant by bin, with adult control samples (TAC) and
cord blood control samples (UCB) on the far right of each subfigure and separated
from patient samples. Patient samples are coloured by individual and each sample
is denoted by the individual patient letter.

Figure 6.2 shows the same diversity data as Figure 6.1, but is binned into four
groups. The first three bins (months 0 - 12 inclusive) show a similar median Gini
coefficient, in both chains, though the IQR is largest in months 7 - 12. The median
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in bin 4 (month 13 onwards) is reduced in α and β, and is similar to both control
groups. In both α and β chain samples, the median Shannon entropy increases over
the first three bins, and the IQR is also largest in the third bin (7 - 12 months).
The median of the final bin (13 months onward) is between the UCB and adult
control medians. The Chao1 index behaves similarly to Shannon entropy. Figures
6.2 and 6.1 overall suggest that both richness and evenness generally increase over
time, particularly after month 12. The variability between patients can also be seen;
the wide IQR and variability in the months 7 -12 may reflect some patients having
“recovered” with reference to the controls in this time window, while others still
showed disruption and did not tend towards or reach “recovery” until more than a
year post-transplant.

Diversity estimation of the β chain samples incorporating estimated missing
clonotypes (Kaplinsky and Arnaout 2016) showed a peak in clonotype richness 6-12
months after transplant in multiple patients (Figures 5.11 and 5.12). The estimated
richness generally mirrored and magnified the patterns seen in the observed richness,
though there were some which were inconsistent.

Despite this general pattern across patients, there was striking variation in indi-
vidual patient trajectories, indicating that repertoire recovery is likely to be heavily
influenced by patient-specific factors, including infection and GvHD. Patient O, for
example, who shows no improvement in Shannon entropy or Gini coefficient be-
tween month 2 and month 12, is the only patient in this cohort who required a
second transplant as their initial one failed. Patient L showed high repertoire un-
evenness and low clonotype richness even 22 months after transplant, but they also
had a serious and ongoing CMV infection. Therefore, the patients will be explored
separately with the context of their specific health status in Section 6.4.3.

6.4.2 Clinical immune markers indicate variable speed and
success of immune reconstitution following UCB HSCT

Immune markers were routinely collected during the post-transplant period includ-
ing CD4+, naïve CD4+, CD8+, and naïve CD8+ T cell subset cell counts. Figure
6.5 shows each of these subsets by cell count (x 109/L) in 12 patients. In the 12
months after transplant, the increase in cell count varied in magnitude between the
individuals. Patients L, M, and N showed the greatest increases in that time, while
patients I and P showed little change over the 12 months.
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Figure 6.3: CD4+, naïve CD4+, CD8+, and naïve CD8+ T cell subset cell numbers
from the clinical group over time where at least three time points were available.
Each point represents a sample, and each facet is labelled by individual.

In order to benchmark the progress in immune reconstitution, these immune
markers were compared to age-matched reference ranges from healthy children from
Garcia-Prat et al. (2019) (see Section 6.3.4).
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Figure 6.4: CD3, CD4, naïve CD4, CD8, and naïve CD8+ T cell subset cell numbers
from over time compared to healthy paediatric reference ranges. The x-axis gives
the age in years at the time of sample collection, and the y-axis gives the cell count
(x 109/L). Each point represents a sample, and the shape corresponds to the patient
code. The horizontal black lines give the reference values from healthy children
for each age range; solid lines are the median, the upper dashed line is the 90th
percentile, and the lower dashed line is the 10th percentile.

In the year following transplant, many patients do recover some or all of these
parameters into the range seen in healthy age-matched children, though some do
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not even after 12 months (Figure 6.5). The patients were grouped by immune re-
constitution success in Table 6.5 based on their CD4+ naïve and CD8+ naïve cell
counts, and according to the criteria given in Section 6.3.4.

Table 6.5: Immune reconstitution groups based on CD4+ naïve and CD8+ naïve
cell counts with reference to age-matched healthy controls.

Group Criteria Patients
Good Reached or exceeded the 10th percentile of

the age-matched results for both CD4+ naïve
and CD8+ naïve cell counts by month 3, 6,
or 12.

D, E, F, G,
H, K, M, N

Intermediate Reached or exceeded the 10th percentile of
the age-matched results for CD8+ naïve cell
counts by month 3, 6, or 12, but did not for
CD4+ naïve cell counts.

B, L, R

Poor Did not reach the 10th percentile of the age-
matched results for CD4+ nave or CD8+
naïve cell counts by month 3, 6, or 12.

A, I, P

NA Inadequate sampling information. C, J, O, Q

Eight patients were categorised as having good immune reconstitution, while
three had intermediate, three had poor, and four did not have enough data to be
categorised. In the majority of cases, where a patient’s sample came within the
reference range for CD4+ naïve, their total CD4+ cell count also did. The same
was the case for CD8+ naïve and CD8+ cell count.

The ratio of CD4+ to CD8+ T cells is sometimes used to assess immune recon-
stitution.
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Figure 6.5: CD4+/CD8+ T cell ratio during immune reconstitution. The x-axis
gives the month after transplant of sample collection (1, 2, 3, 6, 12), and the y-axis
gives the CD4+/CD8+ T cell ratio. Each point represents a sample, and the shape
corresponds to the patient code. The patients are separated by age at the time of
transplant, with panels for years 0, 1, 2, 3, 4, 6, and 7. A linear regression line
on each panel shows the general tendency of the data. The horizontal black line
gives CD4+/CD8+ T cell ratio of one, thus any values below are an inversion of the
normal ratio.

Figure 6.5 shows that in most samples, across most age groups, the CD4+/CD8+
ratio remained above one despite the transplant and declined slowly over the 12
months following HSCT. The CD4+/CD8+ ratios are mostly above those seen in
healthy individuals (McBride and Striker 2017) and do not show the inversion typ-
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ical during immune reconstitution following HSCT (Elfeky et al. 2019).

6.4.3 Individual patients have highly heterogeneous patterns
of sharing and clonality

The patients are presented separately here, so as to examine more closely the in-
dividual dynamics following their UCB transplant, and to put them in the context
of their specific clinical data. These visualisations are based on raw data, which
present a picture largely similar to the subsampled data, but exceptions to this are
discussed. The equivalent subsampled diversity plots can be seen in Appendix X. In
general, the Gini coefficient results were similar between raw and subsampled data,
and the patterns seen in the raw data through Shannon were present but muted,
some highly so, in the subsampled. The scales (for the top clonotypes and sharing in
the sequential sharing plot) change depending on the patient data, for optimum visu-
alisation. The scales for Gini coefficient and Shannon entropy are fixed throughout
this section. For the full list of top CDR3 sequences, in all patients, see Appendix Z.

Of the 18 patients, 8 had samples collected at more than 4 time points, so these 8
are selected for presentation below. The individual diversity, shared clonotype, and
clonal expansion plots of the remaining 10 patients can be seen in Appendix AA.
Unless stated, the patients are alive.
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Figure 6.6: Gini coefficient, Shannon entropy, and top clonotypes over time in pa-
tient A. Upper figures show Gini coefficient and Shannon entropy of α and β chain
samples. The top 10 most abundant CDR3 sequences in each month from patient A
are shown in the middle panel (α chain) and the lower panel (β chain). Clonotypes
which appear in multiple samples are linked by a line, and CDR3 sequences are
differentiated by colour. CDR3 sequences are not shown for visibility, but can be
seen in Table Z.1.
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Patient A developed gut/liver/skin GvHD (max grade III) approximately 5 weeks
after transplant. She had norovirus in the first month following transplant, and ade-
novirus was intermittently detected from two weeks until 8 months post-transplant,
peaking at 6 months. She died following the study. This patient showed variable
diversity and evenness (Gini coefficient and Shannon entropy) in her post-transplant
trajectory, seen in Figure 6.6. The repertoire was most disrupted at month three.
Her subsampled diversity plots showed similar results, though the peak in Gini co-
efficient at month three was more marked (see Appendix X Figures X.1 and X.2).
Figure 6.6 also shows the most abundant clonotypes seen in patient A. Several of
the clonotypes across the α and β chains exhibit similar behaviour, and appear to
be part of the same αβ dimer, or to be from different dimers responding to the same
antigen. The top clonal expansions peak in months two and three, and many of
them are maintained at least to month six. Several of the clonotypes peak at 2 - 4%
of the total repertoire.
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Figure 6.7: Clonotypes shared over time in patient A (α chain). Each bar represents
a sample, with the months after transplant indicated on the left. The composition
is presented as a percentage. White space shows the percentage of the sample which
is unique to that sample. Coloured sections indicate clonotypes seen in at least two
samples from the patient. The grey joining lines show clonotypes which are shared
between consecutive pairs of samples.
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Figure 6.8: Clonotypes shared over time in patient A (β chain). See Figure 6.7
caption for further description.

These sequential sharing plots (Figures 6.7 and 6.8) show the shared clonotypes
seen in patient A. The top clonotypes seen in Figure 6.6 can also be seen in these
plots, as they were maintained across multiple samples from this patient. It is also
evident from these figures that many clonotypes persisted over time in this patient
at a variety of proportions.
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Figure 6.9: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient A. (Continued on the following page.)
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Figure 6.9: Each line depicts the extent of clonotype sharing between a focal time
point in that patient’s trajectory and the other time points. The number of CDR3
clonotypes in that focal time point’s sample is indicated above it. Focal time points
run from first to last, from bottom of the panel to the top. The extent of clonotype
sharing is indicated by colour coding as indicated in the key, redder colours indicating
less sharing and bluer ones indicating more sharing.

The percentage of clonotypes shared between each pair of samples from patient
A can be seen in Figure 6.9. In the α chain, the greatest percentage of clonotypes
are shared between months two and six, while in the β chain it is between months
two and three.
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Patient D
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Figure 6.10: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient D. See Figure 6.6 for further description. CDR3 sequences are not shown
for visibility, but can be seen in Table Z.4.

Patient D developed skin GvHD (max grade I) approximately 3 months after trans-
plant. She had no noted infections. The Gini coefficient was disrupted around month
three, coinciding with the skin GvHD, and was decreasing by month eight, while
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Shannon entropy increased over time, barring the reduction in month three (see Fig-
ure 6.10). The subsampled data showed the Gini coefficient increase at month three
in both the α and β chains. Figure 6.10 also shows the most abundant clonotypes
seen in patient D. In contrast to patient A, very few of the top clonotypes were
persistently abundant, and the proportion they made up of the sample was much
lower, peaking below 1.5% of the total repertoire. The shows that clonality was
lower in this patient, and in consistent with the clinical data showing she had fewer
ongoing conditions alongside the immune reconstitution.
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Figure 6.11: Clonotypes shared over time in patient D (α chain). See Figure 6.7
caption for further description.
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Figure 6.12: Clonotypes shared over time in patient D (β chain). See Figure 6.7
caption for further description.

These sequential sharing plots (Figures 6.11 and 6.12) show the shared clono-
types seen in patient D. These indicate broadly less sharing between the time points
of patient D compared to patient A, even though the time span is shorter. In both
chains the proportion of sharing is highest in month three, which is approximately
when this patient had GvHD, and when she showed most repertoire disruption.
It can also be seen here that although many clonotypes are shared, especially be-
tween months 6 and 8, they generally each make up a small proportion of the sample.
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Figure 6.13: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient D. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
D can be seen in Figure 6.13. In both the α and β chains, the greatest percentage
of clonotypes are shared between months three and eight.
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Figure 6.14: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient F. See Figure 6.6 for further description. CDR3 sequences are not shown for
visibility, but can be seen in Table Z.6.

Patient F developed skin GvHD (max grade I) approximately 2 months after trans-
plant. She had an EBV infection reaching 200,000 copies/mL during their recovery
(date unknown). As seen in Figure 6.14 the Gini coefficient decreased over time,
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particularly between months 1 - 6. The Shannon entropy generally increased over
time, though there was a dip at month three. The subsampled data were simi-
lar to the raw, though the month three Gini coefficient is higher and similar to
month one. Figure 6.14 also shows the most abundant clonotypes seen in patient
F. The proportions were similar to patient D, with none of them exceeding 1.5%
of the total repertoire at any time. Also similarly to patient D, the top clonotypes
in patient F’s samples did not generally remain among the top clonotypes over time.
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Figure 6.15: Clonotypes shared over time in patient F (α chain). See Figure 6.7
caption for further description.
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Figure 6.16: Clonotypes shared over time in patient F (β chain). See Figure 6.7
caption for further description.

Many clonotypes could be seen persisting through time in patient F’s sequential
sharing plots (Figures 6.15 and 6.16), although clonal expansions were compara-
tively small. Sharing was consistently seen between each pair of samples, and for
both chains, month three had the highest proportion composed of clonotypes shared
with other time points.
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Figure 6.17: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient F. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
F can be seen in Figure 6.17. In both the α and β chains, the greatest percentage
of clonotypes are shared between months three and six.
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Figure 6.18: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient H. See Figure 6.6 for further description. CDR3 sequences are not shown
for visibility, but can be seen in Table Z.8.

Patient H developed skin GvHD (max grade II) which was intermittently present
in the first two months after transplant. She had two doses of Rituximab in the
first two weeks after transplant. Before the transplant she had LPD-EBV, and from
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five months post had EBV viraemia, which reduced from the 6 month to 12 month
samples. The EBV viraemia was present approximately three years post-transplant,
and she had shingles approximately 17 months post. This patient had a fairly con-
sistent Gini coefficient early on in her samples (months 1-3), though the Shannon
entropy was variable (Figure 6.18) before increasing. Both metrics showed a trend
towards normality from month six. In the subsampled data, Gini coefficient was
consistent, but month 6 produced the lowest Shannon entropy. This is consistent
with the clinical data that patient H had an EBV infection around 5 months post-
transplant, which showed improvement from months 6 to 12. Figure 6.18 shows
the most abundant clonotypes seen in patient H. Many of the top clonotypes were
persistently top over time, and many took up a high percentage of the total reads in
the sample: several were 4 - 8% each of the total sample. Multiple clonotypes were
dominant from month 3 or month 6, and stayed so for the remaining sample/s. It is
therefore possible that these were related to the EBV infection. The top clonotypes
in month 1 and 2 may be more related to the GvHD.
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Figure 6.19: Clonotypes shared over time in patient H (α chain). See Figure 6.7
caption for further description.
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Figure 6.20: Clonotypes shared over time in patient H (β chain). See Figure 6.7
caption for further description.

Later in her recovery this patient was affected by the EBV infection and there
were more clonal expansions in her samples. This is clearly evident in the shared
clonotype plots (Figures 6.19 and 6.20). Shared clonotypes make up a larger pro-
portion of patient H’s samples than many of the other patients: approximately 35
to 65% in α chain, and 18 to 75% in the β chain. The top clonotypes being shared
over time in Figure 6.18 can clearly be seen here. For the β chain, month three had
the higher proportion composed of clonotypes shared with other time points, while
for the α chain it was month 6. This difference may be due to the low read count
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seen in the month 3 α sample. It seems clear in this patient that the EBV infection
had a major impact on the TCR repertoire during immune reconstitution.
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Figure 6.21: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient H. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
H can be seen in Figure 6.21. In the α chain, the greatest percentage of clonotypes
are shared between months one and twelve, while in the β chain it is between months
three and eighteen.

394



Patient I

●

●

●
●

●

●

●

●

0.00

0.25

0.50

0.75

1.00

2 4 6 8 10 12
Month after transplant

G
in

i c
oe

ffi
ci

en
t

Chain
●
●

Alpha
Beta

Gini coefficient

●

●

●●

●
●

●
●

5.0

7.5

10.0

2 4 6 8 10 12
Month after transplant

S
ha

nn
on

 in
de

x

Chain
●
●

Alpha
Beta

Shannon entropy

●●
●

●

●

●
●

●●●

●

●

●

●●
●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
●
●
●

●

●

●

●

●

●

3

6

9

2 4 6 8 10 12
Month after transplant

C
lo

ne
 s

iz
e 

(%
 o

f a
ll 

re
ad

s 
in

 s
am

pl
e)

Top 10 CDR3s (alpha chain)

●

●
●●
●
●
●
●

●

●

●
●
●

●

●

●●

●

●●
●
●
●●

●●

●

●

●

● ●
●●

●

●
●

●

●

●

●

0.0

2.5

5.0

7.5

10.0

12.5

2 4 6 8 10 12
Month after transplant

C
lo

ne
 s

iz
e 

(%
 o

f a
ll 

re
ad

s 
in

 s
am

pl
e)

Top 10 CDR3s (beta chain)

Figure 6.22: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient I. See Figure 6.6 for further description. CDR3 sequences are not shown for
visibility, but can be seen in Table Z.9.

Patient I developed gut/skin GvHD (max grade IV) which developed in month one
and was most severe in month two. It flared again in months 6 and 8. He had sepsis
caused by Fusobacterium nucleatum in the first month after transplant and an aden-
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ovirus infection in months 1 and 2. Several non-specific infections were noted in the
following 10 months. Both the Gini coefficient and the Shannon entropy indicated
that this patient’s TCR repertoire was most disrupted around month 4, and gradu-
ally improved from there (Figure 6.22). Figure 6.22 also shows the most abundant
clonotypes seen in patient I. Many of the top clonotypes were consistently among
top clonotypes over the month 4, 6, and 12 samples, several αβ pairs of clonotypes
showed similar patterns, and several clonotypes made up a high percentage of the
sample reads: the largest was over 12%. It is not clear which factor(s) caused this:
the severe GvHD seems the most likely cause, though the infections are likely also
to have played a role.
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Figure 6.23: Clonotypes shared over time in patient I (α chain). See Figure 6.7
caption for further description.
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Figure 6.24: Clonotypes shared over time in patient I (β chain). See Figure 6.7
caption for further description.

The large numbers of shared clonotypes, albeit in different proportions, can be
seen persisting over time in Figures 6.23 and 6.24. Sharing across samples was high
in this patient, only one of the eight samples (month 12 β) being composed of more
unique than shared clonotypes. Only 20 - 30% of the month four and six samples
were unique to those samples. This high degree of clonality seems likely to be due
to this patient’s GvHD and infections.
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Figure 6.25: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient I. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
I can be seen in Figure 6.25. In both the α and β chains, the greatest percentage of
clonotypes are shared between months six and twelve.

400



Patient L

●● ●

●

●

●
●

●

●
●

0.00

0.25

0.50

0.75

1.00

0 5 10 15 20
Month after transplant

G
in

i c
oe

ffi
ci

en
t

Chain
●
●

Alpha
Beta

Gini coefficient

●
●

●

●

●

●

●

●

●
●

5.0

7.5

10.0

0 5 10 15 20
Month after transplant

S
ha

nn
on

 in
de

x

Chain
●
●

Alpha
Beta

Shannon entropy

●
●●

●●

●
●
●●
●

●
●
●

●

●●
●
●●●

●
●

●

●
●

●

●
●
●
●

●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

0

5

10

15

0 5 10 15 20
Month after transplant

C
lo

ne
 s

iz
e 

(%
 o

f a
ll 

re
ad

s 
in

 s
am

pl
e)

Top 10 CDR3s (alpha chain)

●

●

●●●

●
●

●

●
●

●

●
●
●●

●

●

●

●
●

●

●

●●●
●
●●●

●

●

●

●

●

●●

●

●
●

●

●

●

●

●

●●

●

●●

●

0

5

10

15

20

0 5 10 15 20
Month after transplant

C
lo

ne
 s

iz
e 

(%
 o

f a
ll 

re
ad

s 
in

 s
am

pl
e)

Top 10 CDR3s (beta chain)

Figure 6.26: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient L. See Figure 6.6 for further description. CDR3 sequences are not shown for
visibility, but can be seen in Table Z.12.

Patient L developed skin GvHD (max grade II) one and three months after trans-
plant, which resolved at approximately four months. He had an ongoing CMV
infection from pre-transplant to 12 months post-transplant, with peaks in viraemia
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in months 1 and 8. He had a Bordetella pertussis infection first noted 6 months post-
transplant which was much reduced by 8 months. Patient L exhibited several large
changes in Shannon entropy and Gini coefficient over the time of study (see Figure
6.26), consistently exhibiting a relatively high level of clonality. Figure 6.26 also
shows the most abundant clonotypes seen in patient L. Many of the top clonotypes
remained top clonotypes across time, particularly from months 12 to 22, although
several of these were persistent much earlier too. The disruption peaked in months
one and twelve; the large α and β clonal expansions in month 12 were most likely
due to a combination of the infections and GvHD.
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Figure 6.27: Clonotypes shared over time in patient L (α chain). See Figure 6.7
caption for further description.
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Figure 6.28: Clonotypes shared over time in patient L (β chain). See Figure 6.7
caption for further description.

The clonotype dynamics, including multiple large clonal expansions, can be seen
in Figures 6.27 and 6.28. Given the clinical data available, the clonotypes which are
most expanded in the first few months may be related to GvHD. However, the CMV
infection was present from at least months 1 - 12, so the more persistent of the large
clonal expansions seem most likely to be CMV-related. In this patient, months 1
and 12 had the highest proportions of clonotypes shared with other time points,
likely due to the CMV infection. In these time points, approximately 20% or less of
the sample was unique to that time point. It seems evident that the infections, and
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possibly the GvHD, have strongly affected the repertoire.
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Figure 6.29: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient L. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
L can be seen in Figure 6.29. In the α chain, the greatest percentage of clonotypes
are shared between months one and two, while in the β chain it is between months
two and three.
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Figure 6.30: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient M. See Figure 6.6 for further description. CDR3 sequences are not shown
for visibility, but can be seen in Table Z.13.

Patient M had skin GvHD (max grade II) within the first month after transplant,
and also approximately 9 months after transplant. She had an adenovirus infection
8-9 months after transplant. Both Gini coefficient and Shannon entropy (see Figure
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6.30) indicated that this patient’s repertoire was most disrupted around month two,
and was fairly settled from six months onwards. The GvHD and adenovirus infec-
tion appear to have minimal effect on the TCR repertoire. Figure 6.30 also shows
the most abundant clonotypes seen in patient M. Even these top clonotypes did not
make up a high proportion of sample reads; the highest was less than 1.5% of the
total reads.
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Figure 6.31: Clonotypes shared over time in patient M (α chain). See Figure 6.7
caption for further description.
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Figure 6.32: Clonotypes shared over time in patient M (β chain). See Figure 6.7
caption for further description.

Sequential sharing plots showed although many clonotypes were shared, there
were few clonal major clonal expansions (Figures 6.31 and 6.32). Over 50% of each
sample was made up of clonotypes unique to that time point. For both chains,
month two had the highest proportion composed of clonotypes shared with other
time points.
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Figure 6.33: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient M. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
M can be seen in Figure 6.33. In both the α and β chains, the greatest percentage
of clonotypes are shared between months two and eight.
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Figure 6.34: Gini coefficient, Shannon entropy, and top clonotypes over time in
patient P. See Figure 6.6 for further description.CDR3 sequences are not shown for
visibility, but can be seen in Table Z.16.

Patient P developed gut/skin GvHD (max grade II) lasting approximately 3 - 6
months post-transplant. 11 months post-transplant he had haemorrhagic bronchi-
olitis (HHV-6 related), and was diagnosed with immune thrombocytopenic purpura
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(ITP), a bleeding disorder. This patient was still under immune suppression (ci-
closporin) beyond one year post-transplant. He received four doses of Rituximab,
a monoclonal antibody drug, between 11 and 13 months post-transplant. The Gini
coefficient reduced over the first three months and then was fairly static, although
there was a peak at month 12. The Shannon entropy was initially variable and
gradually increased over time, though there was also a dip at month 12. This is
consistent with the clinical data, as he had the HHV-6 infection and was given Rit-
uximab around month 12. Figure 6.34 show the most abundant clonotypes seen in
patient P. None of the top clonotypes around this time were persistently abundant.
In the first three months the most abundant clonotypes were not highly abundant
in other samples. The majority of the top clonotypes from month 6, 18, and 30,
even though they were of lower abundance, were shared across samples.
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Figure 6.35: Clonotypes shared over time in patient P (α chain). See Figure 6.7
caption for further description.
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Figure 6.36: Clonotypes shared over time in patient P (β chain). See Figure 6.7
caption for further description.

Figures 6.35 and 6.36 show the shared clonotypes seen in patient P. The degree
of clonotype sharing differed between pairs of time points, and several clonal expan-
sions could be seen persisting over time. The month 12 sample (β) has little sharing
with neighbouring months, and both chains had low read counts, possibly related
to the Rituximab treatment. The month one sample showed the greatest clonality.
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Figure 6.37: Percentage of clonotypes shared between each α chain (upper) and β
chain (lower) sample from Patient P. See Figure 6.9 caption for further description.
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The percentage of clonotypes shared between each pair of samples from patient
P can be seen in Figure 6.37. In both the α and β chains, the greatest percentage
of clonotypes are shared between months six and thirty.

Individual patient summary

The proportion of each sample which was shared with other samples from the patient
was higher in the α chain than the β chain across all patients, which is consistent
with the finding that richness is generally higher in the β chain than the α chain.

The clonotypes in each patient were cross-referenced with the clonotypes in the
antigen specificity database VDJdb, and the top clonotypes and their matches are
available in Appendix Z for patients A (Table Z.1), D (Table Z.4), F (Table Z.6),
H (Table Z.8), I (Table Z.9), L (Table Z.12), M (Table Z.13), and P (Table Z.16).
The same data is also available for the other 10 patients in Appendix Z.

6.4.4 Spectratyping

Spectratyping (Section 1.4.11) remains a “gold standard” to assess β-chain diversity,
and can be used to gauge the T-cell reconstitution following HSCT. Spectratyping
results were here related to the diversity estimations to assess the concordance.
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Figure 6.38: Shannon entropy of each sample from over time. Each point represents
a sample, and is coloured according to the clinical spectratyping results.

Figure 6.38 shows that spectratyping results were approximately similar to the
Shannon entropy results. The higher Shannon entropy scores were generally normal,
while the lower Shannon entropy scores were generally abnormal, with the almost
normal spectratyping results generally in the middle of the Shannon entropy range.
However, there were some samples which had contradictory spectratyping and Shan-
non entropy results. While spectratyping is a clinical tool used to monitor immune
reconstitution calculated through a visual assessment of the TCR β CDR3 length
distribution, Shannon entropy is based on both the number and the abundance pat-
terns of different clonotypes. The results are broadly consistent, but there are some
clear discrepancies. Samples from patients D (month 3 α), H (month 3 α), and E
(month 2 α), were classified by spectratyping as normal, but had Shannon entropy
around or below 6, making them outliers in the patient cohort. The read counts of
these samples range from 1,511 to 9,505, but are among the five samples with the
fewest different CDR3 sequences. Thus low richness is likely to be the cause of this
inconsistency between spectratyping and Shannon entropy. Spectratyping results
were also compared to the Gini coefficient.
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Figure 6.39: Gini coefficient of each sample over time. Each point represents a
sample, and is coloured according to the clinical spectratyping results.

The association between Gini coefficient and spectratyping results was similar
to that of Shannon entropy and spectratyping results (Figure 6.39). The majority
of samples were consistently classified comparing Gini coefficient and spectratyping
(more even samples were generally classified as normal). A number of the same
samples showed discordance between the diversity metrics and spectratyping re-
sults, suggesting that both diversity metrics included aspects of the samples not
represented by the spectratyping. However, some samples appeared differently be-
tween these comparisons, highlighting the differences between the diversity metrics.
Samples from patients P (month 3 α and β, and month 6 α and β) were classified
by spectratyping as abnormal, but had Gini coefficient below 0.2. Samples from
patients A (month 12 β), and E (month 2 α), were classified by spectratyping as
normal, but had Gini coefficient above 0.6, making them outliers in the patient co-
hort. The latter had been identified above as a discrepancy between spectratyping
and Shannon entropy. These samples were in the lowest quarter of the samples
for clonotype richness and the number of singleton clonotypes, but were above the
lowest quarter for size of largest clonal expansion, and for mean abundance of the
100 largest clonal expansions.
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From this assessment it appears that there are some samples at either end of
the diversity spectrum (through both metrics) which are inconsistently classified by
spectratyping and diversity estimation. This may have occurred through sequenc-
ing or bioinformatic error, spectratyping error, or may be a function of the different
strategies used to calculate diversity between the methods, and the focus on richness
and evenness in these metrics.

Bioinformatic spectratyping can be conducted on HTS T cell data, by assessing
the length of the CDR3 region. Figure 6.40 shows bioinformatic β-chain spectratyp-
ing of a sample classified as abnormal and a sample classified as normal using clinical
spectratyping methods.

(a) Abnormal (b) Normal

Figure 6.40: Spectratyping of an abnormal (left) and a normal (right) sample.

Figure 6.40 shows that a sample classified as normal using clinical spectratyp-
ing also shows a Gaussian distribution using bioinformatic β-chain spectratyping.
The disruption in a sample classified as abnormal using clinical spectratyping can
be seen in contrast using bioinformatic β-chain spectratyping. Thus some differ-
ences between samples identified by clinical spectratyping can also be visualized
with bioinformatic β-chain spectratyping.
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6.4.5 Immune parameters correlate with diversity metrics

For those samples where additional clinical data are available, they can be related
to the diversity estimations of their samples. The two primary areas which will be
considered are TRECs and CD4+ T cells.

TRECs

The TREC levels during immune reconstitution were collected, and can be seen in
Figure 6.41.
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Figure 6.41: TRECs count of each sample from the subset over time. The colour
of each point represents a different individual, and is shaped according to patient
code. Loess regression line is overlaid.

TRECs are used as a measure of thymic output, and in these patients may be
used to aid in monitoring immune reconstitution. Figure 6.41 shows that TRECs
are detected in some patients from one month after transplant. Six months after
is the most variable between the patients, and TREC production appears to peak
then in many of the patients.
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Figure 6.42: TRECs count of each sample from the subset compared with the Shan-
non entropy score for the sample. The colour of each point represents a different
individual, and is shaped according to patient code.

Figure 6.42 shows the relationship between TREC count and Gini coefficient
and Shannon entropy for each sample. Although these data are skewed, it appears
that higher TRECs correlates with greater clonotype diversity, but lower TRECs
are associated with a full spectrum of sample diversity. Spearman’s rank correlation
coefficient shows there was a positive correlation between TRECs and Shannon en-
tropy (ρ = 0.349 (p < 0.0009)) and negative correlation between TRECs and Gini
coefficient (ρ = -0.319 (p = 0.00241)).

CD4+ T cells

To see how CD4+ T cell count changed over the post-transplant period, CD4+ T
cell count was related to months post-transplant.
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Figure 6.43: CD4+ count of each sample over time. The colour of each point
represents a different individual, and is shaped according to patient code. Overlaid
boxplot follows Tukey representation, showing median, IQR, and outliers.

CD4+ T cell count in months 1, 2, 3, 6, and 12 after transplant can be seen in
Figure 6.43. Across the patients month 2 had the lowest median CD4+ count, and
there was a progressive increase of the median over the following months. Month 12
showed the most variation between patients.

Age is a significant factor in some of these clinical observations, as the CD4+
count reference range decreases regularly with age in healthy children (Garcia-Prat
et al. 2019). CD4+ count data were available from seven patients at month 12.
Patient L had the highest CD4+ count, and they would have been approximately
2 1/2 years old at month 12. In decreasing order of CD4+ count at month 12,
the patients were M (16 months old), N (3 years and 2 months), H (8 years and
8 months), A (2 years and 2 months), I (3 years), and P (4 years), and thus were
not in descending age order. Therefore, the rate of CD4+ cell count increase after
transplant is gradual and not uniform between patients.

The CD4+ T cell count was then related to the diversity estimates to see how
repertoire diversity correlates with this clinical marker.
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Figure 6.44: CD4+ count of each sample from the subset compared with the Shannon
entropy score and Gini coefficient for the sample. The colour of each point represents
a different individual, and is shaped according to patient code. The upper panels
are colour-coded by month after transplant, and the lower panels are colour-coded
by patient. Loess regression line is overlaid on each panel.

Figure 6.44 shows the relationship between CD4+ T cell count and the diversity
metrics Shannon entropy and Gini coefficient. At lower CD4+ counts, increasing
CD4+ count is associated with increasing repertoire richness and evenness. The
samples with the highest and lowest CD4+ cell counts have lower diversity as de-
tected by both Shannon entropy and Gini coefficient. Some individuals show quite
a wide range of Shannon entropy and Gini coefficient over the course of the year
post-transplant, while some have a smaller overall range. Some of the α and β

pairs from the same sample produce similar results, though this is not consistent
across the samples. Spearman’s rank correlation coefficient quantifies the positive
correlation between CD4+ count and Shannon entropy (ρ = 0.488 (p < 0.001)) and
the negative correlation between CD4+ count and Gini coefficient (ρ = -0.281 (p
= 0.007)) as the data were not normally distributed. However, these data indicate
that this may not be a linear relationship.

The consistency between these results suggests that the samples with the high-
est CD4+ count (e.g. α and β chain samples from patient L at month 12) have
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an unequal abundance of different clonotypes and clonal expansion rather than just
low clonotype diversity. This patient had a serious CMV infection at the time, and
the CD8+ count in this patient was elevated significantly above both the other pa-
tients at month 12 and the patient’s previous results at month 6, which is consistent
with the serious cytomegalovirus (CMV) infection. The size of the largest clonal
expansion at month 12 in this patient was 6,311 for the α chain and 14,648 for the
β chain, which are among the largest single clonal expansions found in this dataset
and made up 16.32% and 20.44% respectively of the total number of sequences in
each sample.

6.4.6 Heatmaps show that CDRs sequences are shared be-
tween patients

The relative abundance of the top 100 CDR3 sequences across all the samples in
this study can be seen below for both the α (Figure 6.45) and β (Figure 6.46) chains.
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Figure 6.45: Heatmap showing the abundance and sharing of clonotypes within and
between patients (α chain). Warmer colours indicate greater relative abundance.
Samples are given on the x axis, and are denoted by patient code.
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Figure 6.46: Heatmap showing the abundance and sharing of clonotypes within and
between patients (β chain). See Figure 6.45 for further description.

The CDR3 sequences in the top 100 are generally either highly abundant in sev-
eral samples from the same patient, or detected in the majority of samples, although
some are a combination of both. In the α chain seen in Figure 6.45, over 18 of the
top CDR3 sequences, such as CAVMNTGFQKLVF and CAVNTGGFKTIF appear
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in almost all of the samples. Some sequences, such as CAVEASGTSGTYKYIF,
are highly abundant in a set of samples from the same patients. Other sequences,
such as CAVSGGSQGNLIF are highly abundant in several samples from the same
patient, while also being present in a spectrum of both patient and control samples.
In the β chain seen in Figure 6.46, a similar pattern was evident, although fewer
were both highly abundant in a set of samples from the same patient and found
in many different patient samples. This is consistent with the greater diversity of
CDR3 sequences in the β compared to α chain in this and other datasets. Over
10 sequences, including CASSLGYEQYF and CASSLAGTDTQYF, were detected
in the majority of samples. CASSLPLTNQPQHF was highly abundant in several
samples from the same patient, and CASSERGQGETQYF was in a minority of
samples but was highly abundant in multiple patients. The top 20 most abundant
sequences can be seen in Table AA.3.

6.4.7 Gene usage and clonotype distribution differs over
time and between patients with differing success of
immune reconstitution

Gene usage

To exemplify the differences in gene usage between patients, Patient M from the good
immune reconstitution group and Patient A from the poor immune reconstitution
group, as determined by age-matched CD4+ and CD8+ cell counts (Garcia-Prat et
al. 2019), were compared over the reconstitution period. Statistical analysis was not
performed due to the limitations of small sample size and non-independent samples.
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(a) V gene

(b) J gene

Figure 6.47: Relative abundance of V and J gene usage in α chain samples from Pa-
tient A. This patient was classified as having poor immune reconstitution compared
to age-matched control cell counts.

Figure 6.47 from patient A shows varied usage of different α-chain V and J re-
gions, and that α-chain regions TRAV13-1, TRAV38-2/DV8, TRAJ43, and TRAJ50
are particularly variable between time points.
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(a) V gene

(b) J gene

Figure 6.48: Relative abundance of V and J gene usage in β chain samples from Pa-
tient A. This patient was classified as having poor immune reconstitution compared
to age-matched control cell counts.

Figure 6.48 from patient A shows that β-chain regions TRBV12-4, TRBV20-1,
TRBV28, and TRBJ2-1 are particularly variable between time points.
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(a) V gene

(b) J gene

Figure 6.49: Relative abundance of V and J gene usage in α chain samples from Pa-
tient M. This patient was classified as having good immune reconstitution compared
to age-matched control cell counts.

Figure 6.49 from patient M shows that α-chain regions TRAV12-1, TRAV21,
TRAV29/DV5, TRAJ42, TRAJ49, and TRAJ9 are particularly variable between
time points.
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(a) V gene

(b) J gene

Figure 6.50: Relative abundance of V and J gene usage in β chain samples from Pa-
tient M. This patient was classified as having good immune reconstitution compared
to age-matched control cell counts.

Figure 6.50 from patient M shows that β-chain regions TRBV20-1, TRBV28,
TRBV29-1, TRBJ2-1, and TRBJ2-7 are particularly variable between time points.

Variation in gene usage is present both between time points within a given pa-
tient, and between patients. β J gene usage, seen in Figures 6.48 and 6.50, shows
that TRBJ2-3 is proportionally higher in patient A than patient M, TRBJ2-7 is
proportionally higher in patient M than patient A. Some of the most variable gene
segments are variable over time in both patients (TRBV20-1, TRBV28, and TRBJ2-
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1), though many are variable over the time points in only in one or other of the two
patients. Gene region use can also be compared between the patients according to
immune reconstitution grouping.

Figure 6.51 shows the V gene usage in β chain samples from all the patients,
grouped by immune reconstitution success: good, intermediate, poor, and NA. Some
V segments are consistently rare (e.g. TRBV22-1), while others are commonly used
and highly variable between samples (e. g. TRBV29-1). This analysis suggests that
some regions, particularly TRBV4-1, but also segments including TRBV11-3 and
TRBV12-4, may be differentially expressed between these immune reconstitution
groups.

6.4.8 Clonotype expansion

Specific clonotypes expand in number in response to presentation of antigenic molecules,
including pathogenic threats. Clonotype expansions in this dataset have been anal-
ysed in several ways.
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Figure 6.52: Mean abundance of the 100 largest clonal expansions in each sample
over time. The colour of each point represents a different individual, and is shaped
according to patient code. Both α and β samples are included. X-axis gives the
month after transplant of sample collection, with adult control samples (TAC) and
cord blood control samples (UCB) on the far right. Time 0 results are from cord
samples used in patient transplants.

The mean abundance of the top 100 clonotypes (Figure 6.52) gives a broader
picture of the patient’s clonal expansions than the single largest clonal expansion
and gives some insight into the patient’s infection and/or GvHD state. There may
be a general downward trend for most patients in this mean abundance after the
transplant, though this is not clear, as the patients do not have linear trajectories.

The 15 samples with the highest mean abundance of the 100 largest clonal ex-
pansions come from four patients: L, I, O, and H. All of these patients were known
to have both infection(s) and GvHD during their recovery. Patient H had EBV and
skin GvHD (max grade II), patient I had an ADV infection and skin and gut GvHD
(max grade IV), patient L had both CMV and EBV, and skin GvHD (max grade
II), and patient O had both ADV and CMV, and skin and gut GvHD (max grade
IV). These conditions during recovery from transplant are likely to have driven the
clonality seen in their repertoires.
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Clonotype distribution

To further profile the TCR repertoire, the clonotypes in patient samples were clas-
sified by relative abundance into rare (0 < X <= 1 × 105), small (1 × 105 < X
<= 1 × 104), medium (1 × 104 < X <= 0.001), large (0.001 < X <= 0.01), and
hyperexpanded (0.01 < X <= 1). The relative composition of each sample in these
terms can then be seen for the eight patients with at least four samples.

(a) α-chain

(b) β-chain

Figure 6.53: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient A. Sample months are indicated on the x axis.

Figure 6.53 shows the clonotype frequency distribution of patient A. This pa-
tient was classified as having poor immune reconstitution, and ultimately died. Their
samples were primarily medium or larger clonotypes, and there was no shift towards
smaller clonotypes by month 12.
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(a) α-chain

(b) β-chain

Figure 6.54: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient D. Sample months are indicated on the x axis.

Figure 6.54 shows the clonotype frequency distribution of patient D. This pa-
tient was classified as having good immune reconstitution, and the majority of their
samples were composed of small clonotypes.
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(a) α-chain

(b) β-chain

Figure 6.55: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient F. Sample months are indicated on the x axis.

Figure 6.55 shows the clonotype frequency distribution of patient F. This patient
was classified as having good immune reconstitution. Even from month 1, their sam-
ples were primarily composed of small and rare clonotypes.
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(a) α-chain

(b) β-chain

Figure 6.56: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient H. Sample months are indicated on the x axis.

Figure 6.56 shows the clonotype frequency distribution of patient H. This pa-
tient was classified as having good immune reconstitution, and from month 6 their
repertoire was composed of a progressively greater percentage of small clonotypes.

440



(a) α-chain

(b) β-chain

Figure 6.57: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient I. Sample months are indicated on the x axis.

Figure 6.57 shows the clonotype frequency distribution of patient I. This patient
was classified as having poor immune reconstitution, and all of their samples were
partially composed of hyperexpanded clonotypes. However, from month 4, small
and rare clonotypes made up a progressively greater percentage of their clonotypes.
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(a) α-chain

(b) β-chain

Figure 6.58: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient L. Sample months are indicated on the x axis.

Figure 6.58 shows the clonotype frequency distribution of patient L. This patient
was classified as having intermediate immune reconstitution. Similarly to patient
I, all of patient L’s samples were partially composed of hyperexpanded clonotypes,
often over 50%. From 12 months to 22 months, the percentage of small clonotypes
increased.
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(a) α-chain

(b) β-chain

Figure 6.59: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient M. Sample months are indicated on the x axis.

Figure 6.59 shows the clonotype frequency distribution of patient M. This patient
was classified as having good immune reconstitution, and their samples, including
month 1, were primarily made up of small and rare clonotypes. This was particu-
larly evident from month 8 onwards.
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(a) α-chain

(b) β-chain

Figure 6.60: Relative abundance of clonotypes in the α (upper) and β (lower) chain
of Patient P. Sample months are indicated on the x axis.

Figure 6.60 shows the clonotype frequency distribution of patient P. This pa-
tient was classified as having poor immune reconstitution. Early after transplant
they had approximately 25% large and hyperexpanded clonotypes, and in months
3 ,6 ,and 12 they had no small or rare clonotypes in their samples. However, by
month 30 their samples were predominantly small clonotypes.

The percentage of rare and small clonotypes increased over time in the majority
of patients, and those patients whose samples had larger percentage of large or hy-
perexpanded clonotypes also generally were those with intermediate or poor immune
reconstitution.
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Figure 6.61: Relative abundance of clonotypes in all patient α chain samples. Sam-
ples are grouped by the immune reconstitution category of the corresponding patient.
The height of the bars indicates the mean, and 95% confidence interval (CI) bars
are overlaid. P-value of the Kruskal-Wallis test comparing the difference between
each group of means is shown above the clonotype size.

Figure 6.62: Relative abundance of clonotypes in all patient β chain samples. For
further detail see the caption of Figure 6.61.

When grouped by immune reconstitution success, rare and small clonotypes make
up relatively greater proportions of the samples from patients with good immune re-
constitution, compared to intermediate, or poor immune reconstitution. Statistical
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power is limited in this analysis as samples from the same patient are not indepen-
dent.

6.5 Discussion

Findings from this study show that there can often be a clear association made
between higher clonotype diversity and health, and between lower diversity and
health problems. There are 9 different underlying conditions represented in these
18 patients, and although they are all paediatric, there is also a large age range
in the patients. They vary in many other factors including conditioning regime,
degree of GvHD, immunosuppression following transplant, post-transplant infection
and infection severity, and the level of matching with their UCB donor. Thus some
conclusions can be drawn across the patients, while many interesting observations
come from individual patient observations.

6.5.1 α-diversity

Generally, similar Gini coefficient patterns are seen in the α and β chain samples.
There is a wide range of values, particularly in months 1-3, indicating that the reper-
toire is moderately to highly disrupted compared to the control samples. This is
unsurprising, as during this period neutrophil engraftment is occurring (Danby and
V. Rocha 2014) and the change in the immune system is likely to result in a more
disrupted and contracted T cell repertoire as clonotype expansions will be generally
thymic-independent (Elfeky et al. 2019). The samples from months 4 - 8 are still
fairly uneven, but across the patients this unevenness starts to decrease. By this
point in the post-transplant reconstitution the T cell populations, particularly the
CD8+ subpopulation, are expected to become more established (Stern et al. 2018).
There is a wide variety of results at month 12. This is likely due, in part, to the
fact that two of the patients had major infections in month 11, which likely caused
the observed clonal expansion and disruption to their repertoire structure. All the
samples bar one after 12 months showed low Gini coefficient, on par with the adult
controls. The one sample which did not fit this pattern was from patient L, who still
had large clonal expansions likely from his ongoing serious CMV infection. Thus,
beyond one year after transplant, the majority of patients had a level of clonotype
evenness on par with the adult controls, essentially corresponding to good recov-
ery, by the measure of Gini coefficient. Gkazi et al. (2018) reported that based on
diversity distribution, the UCB controls in this study made satisfactory stand-ins
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for age-matched samples. The patient medians did not reach those of UCB controls
even more than 12 months after the transplant, indicating that immune reconstitu-
tion may still be ongoing.

Shannon entropy was used to assess the diversity of the data, incorporating
both clonotype richness and evenness. In many ways this mirrored the results
from the Gini coefficient, and was fairly consistent between chains. Despite the
between-patient variability, there was an increase in median diversity over time
post-transplant. This is likely to be for similar reasons: engraftment and T cell im-
mune reconstitution being primarily thymic-independent early in recovery (Danby
and V. Rocha 2014; Elfeky et al. 2019), and clonal expansions due to infection. As
with the Gini coefficient, the samples from months after 12 generally show increased
diversity that is nearing the range of the adult controls, indicating some restoration
of the T cell receptor repertoire, as detected using Shannon entropy. With the UCB
controls as age-matched controls (Gkazi et al. 2018), most of the patient samples
reached parity with age-matched controls by more than 12 months after transplant.

The Chao1 index gave somewhat different results. This diversity metric places
a high weighting on singletons and doubletons, and thus placed greater weight on
rare clonotypes. The first few months have low results compared to the controls,
especially in the α chain. From 3 to 12 months, there is more between-patient
variability. Most of the samples from beyond 1 year are higher than many of the
early samples, but are lower than many of the adult controls, especially in the α

chain. This suggests that Chao1 is capturing a different aspect of diversity in the
samples, and one that is not captured by either of the earlier methods. This could
be a reflection of the ongoing reconstitution of naïve CD4+ T cells, which typically
takes up to two years post-transplant (Elfeky et al. 2019; A. K. Klein et al. 2001)
However caution must be used in making this kind of interpretation: these are adult
controls, not children. Compared to the UCB controls (Gkazi et al. 2018), many of
the patients reach parity between 7 - 12 months after the transplant.

For Gini coefficient, Chao1, and Shannon entropy, and in both chains, the me-
dian diversity of binned data from more than a year post-transplant was lower than
the adult controls, but higher than the UCB controls. This indicates a fairly good
recovery of diversity after one year post-transplant. The samples from months 7
-12 tended to be the most variable patient-to-patient of the groups, and in several
instances had higher medians than the 13 months onwards samples. It is likely
that within this group there are samples from patients who recovered more quickly,
along with samples from patients who had noted infections and serious GvHD as
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they recovered. This trajectory was similar to those reported using spectratyping to
benchmark immune reconstitution (Okamoto et al. 2007; Q. Wu et al. 2014). Esti-
mated clonotype richness showed the greatest richness 6 - 12 months post transplant
for some of the patients.

Taken together, these results suggest that some patients recovered a high level
of T cell receptor diversity within a year, and some took longer, but the majority
of patients had a healthy level of T cell receptor diversity after more than a year
post-transplant, slightly longer than the 6 - 12 months reported by Elefky et al.
(2019) and the 3 -12 months reported in adults by Hentschke et al. (2005).

6.5.2 Immune parameters

In comparison to age-matched healthy controls (Garcia-Prat et al. 2019), the pa-
tients in this study recovered CD3+, CD4+, CD4+ naïve, CD8+, and CD8+ naïve
cell counts following transplant, though with variable pace, such that some did not
do so within the first year following transplant. The importance of age-matched
controls is evident, as the results would have been differently interpreted, had the
same reference range been applied to all samples. The younger patients, particularly
those aged three and under, appeared to have a faster rate of T cell subset recovery,
possibly due to the negative effect of age on thymic output (L. K. d. Rocha et al.
2018; Steffens et al. 2000).

These reference ranges were used to classify the patients where data was avail-
able as having either good, intermediate, or poor immune reconstitution, and all the
patients in both the good and intermediate reconstitution groups survived.

The CD4/CD8 ratio is reported to be between 1.5 and 2.5 in healthy individuals,
and to be affected by factors such as age, infection status, and ethnicity (Amadori
et al. 1995; Howard et al. 1996; McBride and Striker 2017). This ratio is often
inverse following HSCT, as the CD8+ subset recovers more quickly than the CD4+
population (Elfeky et al. 2019; McBride and Striker 2017; Seggewiss and Einsele
2010). In contrast to this, the CD4/CD8 ratio was only below one in a minority of
samples in the present study, and was frequently above 5. A similar result has been
reported by Girdlestone et al. (2020) also studying UCB HSCT. They found that
the elevated ratio was prolonged in younger patients, gradually decreased with age,
but was well above the generally reported CD4/CD8 ratio (Girdlestone et al. 2020).
Together with present findings, this suggests that the CD4/CD8 ratio inversion fol-
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lowing transplant may be less common in UCB transplant patients than in BM.
This raises the possibility of important clinical implications regarding graft choice.
Patients with an inverted CD4/CD8 ratio in autologous HSCT recipients were found
also to have delayed platelet and neutrophil engraftment compared to patients with
a normal CD4/CD8 ratio (Oka and Nohgawa 2020). Therefore, where UCB is a
feasible source of stem cells, using UCB over BM may contribute to an accelerated
immune reconstitution, though UCB has been reported to result in slower immune
reconstitution (Ogonek et al. 2016).

6.5.3 Patient outcomes

Patient A

Gini coefficient and Shannon entropy results indicate that TCR repertoire was par-
ticularly disrupted in months 2 and 3 post-transplant (Figure 6.6), which coincided
with grade III GvHD, and norovirus and adenovirus infections. This disruption was
also evident in the sequential sharing plot (Figures 6.7 and 6.8) months 2, 3, and
6 were composed of a higher percentage of shared clonotypes than months 1 and
12, and many clonotypes and clonal expansions could be seen persisting over this
time. Some of these clonotypes are likely to relate to the GvHD (which developed in
the second month), or to the norovirus or adenovirus infections, the latter of which
peaked in month 6. A large clonal expansion is seen in both the α and β chain
samples following a similar pattern across all the samples, and therefore may form
the αβ dimer on the same T cell, but as these samples were bulk-sequenced, this
cannot be confirmed.

There were more shared clonotype expansions in month 2 compared to month 1,
which may have been a combined effect of the GvHD and viral infections, as well as
thymic-independent T cell reconstitution, which often results in a restricted TCR
repertoire (Danby and V. Rocha 2014). Several clonotypes and clonal expansions
were shared over time, and the percentage of sharing was greatest between months
two and six, and months three and six. Multiple clonal expansions were also con-
served over this time.

Taken together, these findings are indicative of long term immune response to
specific antigens, and GvHD and viral infections are likely to have been particularly
impactful on this patient’s TCR repertoire. This patient died, but from these data
it is unclear what differs between this patient and those who survived.
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Patient D

Gini coefficient and Shannon entropy results indicate that TCR repertoire of pa-
tient D trended towards normality and was particularly disrupted in month 3 post-
transplant (Figure 6.10), with a loss of both richness and evenness. This coincided
with grade I skin GvHD, which may have affected the TCR repertoire.

In contrast to patient A, the top clonotypes in patient D were generally not
consistent from one sample to the next, and made up a much smaller percentage
of the samples. This indicates no long-term immune response to a specific antigen.
Furthermore, her samples were composed of a lower percentage of shared clonotypes
(Figures 6.11 and 6.12). The greatest percentage of sharing is between months 3
and 8.

Overall, this patient had few immune challenges during T cell reconstitution,
and as a likely result had good immune reconstitution, a higher percentage of unique
clonotypes per sample, and relatively small clonal expansions.

Patient F

The samples from patient F showed a consistent decrease in Gini coefficient over
time, indicating that the TCR repertoire from this patient became more even over
time. The Shannon entropy generally increased (Figure 6.14), though there was
disruption at month 3. This was the first sample collected after they developed
grade I GvHD, which could have contributed to this result, though it may also have
been impacted by thymic-independent T cell reconstitution (Danby and V. Rocha
2014). The greatest percentage of sharing is seen in month 3, as well as some of the
largest clonal expansions, and the greatest percentage of clonotype sharing is be-
tween months 3 and 6, supporting the idea that there is a restricted TCR repertoire
at month 3.

Several clonotypes could be seen persisting through time in patient F’s sequen-
tial sharing plots (Figures 6.15 and 6.16). The clonal expansions were generally
relatively small, indicating no major clonal response to infections or GvHD. The
low percentage of shared clonotypes in the month 19 samples was demonstrative of
the increase in TCR clonotype richness over the post-HSCT recovery.

450



Patient H

Gini coefficient and Shannon entropy in Patient H trended towards normality over
time, though there was particular disruption in richness at month 3, and in evenness
in month 6 (Figure 6.18). Patient H suffered from a recurrent EBV infection, which
peaked between 3 and 6 months post-transplant, which may have contributed to
this effect.

This is supported by the sequential sharing plot data: there are multiple large
clonal expansions in both the α and β chains in month 6. The EBV infection reduced
by month 12, which was also reflected in the sequential sharing plot data; there are
fewer clonal expansions and a lower percentage of sharing. As with patient A, the
top clonotypes in patient H were frequently maintained over time, and likely reflect
the ongoing immune response to the EBV infection.

The expansions in month 6 (Figures 6.19 and 6.20) can be seen persisting for
at least a year. It appears that one clonal expansion in particular can be tracked
through the month 6, 12, and 18 samples in both α and β samples (CASANYG-
GSQGNLIF and CASTLTAKETQYF respectively), and may have formed an αβ

dimer from the same T cell clonotype. By the final sample, from month 18, both
diversity metrics indicated good diversity and this was supported by a fairly low
percentage of sharing, and few clonal expansions. The greatest percentage of clono-
type sharing was between months 1 and (α) and months 3 and 18 (β), which may
have been partially affected by the ongoing EBV infection.

This patient’s post-HSCT TCR repertoire recovery appears to have been ham-
pered particularly by her EBV infection, which is likely to have contributed to large
and persistent clonal expansions.

Patient I

As estimated by both Shannon entropy and Gini coefficient, patient I showed lit-
tle improvement in repertoire diversity between months 2 and 12 after transplant
(Figures 6.22). There was a disruption to both richness and evenness in month 4.
This may have been affected by a series of minor infections. The unevenness despite
fairly high Shannon entropy in month 2 may be attributable to the early adenovirus
infection, and he suffered from an unknown infection four months after transplant
which may be related to his month 4 results.
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Percentage of shared clonotypes was relatively high, particularly between months
6 and 12. Correspondingly this patient had a relatively low percentage of clono-
types unique to each sample, possibly as they had poor immune reconstitution;
even by month 12 their repertoire may have been primarily stemming from thymic-
independent T cell reconstitution (Danby and V. Rocha 2014) and therefore limited.

Figures 6.23 and 6.24 show the relatively high percentage of sharing between
samples in both chains, and additionally many clonal expansions which persist over
multiple samples. This may explain the sustained high Gini coefficient results over
time. Two particularly large clonal expansions are present in the month 4, 6, and
12 month samples in both the α and β chains. It is possible that these are paired,
and originate from the same two T cell clonotypes.

Patient L

In contrast to the other patients shown, patient L, showed the greatest disruption
to both evenness and richness (as detected by Gini coefficient and Shannon entropy)
in month 12, rather than month 3. (Figure 6.26). However, there was a gradual
increase in diversity over the study period. These results are indicative of the large
clonal expansions in those samples and may have been related to their severe CMV
infection.

This patient had the largest clonal expansions seen in these eight patients, with
one clonotype making up over 20% of a sample. The highest percentage of clonotype
sharing was seen in the first three months.

Figures 6.27 and 6.28 show the large clonal expansions in patient L, which are
not explained by sequencing depth or number of clonotypes. There are over four
times as many clonotypes in the sample from month 12 as from month 2, and yet
the clonal expansions constitute a much higher percentage of the month 12 sample,
and additionally a lower percentage of the month 12 sample is unique. The most
likely explanation for this is CMV infection. This patient had CMV from before
their transplant to over a year post, with viraemia peaks in month 1 and month 8.
This is consistent with the sequential sharing plots (Figures 6.27 and 6.28), which
shows many clonal expansions which are preserved for the duration of viral sam-
pling (almost a year), and the largest clonal expansions by percentage are in month
1 and month 12 (the first sample collected after month 8). Unfortunately, no clinical
data were available at 22 months post-transplant. There is shift seen in the clonal
expansions: those sequences with larger clonal expansions in the first three samples
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are different to those in the final two samples, a pattern seen in both α and β chain
samples. This could be indicative of the immune system change due to the trans-
plant.

Patient M

Patient M showed gradual increase in diversity over time, as estimated using Shan-
non entropy and Gini coefficient (Figure 6.30), though both evenness and richness
were perturbed in months 3 and 6. The earlier samples showed a higher percentage
of shared samples, particularly between months 3 and 6. There is nothing clear in
the clinical data which definitely suggests a cause for this perturbation, and it may
have been affected by minor viruses or could more simply be a result of the immune
reconstitution and expansion of the limited TCR repertoire coming from the graft
(Danby and V. Rocha 2014). This patient displayed variable concordance between
their α and β chain results from the same samples.

This patient generally had a lower percentage of sharing between sample time
points than other patients in this study, and few large clonal expansions (Figures
6.31 and 6.32). This is reflective of the high diversity and evenness generally seen in
the samples from this patient, despite some early GvHD and an adenovirus infection
in months 8 and 9.

Patient P

Patient P’s samples gradually increased in diversity, as detected using Shannon
entropy and Gini coefficient, although there appeared to be several periods of dis-
ruption, particularly around months 3 and 12 (Figure 6.34). For the majority of the
time points, the α and β chains showed similar results.

However, the month 12 sample diversity estimations were likely to have also been
affected by a low read count in those samples. This patient had a severe HHV-6 in-
fection around month 11, and also received four doses of Rituximab between month
11 and month 13, which has been reported to deplete T cells as well as B cells
(Mélet et al. 2013; Palanichamy et al. 2014). Therefore the low read count, as well
as the reduction in diversity seen in the samples from month 12 may be a result of
a depleted T cell population.

The clonal expansions seen early after transplant (Figures 6.35 and 6.36) may
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be GvHD-related, as patient P had gut and skin GvHD, most severe in months 3
-6.

The persistence of top clonotypes, some of which persist from month 6 to month
30 (Figure 6.34), indicates a long-term specific immune response. The highest per-
centage of sharing is also between the months 6 and 30 samples. Despite the GvHD
and viral infection, which may have hampered immune reconstitution, this patient
had a rich and even TCR repertoire by month 30, with no large clonal expansions.

Patient patterns

A common theme across the patients is a disruption to clonotype richness and/or
evenness around month three, which may be attributable to the restricted TCR
repertoire stemming from thymic-independent T cell reconstitution (Danby and V.
Rocha 2014; Elfeky et al. 2019), as thymic-dependent T cell reconstitution is gener-
ally not seen until at least 3 - 6 months after transplant (Clave et al. 2013; Heimall
and Cowan 2017). By 6 -12 months after transplant, the CD4+ and CD8+ naïve
T cell populations have generally recovered enough for functional immunity though
are not fully recovered (Elfeky et al. 2019; Heining et al. 2007). This seemed to
occur for some but not all patients in the present study.

Additionally, there was a major difference in clonality between patients with
minor or no viral infections/GvHD (particularly patients D, F, and M), and those
with more severe viral infections/GvHD (particularly patients H, I, and L), which
was particularly evident in the top clonotype and sequential sharing plots. Those
with minor or no viral infections/GvHD still shared many clonotypes over time, but
clonal expansions made up approximately 1% or less of a sample, and generally did
not stay as a top clonotype. In contrast, those patients with more severe viral in-
fections/GvHD as well as sharing many clonotypes over time had clonal expansions
making up over 5 - 10% of a sample, and these often persisted as top clonotypes
in multiple consecutive samples. This greater clonality in those with GvHD is con-
sistent with Yew et al. (2015), though their study examined adults. Therefore it
appears that in this small sample, viral infection and GvHD, rather than T cell
reconstitution, were the primary drivers of clonality in these patients.
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6.5.4 Top clonotypes

In some cases top α and β CDR3s from the same patient seem to mirror each other,
indicating that they may be either from the same αβ TCR, or responding to the
same stimulus. In some patients the same CDR3s are the most abundant across
time, though in others there is very little continuity between samples. In some cases
there appear to be groups of clonotypes exhibiting similar patterns, both within
and between chains. The clonal expansions can vary by orders of magnitude be-
tween samples. The difference in continuity of top clonotypes between patients with
serious viral infections and GvHD, and those without, indicates that the clonality
seen is usually more attributable to viral infections and/or GvHD than a necessary
consequence of the transplant and immune reconstitution.

Antigen matching - comparing sequences in the present study to clonotypes in
the VDJdb (Shugay, Bagaev, et al. 2018) with known antigen specificity - was per-
formed in this study, but ultimately was omitted (but see Appendix Z). While the
majority of sequences had no match, some were associated with antigens including
from CMV, HIV, Homo sapiens, Influenza A, HCV, EBV, Mycobacterium tuber-
culosis. Some of these were consistent with patient history, e.g. patient H had a
sustained EBV infection, and some of their clonotypes were associated with EBV.
However, HIV-associated clonotypes were found in several patients, all of whom
were confirmed to be HIV- (Gkazi et al. 2018). This casts doubt on the specificity
of both the matches in this database, and of TCR sequences more generally. Bias
in the database may also play a role in this finding: only submitted sequences are
available for cross-referencing, and thus these results are reliant on the quantity and
ratio of submitted TCR and epitope matches. However, TCR cross-reactivity, in
which specific TCRs can recognise multiple peptides, is well-established (Birnbaum
et al. 2014; Degano et al. 2000; Sewell 2012), and is likely to be contributing to the
above effect. In some studies, such as whether TCR cross-reactivity might facilitate
SARS-CoV-2-reactive TCRs in SARS-CoV-2-naïve patients as a result of previous
infection with milder coronaviruses (Grifoni et al. 2020), identification of antigen
specificity is key. However, in this study, antigen matching shed little further light
(Gkazi et al. 2018), as without confirmation from clinical notes, associated antigens
could not be inferred to be present, and it was not further pursued.
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6.5.5 Gene usage and relative composition

Gene usage

Two patients, one with good immune reconstitution and one with poor immune
reconstitution were compared as exemplifying different patterns of V and J gene us-
age. Within each patient, gene usage varied across the time points, and differences
could also be seen between the two patients. Thus the V and J gene usage may vary
in response to antigens encountered or stage of immune reconstitution, as well as
between individuals. Cui et al. (2018) found that several β V gene segments were
differentially expressed in cervical cancer patients compared with healthy controls
(Cui et al. 2018). In the present study, there are indications that some genes may
be differentially expressed by patients with good or poor immune reconstitution but
a larger sample size would be needed to confirm.

Clonotype expansions

The highest mean abundance of the 100 largest clonal expansions came from months
1 to 22, but from only four patients. These patients (H, I, L, and O) all had known
and often serious infections which are likely to have driven clonal expansions (CMV,
EBV, and ADV), as well as varying levels of GvHD. When these patients are ex-
cluded, the mean abundance of the 100 largest clonal expansions appears to peak
around months 1 - 3, and then gradually decrease, suggesting that in many of the
patients the average of their clonal expansions decrease slowly over time. This in
turn may reflect a general increase in immunological, and general, health, especially
from 13 months post-transplant onwards.

Relative composition

Categorising clonotypes by relative composition allowed a summary of clonotype
distribution and clonal expansion to be created for each sample. For many patients
the proportion of small and rare clonotypes increased over time, and were generally
more prevalent in the patients with good immune reconstitution. Thus a skew to-
wards smaller clonotypes and a lower percentage of hyperexpanded clonotypes may
be indicative of good immune reconstitution.
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6.5.6 Heatmaps

These heatmaps show that despite both the enormous possible and realised diver-
sity in the CDR3 region, some clonotypes are widely shared across the patients in
this study, indicating that they may be more statistically likely recombinations (Gil
et al. 2020; Greef et al. 2020), or a response to shared or similar antigens.

6.5.7 Clinical correlations

TRECs output is a correlate of T cell production, and in this study generally in-
creased over time, especially by month 6, although thymic output decreases with
age in children (L. K. d. Rocha et al. 2018; Steffens et al. 2000). However, it ap-
pears that thymic output, and thus thymic-dependent T cell reconstitution, peaked
around month six. In the samples with higher levels of diversity and evenness, as
detected using Shannon entropy and Gini coefficient, TRECs were generally high.
However, samples with low TRECs had a wide spread of Shannon entropy and Gini
coefficient results. Therefore, though these data are skewed, higher TREC count
correlates with greater repertoire diversity, while lower TREC counts are associated
with a full spectrum of repertoire diversity.

CD4+ count also decreases with age (Garcia-Prat et al. 2019). The lowest CD4+
counts were seen at month 2, and by far the highest were seen at month 12, though
not in all patients, and the variability did not clearly just reflect age. The causes
of increased CD4+ count may be a combination of age, immunosuppression, and
the production of naïve cells from the engrafted HSCs. Many of the samples with
higher CD4+ counts were from later in recovery and many also had high Shannon
entropy, though the samples with the highest CD4+ count also had very low di-
versity. There was a positive correlation between Shannon entropy and CD4+ cell
count though the data was very skewed and there were obvious outliers from this
pattern. The correlation with Gini coefficient showed similar patterns, and high-
lighted that samples with by far the highest CD4+ count (over 3.99 x 109 cells/L)
are both not very diverse and highly uneven. They came from a patient suffering
from a major and ongoing CMV infection between month 6 and month 12, which
may have driven CMV-specific clonal expansions and could have significantly con-
tributed to the unevenness in clonotype diversity in month 12, as well as the high
CD4+ count. Therefore a combination of age, immunosuppression, the activity of
the reconstituting immune system, and the viral status of the individual patient all
affect CD4+ counts and it is difficult to distinguish the cause(s).
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Finally, the spectratyping results were related to the two main diversity met-
rics used in this chapter: Gini coefficient and Shannon entropy. This is of great
interest as, in the absence of high throughput sequencing, spectratyping is the gold-
standard method used to assess the diversity of a T cell receptor repertoire. The
classifications are normal, almost normal, abnormal, and NA (inconclusive or did
not occur). There was a generally good concordance between Shannon entropy and
spectratyping: the majority of high diversity samples were classified as normal and
the majority of low diversity samples were classified as abnormal. The same was
true when comparing the Gini coefficient to spectratyping results: more even sam-
ples were generally classified as normal, and uneven samples as abnormal. However,
there were several samples which did not conform to this pattern, sometimes as a
result of low clonotype richness, and the non-conforming samples were not all the
same between the diversity metrics, highlighting the utility of estimating diversity
in a variety of ways. There was also a great deal of overlap between normal, al-
most normal, abnormal classified samples in both metrics. As spectratyping is a
subjective process which only utilises the β chain, and is the most commonly used
metric of immune reconstitution, it is important to understand the limitations. It
is also useful to better understand how it compares to more detailed examinations
of immune reconstitution such as the TCR sequencing done in this project. From
these two comparisons it seems that spectratyping gives results broadly consistent
with Gini coefficient and Shannon entropy. This supports the understanding that
spectratyping is a useful and accurate tool, though it is limited in its scope, and
these metrics are useful tools to summarise the diversity of the TCR repertoire pro-
duced by HTS.

6.5.8 Survival and mortality

There were 18 patients in this study. Of these, 3 died (16.6%), and 15 survived
(83.3%) beyond the study period. The patients who died were aged 14 months, 3
years, and 6 years old (at time of transplant), were male (2x) and female (1x), had
had myeloablative conditioning (3x), 8/10 HLA matching (2x) and 9/10 HLA match-
ing (1x), maximum grade III GvHD (2x) and maximum grade IV GvHD (1x), and
an HM underlying disease (3x). All the patients classified as having intermediate or
good immune reconstitution survived, while one of the poor immune reconstitution
patients died. Clinical data was not available for the other two patients.

While there are many potential causative factors in this patient cohort, all three
patients who died had underlying haematological malignancies, myeloablative con-
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ditioning, at least grade III GvHD, and less than 10/10 HLA matching. It has been
reported that even one HLA mismatch - and these three patients had at least one
each - can, depending on the loci, lead to more severe GvHD and lower survival rates
(S. J. Lee et al. 2007). However, many of the surviving patients had these traits
too. Holmqvist et al. (2018) reported that following paediatric HSCTs the “leading
causes of death included infection and/or chronic GVHD (49.6%), primary disease
(24.6%) and subsequent malignant neoplasms (18.4%)” (Holmqvist et al. 2018). In
the present cohort, one patient was confirmed to have died due to primary disease,
and the records of cause of death were not available for the other two patients, al-
though both had GvHD and viral infections.

Further to this, there are other variables which, while unknown, may have af-
fected patient outcomes and survival. As discussed earlier, it is often more difficult
to find donor matches for patients from ethnic minorities (Beatty et al. 1995; Koh
and N. Chao 2008). This is partially addressed by using UCB as an alternative
source of stem cells, as in general a greater degree of mismatch can be tolerated
in this case (Stanevsky et al. 2009). The difficulty in finding matches for ethnic
minorities is not just smaller bone marrow registries or the different rates of HLA
polymorphism in various ethnic groups (Beatty et al. 1995; Koh and N. Chao 2008)
but also may be a lack of research into HLA loci in different ethnic groups. For
example, new HLA alleles have recently been discovered in Aboriginal Australians
(Clemens et al. 2016). Thus, as well as known HLA mismatches, there may also
be unknown HLA mismatches outside of the key loci, which may lead to poorer
outcomes. As ethnicity data are not available in this study it is not possible to
comment on whether this has played a role in this study, but it is an important
reminder that unknown factors may also affect the patients in this study.

It is clear from this set of variables, as well as the more in-depth diversity anal-
ysis, that recovery and survival are complex and multifactorial (Holmqvist et al.
2018). Despite this, 85% of the patients in this study survived beyond the study
period and many appeared to be recovering well, as of the last data available.

6.5.9 Conclusion

The aims of this study were to characterise the TCR repertoires, both individually
and collectively, following UCB-sourced HSCT, particularly focussing on diversity,
sharing, persistence, and how these relate to clinical markers, to better understand
immune reconstitution after this type of transplant, as well as whether TCR is
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a valuable tool to add to existing clinical monitoring methods. Spectratyping is
still considered to be a clinical gold standard to benchmark immune reconstitution,
and the HTS data in this study largely confirm the conclusions from spectratyping.
Diversity analysis was generally consistent with spectratyping results and immune
parameters including CD4+ cell count and TRECs, but further confirmed the het-
erogeneity in repertoire recovery between individuals. Through all diversity metrics
applied, diversity generally tended towards normality, particularly more than a year
post-transplant, though there was also extensive variability between and within pa-
tients. However, further analysis of individuals including clonotype sharing showed
that some of the variability may be ascribed to individual factors including infections
during recovery. Clonotype sharing was also seen between individuals, with some of
the most abundant clonotypes seen in multiple patients, indicating that they may be
the result of more statistically favoured recombinations (Gil et al. 2020; Greef et al.
2020). Immune parameters were used to benchmark the patients’ immune reconsti-
tution relative to age-matched healthy controls, and then to group the patients by
speed and success of immune reconstitution. Differences were seen in these groups
both in V and J gene usage, and clonotype abundance distributions.

Noviello et al. (2019) showed in adults that detecting severely exhausted T cell
can predict HM disease relapse, and this exhaustion can be detected using the TCR
repertoire. This shows that HTS can be used to assess immune recovery following
transplant, and not only can HTS data be used to do bioinformatic spectratyping,
but also to better understand repertoire diversity and composition, and possibly
aid in the prediction of HM disease relapse. This could lead not only to further
understanding of the process of immune reconstitution in children following HSCT
from cord blood, but also the possibility of better outcomes for these patients.

HSC from UCB provides a viable alternative where an HSC transplant is nec-
essary. Gragert et al. (2014) present UCB as potential solution to the difficulties
of procuring suitably matched HSC from bone marrow for transplant. Not many
patients will have an optimally matched UCB unit, but regardless of racial or eth-
nic group, UCB units that are mismatched at only one or two loci are available to
nearly all patients less than 20 years old, and approximately 80% of patients over
20 (Gragert et al. 2014). Additionally, UCB HSCs are readily available from frozen
umbilical cords (Danby and V. Rocha 2014). This study showed that the TCR
repertoire of the majority of paediatric patients recovered to a healthy diversity ap-
proximately a year after transplant, and that high clonality was generally associated
with GvHD or viral infections rather than a part of immune reconstitution. This
shows an important utility for UCB in HSCTs, and especially in paediatric cohorts.
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Chapter 7

Using the T cell receptor
repertoire to examine the effects of
a planned treatment interruption
in children living with HIV

Declaration of contributions

The samples were collected for this study through the PENTA-ID Network, as
a part of their PENTA 11 study (Paediatric European Network for the Treatment
of AIDS - Infectious Diseases). The samples were prepared and sequenced by Dr
Katrine Schou Sandgaard (UCL GOS ICH, Infection, Immunity and Inflammation),
with assistance from Dr Athina Soragia Gkazi (UCL GOS ICH, Infection, Immunity
and Inflammation) and Ms Rose Gkouleli (UCL GOS ICH, Infection, Immunity and
Inflammation). Ethics declaration can be found in Section 2.1.3. Computational
analysis and data visualisations were performed by the author.

A manuscript reporting on the PENTA 11 project has been submitted for pub-
lication as:
Katrine Schou Sandgaard, Ben Keith Margetts, Teresa Attenborough, Triantafylia
Gkouleli, Stuart Adams, Mette Holm, Diana Gibb, Deena Gibbons, Carlo Giaquinto,
Anita De Rossi, Alasdar Bamford, Paolo Palma, Benny Chain, Soragia Athina
Gkazi, Nigel Klein. The Remarkable Plasticity of the Immune System in Children
Following Treatment Interruption in HIV-1 Infection. Submitted December 2020,
under interactive review. The laboratory methods can be seen in Appendix G.
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7.1 Introduction

The PENTA 11 study was conceived in order to assess whether there is any clin-
ical, immunological, or virological disadvantage to a planned interruption in the
antiretroviral therapy (ART) regimen of paediatric patients with well-suppressed
HIV-1 viral loads. Such an interruption may be desirable for clinical purposes such
as the optimal management of adverse reactions to medication. To be eligible for
the study, each patient had to have a suppressed viral load and an age-appropriate
CD4+ cell count, be aged 2 - 15, and have been on an ART plan for at least 24
weeks (see Section 2.5.1). Under careful medical monitoring, approximately half the
patients were randomly assigned to a planned 48-week interruption in their ART
regimen, while the remaining patients were continuously treated. After monitoring
for three years, it was concluded that there is no clinical, immunological, or virolog-
ical disadvantage (Harrison et al. 2013; N. Klein et al. 2013).

The project undertaken in this chapter uses more advanced laboratory and com-
putational techniques to reassess samples from nine of the PENTA 11 study patients
to gain more detailed and nuanced insights into the effects of treatment interrup-
tions on the TCR repertoire of paediatric HIV patients in both the short and long
term.

7.1.1 Importance of TCR repertoire in HIV

Although HIV has been studied extensively, many aspects of the pathophysiology
and patients’ variable reaction to therapy are still poorly understood. Thus, further
understanding of how the virus interacts with the host is crucial. A method to
monitor and characterise the immune system, and specifically the TCR repertoire
in detail, that is becoming more accessible is the use of high-throughput sequencing
(HTS). Here, HTS is applied to investigate the TCR repertoire during HIV infection
and planned treatment interruption. In this study a laboratory and bioinformatic
pipeline developed by Prof Benny Chain’s (UCL, Infection and Immunity) group
(Thomas et al. 2013) will be used to assess the TCR repertoire in paediatric pa-
tients with HIV, including during a planned treatment interruption (PTI). This will
facilitate a further understanding of T cells during HIV infection and PTI, including
via investigation of clonality, clonotype persistence, and public clonotypes. Clonal-
ity here refers to abundance distribution across clonotypes, with greater clonality
indicating larger clonal expansions. Public clonotypes are those seen in multiple
unrelated individuals (Pogorelyy et al. 2017). In this context, then, the impact of a
PTI on the TCR repertoire can be characterised.
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Heather et al. (2016) analysed the TCR repertoires of adult HIV patients and
found that they differed in several ways from those of HIV negative adults. These
patients showed reduced TCR diversity with a small number of sequences overrep-
resented, as well as perturbed V gene usage patterns, reduction in public sequences,
and altered TCR networks (Heather, Best, et al. 2016). Beyond this, they found that
in a three month period, ART did little to change the disrupted repertoire structure,
but did have an impact on the frequency patterns of many individual sequences, and
reduced the clonal expansions of the most abundant sequences. They also noted a
decrease in HIV-associated sequences after ART initiation (Heather, Best, et al.
2016). They calculated the Jensen-Shannon divergence in V gene usage between the
HIV+ and HIV- samples, and between the HIV+ ART naïve samples and the HIV+
ART 3 months samples. They found significant differences in occurrence for eight V
genes for both α and β chains between HIV+ and HIV- samples. Jensen-Shannon
divergence was greater between pairs of samples of HIV+ individuals compared to
HIV- individuals. This indicates that HIV infection may have a modulatory effect
on V genes used, and that chronic HIV infection may cause long-term disruption to
the T cell repertoire (Heather, Best, et al. 2016).

7.1.2 PENTA 11

The PENTA 11 study followed 109 children with HIV, 53 of whom were continuously
treated (CT) with ART, and 56 of whom received a PTI of 48 weeks. In a follow-up
three years after trial conclusion, no adverse consequences (clinical, virological, or
immunological) were observed (N. Klein et al. 2013). However, there were signifi-
cantly more minor clinical events, including both HIV-related and non-HIV-related,
in the children in the PTI group during the interruption, compared to the CT chil-
dren (Harrison et al. 2013). This may have been a strain on both the children and
carers in the PTI group. 50 clinical events were recorded from the 29 of the PTI
group patients during the study, while only 26 clinical events came from 15 of the
CT group patients. Despite this, practicalities like more clinic visits and restarting
the ART regimen after the interruption were more of a problem than the clinical
events (Harrison et al. 2013). The acceptability of PTIs as assessed by surveys was
generally good, with the majority of parents and children willing to have further
PTIs. For further details on the acceptability of PTIs, see Harrison et al. (2013)
and Klein et al. (2013).
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Molecular findings in PENTA 11

Further molecular analysis was undertaken to assess the HIV viral load, CD4+ and
CD8+ cell types, and in some cases the subpopulations of CD45RA+, CD45RO+,
and CD31 (for more details on CD45 see Section 1.4.5). The study found that the
CD4+ cell count decreased quickly in the first 12 weeks that the patients were off
ART, and these reductions affected both naïve and memory cells. The CD45RA+
and CD45RO+ ratios stayed constant during the cell count decline. Absolute CD8+
T cell count increased in that time period, which was largely due to an increase in
the CD8+CD45RO+ subpopulation. The authors concluded that the ART inter-
ruption caused rapid changes in both the CD4+ and CD8+ T cell populations, and
that these were likely to be due to a rise in cell turnover and activation (N. Klein
et al. 2013).

No child in either treatment group died, or was given a new diagnosis of ’severely
symptomatic’ HIV infection. Of the 56 patients in the PTI group, 19 were restarted
on ART before the 48 week interruption endpoint as they reached the other ART
restart criterion: their CD4% fell below 20% of WBC. Four patients were restarted
on ART for other reasons, including thrombocytopaenia, or the child feeling uncom-
fortable off ART (Castro 2010). The remaining PTI patients were restarted on ART
because they reached the 48 week designated study endpoint (N. Klein et al. 2013).
Sixteen patients had a second PTI at least 24 weeks after the first PTI (Castro
2010), though none of these patients are in this study.

HIV viral load increased rapidly in the PTI patients in the first few weeks off
treatment. This increase peaked around week 12 off-treatment, then plateaued until
the 48 week point. CD4+ cell count decreased rapidly in the PTI patient group over
the first three months, before stabilising. CD8+ cell count steadily rose for the first
two months of the interruption before starting to slowly reduce over the 40 weeks
remaining in the interruption. For the patients in the CT group, their CD4+ and
CD8+ cell counts stayed relatively stable over the study period (N. Klein et al. 2013).
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(a) HIV DNA copies/106 PBMC (b) CD8+ RA and RO

(c) CD4+ RA and RO

Figure 7.1: Findings from the original PENTA 11 study. Top left panel shows rela-
tive change in HIV viral load from the baseline (DNA copies/106 PBMC), and top
right panel shows change from the baseline (estimated through normal regression)
in CD8+ RA and RO T cell subpopulations. Lower panel shows the changes in
absolute numbers of CD4+ RA (left) and CD4+ RO (right) T cell subpopulations.
Figures from Klein et al. (2013).

Consideration of the change in PTI patients’ CD4+ and CD8+ T cell counts
in more detail shows aspects of the dynamics driving this change (see Figure 7.1).
Both naïve and memory CD4+ T cells were reduced in the first month off treat-
ment. However, during the interruption period, the ratio of CD4+CD45RA+ to
CD4+CD45RO+ stayed fairly steady in both the CT and PTI patients. The ab-
solute increase of CD8+ T cells in the PTI patients over the first two months of
the interruption was almost completely driven by a rapid rise of CD8+CD45RO+
cells. This occurred alongside a minimal but consistent decrease in CD8+CD45RA+
cells. After these dynamic eight weeks, the proportion of CD8+CD45RA+ to
CD8+CD45RO+ cells stayed fairly steady for the remaining 40 weeks of the study.
(N. Klein et al. 2013).

The most likely explanation of the rapid expansion of CD45RO+ CD8+ T cells
presented by the authors is the expansion of T cell clones associated with HIV (N.
Klein et al. 2013). Clonal expansions may also be associated with other viruses
present in the patient, or a product of bystander activation: the activation of T cells
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through a mechanism other than TCR stimulation (Bangs et al. 2006). However,
the fact that this expansion was sustained for eight weeks suggests that the factor(s)
driving the expansion were persistently present (N. Klein et al. 2013).

Cellular markers Ki67 and HLA-DR showed that changes in the T cell subpopu-
lations of the PTI patients were consistent with immune activation and proliferation
(N. Klein et al. 2013; E. Lee et al. 2019). Immunologically, the greatest change ap-
pears in the first 8-12 weeks. It seems that this new equilibrium of CD4+ cells is
maintained concurrently with an increase in cell turnover through elevated CD4+
cell death and elevated cell proliferation, possibly accompanied by some changes in
the thymic output of CD4+ T cells (N. Klein et al. 2013).

By the end of the study, the PTI patients had recovered their absolute CD4+
counts and had suppressed their HIV viral loads to levels in line with the CT pa-
tients. For more details on the original PENTA 11 study and results, please see
Harrison et al. (2013) and Klein et al. (2013).

7.1.3 Aims

The study uses TCR sequencing and analysis for detailed analysis of the TCR re-
ceptors of CD4+ naïve and CD8+ memory T cell types. There are two primary
aims of the present study:

• Improve understanding of the impact of planned ART interruptions in paedi-
atric patients on the TCR repertoire of the above cell populations

• Characterise any long-term effects of the interruption on the TCR repertoire

Specific areas of investigation within these aims are diversity, clonality, within-
patient sequence persistence, the prevalence of public clonotypes in this setting, and
the differential use of V and J gene segments. This will be done both through TCR
repertoire analyses of the patients having the interruption over the study trajectory,
as well as comparison of these patients with the continuously treated patients. There
are currently no published data showing the effect of a PTI on the TCR repertoire
in HIV+ adults or children, including on the effect of a PTI on αβ TCR diversity.
It is also not known how CDR3 clonotypes persist, expand, or are shared within or
between paediatric patients before, during, and after the PTI. There is also some
evidence of variation of the genes used in TCRs both between HIV+ and HIV- in-
dividuals, and in HIV+ individuals before and after commencing ART (Cossarizza
et al. 2004; Heather, Best, et al. 2016; Hernández et al. 2018), but it is not known
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whether this may also occur during PTI.

This study can begin to contribute understanding of these areas. The results of
this study will then provide further insight into the advisability and the short and
long-term effects of planned ART interruptions in children. While caution should
be used in extrapolating these findings to other settings, e.g. settings with poor
treatment adherence, these analyses and comparisons also permit some insights as
to the likely effects of unplanned treatment interruptions.

7.2 Materials, methods, and patients

Laboratory and bioinformatic methods were performed as described in Section 2.5.1
and Appendix G.

In this study, CD4+ naïve and CD8+ memory T cells were the two subpopula-
tions analysed and the α and β chains were sequenced. These subpopulations will
be referred to simply as CD4+ and CD8+, but in this chapter those notations will
refer to CD4+ naïve and CD8+ memory T cells unless otherwise specified.

At the outset of the present study there were samples from four time points from
the PTI patients: weeks 0, 12, 48, and 150. Week 0 is the baseline, at the start
of treatment interruption. Weeks 12 and 48 were collected during the interruption,
week 48 just before the end of the PTI and resumption of ART. Patient K was an
exception to the other three PTI patients, and they resumed ART after 24 rather
than 48 weeks, as their CD4+ count dropped into the threshold for ART resump-
tion. From here, all the second interruption samples will be labelled as week 48 for
consistency.

The week 150 sample was collected three years after the study ended, so although
there was slight variation between the patients they had been back on ART for at
least three years. CT patient samples were collected on the same time scale, though
omitting the week 12 sample.

7.2.1 Analysis methods

The sequencing was performed on T cell subpopulations. Several samples yielded
poor read counts. In order to minimise the effect of stochastic variation caused by
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the low read count, samples with fewer than 1,000 reads were excluded from the
majority of the further analyses. The read count for each sample can be seen in
Table 7.1.

The week 12 CD4+ samples from patients L and T and the week 48 samples from
patients F and V were re-sequenced due to low read count according to the method
given in Appendix G. As they yielded a higher read count, these re-sequenced sam-
ples were used for all analyses.

Fewer time points were available for the CT patients. For patients F and V there
were three time points, W0, W48, and W150. Only samples from W0 and W150
were available from patients D, E, and P, and only CD4+ samples were available
from patient D. Due to the lower number of time points, limited attention will be
given to the CT samples, and they will not be included in all analyses.

469



Table 7.1: Read count for each sample in the PENTA 11 study. W gives the week
of sample collection, e.g. W0 is week 0.

Patient Group Chain Cell W0 W12 W48 W150
QUK PTI a CD4+ 7241 11444 3583 15158
QUK PTI b CD4+ 19185 23419 8245 30372
QUK PTI a CD8+ 22766 47664 13035 15905
QUK PTI b CD8+ 65450 93492 39923 24688
QUL PTI a CD4+ 22489 2575 774 32605
QUL PTI b CD4+ 44119 6063 2319 61060
QUL PTI a CD8+ 21265 52937 6596 5614
QUL PTI b CD8+ 33267 98149 20932 9047
QUQ PTI a CD4+ 1729 8123 2420 32576
QUQ PTI b CD4+ 2157 26237 199 323
QUQ PTI a CD8+ 24993 12344 14389 31832
QUQ PTI b CD8+ 39346 42021 2762 51338
QUT PTI a CD4+ 56126 2611 21286 29317
QUT PTI b CD4+ 41511 5083 21309 224
QUT PTI a CD8+ 6186 2670 551 55017
QUT PTI b CD8+ 1530 6719 1102 73837
QUD CT a CD4+ 606 NA NA 3165
QUD CT b CD4+ 2224 NA NA 4173
QUE CT a CD4+ 174 NA NA 12346
QUE CT b CD4+ 16430 NA NA 29032
QUE CT a CD8+ 5991 NA NA 20353
QUE CT b CD8+ 31224 NA NA 34882
QUF CT a CD4+ 1011 NA 424 57515
QUF CT b CD4+ 1870 NA 648 80019
QUF CT a CD8+ 1942 NA 282 11428
QUF CT b CD8+ 2888 NA 527 19438
QUP CT a CD4+ 5152 NA NA 3083
QUP CT b CD4+ 28052 NA NA 6535
QUP CT a CD8+ NA NA NA 3165
QUP CT b CD8+ NA NA NA 61310
QUV CT a CD4+ 280 NA 81 3870
QUV CT b CD4+ 757 NA 2546 2820
QUV CT a CD8+ 1156 NA 3445 3753
QUV CT b CD8+ 6742 NA 1510 4077

The 14 samples highlighted in Table 7.2 were not used in the majority of fur-
ther analyses, but only used in the construction of Venn diagrams to show shared
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sequences.

Table 7.2: The 14 samples with insufficient reads for onward analysis.

Patient Group Chain Cell W0 W12 W48 W150
QUL PTI a CD4+ NA NA 774 NA
QUQ PTI b CD4+ NA NA 199 323
QUT PTI b CD4+ NA NA NA 224
QUT PTI a CD8+ NA NA 551 NA
QUD CT a CD4+ 606 NA NA NA
QUE CT a CD4+ 174 NA NA NA
QUF CT a CD4+ NA NA 424 NA
QUF CT b CD4+ NA NA 648 NA
QUF CT a CD8+ NA NA 282 NA
QUF CT b CD8+ NA NA 527 NA
QUV CT a CD4+ 280 NA 81 NA
QUV CT b CD4+ 757 NA NA NA

7.2.2 Bioinformatic analysis methods

The bioinformatic processing and analyses of this study were done using Decom-
binator (Section 1.4.13) in Python version 2.7.11, and R version 3.6.3. For details
on the main R packages used, please see Methods Section 2.6. For details on the
following statistical methods used, please see Introduction Sections 1.8.2 (Gini coef-
ficient), 1.8.2 (Shannon entropy). Scripts associated with this chapter are available
on GitHub (tessatten/PENTA) (Attenborough 2020).

Jensen-Shannon divergence

The Jensen-Shannon divergence was used to assess the divergence in V and J gene
usage when on ART and during the interruption. This was implemented in R, using
immunarch (Nazarov and Rumynskiy 2020). Clonotype abundance was not included
in the calculation of V and J gene usage.

7.3 Results

Among PTI patients, W0 gives the baseline, and W12 shows the early effects of the
interruption. The effect of the full PTI duration can be seen in W48, and W150
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shows the repertoire three years after cessation of PTI. Thus W12 and W48 com-
pared to W0 show the short-term effects of the PTI, and W0 and W150 may be
compared to see the long term effects. Where possible, comparison of W48 in CT
and PTI patients may show the short-term effects, and W0 and W150 comparison
in CT and PTI patients may show the long-term effects of ART interruption on
these HIV+ children.

7.3.1 Repertoire richness and evenness are perturbed by
treatment interruption

Repertoire diversity was examined using the Gini coefficient (see Section 2.7.1) and
Shannon entropy (see Section 2.7.2). Gini coefficient was included to estimate the
evenness of the samples, while Shannon entropy was used to summarise the richness
of the repertoires particularly. As previously discussed in Chapter 5 Section 5.5, the
discrepancy in reads assigned to each sample does lead to some challenges in the
analysis. For this reason, any sample with fewer than 1,000 reads was not presented
in this analysis.

There is a consistent difference between the CD4+ samples and the CD8+ sam-
ples particularly when assessed using the Gini coefficient. The raw data show that
CD4+ samples tend to have a large number of clonotypes, and the clonotypes tend to
have low frequencies. In contrast, CD8+ samples tend to have fewer clonotypes, and
some of the clonotypes have large expansions, often in the hundreds or thousands.
As the Gini coefficient calculates the score based on the inequality of frequency
distribution, CD8+ samples tend to have much higher Gini coefficient scores than
CD4+ samples.

Repertoire richness and evenness in CD4+ naïve T cells

The richness and evenness of the TCR repertoire in the CD4+ naïve T cells were
estimated using Gini coefficient and Shannon entropy to see how they differed in
the CT and PTI populations.
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Figure 7.2: Diversity as detected using the Gini coefficient and Shannon entropy in
the CD4+ T cell α chain (left) and β chain (right) samples. This boxplot uses stan-
dard Tukey representation; the box shows the interquartile range, and the median
is indicated by a line within the box.

Figure 7.2 shows the fluctuations in Gini coefficient throughout the study period.
For CT and PTI patients in both chains, the final sample had similar or lower Gini
coefficient compared to the initial sample. In the β chain only, the PTI patients
showed an increase in unevenness in the week 12 samples. Across both chains, the
PTI patients showed a progressive reduction in median Shannon entropy over weeks
0, 12, and 48, which recovered beyond the initial level in the week 150 sample. The
CT patients also showed an increase in Shannon entropy between weeks 0 and 150.

Repertoire richness and evenness in CD8+ memory T cells

The richness and evenness of the TCR repertoire in the CD8+ memory T cells were
estimated using Gini coefficient and Shannon entropy to see how they differed in
the CT and PTI populations.
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Figure 7.3: Diversity as detected using the Gini coefficient and Shannon entropy
in the CD8+ T cell α chain (left) and β chain (right) samples. This boxplot uses
standard Tukey representation.

The diversity of the CD8+ T cells can be seen in Figure 7.3. The Gini coefficient
is more stable over time in the CD8+ samples from the PTI patients compared to
the CD4+ samples, though there is some perturbation particularly in the β chain
samples. The PTI samples show consistently higher Gini coefficient compared to the
CT samples. The progressive reduction in Shannon entropy seen in the PTI CD4+
samples is not seen in the PTI CD8+ samples, although there is again perturbation
in the β chain samples. The week 0 and week 150 samples have similar median
Shannon entropy in the PTI group, and there is an increase over the same period
of the median Shannon entropy in the CT group.

Repertoire richness and evenness in after subsampling

To examine how the diversity estimations are affected by variable library size, the
samples were randomly subsampled by individual with ten repeats per sample (the
library sizes can be seen in Table 5.2), and plotted by Gini coefficient and Shannon
entropy.
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Figure 7.4: Subsampled diversity as detected using the Gini coefficient and Shannon
entropy in the CD4+ T cell α chain (left) and β chain (right) samples. This boxplot
uses standard Tukey representation. Ten subsamples are shown from each sample.

Figures 7.4 and 7.5 show the Gini coefficient and Shannon entropy of the sub-
sampled samples seen in Figures 7.2 and 7.3. The results are broadly similar, though
the diversity is lower and the variation more muted in the subsampled version. In
the CD4+ samples the primary difference is that the week 0 median for the PTI
patients is lower for both Gini coefficient and Shannon entropy. There is still an in-
crease in Gini coefficient and reduction in Shannon entropy during the interruption
indicating reduced evenness and richness in the TCR repertoire.
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Figure 7.5: Subsampled diversity as detected using the Gini coefficient and Shan-
non entropy in the CD8+ T cell α chain (left) and β chain (right) samples. This
boxplot uses standard Tukey representation. Each circle represents a sample. Ten
subsamples are shown from each sample.

In the CD8+ samples there is also little difference in the pattern between the
raw and subsampled diversity estimations, especially in the PTI samples. The me-
dian Gini coefficient in PTI patients is still higher than that of the CT patients in
week 0, and this remains throughout the study so that median Gini coefficient in
PTI patients is above that of the CT patients at week 150. The median Shannon
entropy also is below that of the CT patients initially, and remains fairly static over
time. The median Shannon entropy in PTI patients is still below that of the CT
patients at week 150.

There is a disruption in both the richness and evenness of the TCR repertoire
over the interruption period, particularly in the CD4+ naïve T cells. In the CD4+
cells this appears to have resolved by three years after the interruption. The CD8+
memory cells appear less affected by the treatment interruption, but the repertoire
of the PTI patients three years after the interruption shows lower richness and even-
ness compared to the CT patients.
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Comparison of diversity in the raw and subsampled data shows the same general
patterns. Thus the raw data will be used in the remainder of the analysis in order
to minimise data loss and avoid introducing bias (McMurdie and S. Holmes 2014;
A. D. Willis 2019). For reference, the Gini coefficient and Shannon entropy, both
raw and subsampled, for each patient can be seen in Appendix Y.

7.3.2 Treatment interruption is associated with an tempo-
rary increase in clonality in the TCR repertoire

The clonality of each sample was assessed by creating five categories of abundance,
and calculating the proportion of a given sample composed of each of these cate-
gories. The CT and PTI patient groups were compared by the proportion of their
initial and final samples in these different clonality groups.

(a) CD4+ α (b) CD4+ β

(c) CD8+ α (d) CD8+ β

Figure 7.6: The proportion of PTI and CT samples composed of clonotypes from a
range of clonality categories. The height of the bars indicates the mean, and each
circle represents a sample. 95% confidence interval (CI) bars are overlaid. P-value
of the Kruskal-Wallis test comparing the difference between each group of means is
shown above the clonotype size.

Figure 7.6 shows how the distribution of clonality differs between CT week 0, CT
week 150, PTI week 0, and PTI week 150 samples. Thus in each panel each colour
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adds up to 100%, and represents the mean percentage of the samples in that group
that were composed of rare, small, medium, large, and hyperexpanded clonotypes.
In the CD4+ samples, the PTI patient samples show a higher mean percentage of
the samples composed of small clonotypes compared to the CT patients, both be-
fore and after the treatment interruption. Furthermore, this percentage is higher
after the interruption than to before. In the CD8+ samples the PTI patient samples
show a higher mean percentage of the sample made up of hyperexpanded clonotypes
compared to the CT patients, again this is consistent on both time points. In the
CT patients, a greater percentage of the week 0 samples is composed of large clono-
types, while a greater percentage of the week 150 samples is composed of medium
clonotypes. There is no marked difference between the week 0 and 150 samples from
the PTI patients.

(a) CD4+ α (b) CD4+ β

(c) CD8+ α (d) CD8+ β

Figure 7.7: The proportion of PTI patient samples when off or on ART composed of
clonotypes from a range of proportional clonality categories. The height of the bars
indicates the mean, and each circle represents a sample. 95% confidence interval (CI)
bars are overlaid. P-value of the Wilcoxon rank sum test comparing the difference
between each pair of means is shown above the clonotype size.

The difference in clonality between PTI patient samples on and off ART can be
seen in Figure 7.7. In the CD4+ samples for both the α and β, in the off-ART
samples, the percentage of the samples composed of small clonotypes is lower and
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medium clonotypes is higher. In the on-ART samples, this pattern is reversed. For
the CD8+ β samples, the percentage of the samples composed of large or hyper-
expanded clonotypes is greater in the off-ART samples than the on ART samples.
In the α chain this is also seen for large clonotypes. The mean percentage of small
and medium clonotypes in on-ART samples was higher in both chains than in the
off-ART samples.

Clonal expansions in CD4+ naïve T cells may derive from different mech-
anisms

Clonal expansions in CD4+ naïve T cells are generally between 1 and 5 (Greef et al.
2020), but expansions greater than this were seen in the CD4+ naïve samples from
all four PTI patients. The sizes of the largest clonal expansion for each patient can
be seen in Table 7.3.

Table 7.3: The size of the largest clonal expansion at any time point in the CD4+
naïve samples, by α and β chain.

Patient α β

K 7 8
L 19 12
Q 17 13
T 65 20
D 9 9
E 7 9
F 23 17
P 14 18
V 27 80

In this study, all the patients had clonal expansions greater than five copies in
both chains. To investigate further the source of these clonal expansions, the at-
tributes of the top ten most abundant CDR3 sequences from the PTI patients with
the largest CD4+ naïve expansions were collated. These can be seen in Table 7.4.
An investigation of how VDJ and CDR3 clonotypes relate to each other more gen-
erally can be seen in Chapter 5 Section 5.4.2.
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Table 7.4: The top 10 most absolutely abundant CDR3 sequences from the CD4+
naïve α samples of patient T. Where there are multiple entries for a sequence, the
clonotype was derived from multiple V/insert/J combinations. Top most abundant
was defined as the week in which the clonotype had the highest absolute read count.

CDR3 Sequence Week(s) Frequency V region J region
CAASRSGTGNQFYF 48 65 TRAV13-1 TRAJ49
CAARTGTASKLTF 0, 48 55 TRAV13-1 TRAJ44
CAAMGAAGNKLTF 48 54 TRAV13-1 TRAJ17
CAAMGAAGNKLTF 48 1 TRAV39 TRAJ17
CAASIDFNKFYF 48 52 TRAV13-1 TRAJ21
CAASRTDGGSQGNLIF 48 1 TRAV35 TRAJ42
CAASRTDGGSQGNLIF 48 50 TRAV13-1 TRAJ42
CAASLAPSGAGSYQLTF 48 49 TRAV13-1 TRAJ28
CAASTLLGTYKYIF 48 1 TRAV23/DV6 TRAJ40
CAASTLLGTYKYIF 48 47 TRAV13-1 TRAJ40
CAVSVITGGGNKLTF 48 23 TRAV8-2 TRAJ10
CAVSVITGGGNKLTF 48 2 TRAV8-6 TRAJ10
CAVSVITGGGNKLTF 48 22 TRAV8-6 TRAJ10
CAASSQTSYDKVIF 48 43 TRAV13-1 TRAJ50
CAALDQAGTALIF 48 41 TRAV13-1 TRAJ15
CAALDQAGTALIF 48 1 TRAV13-1 TRAJ15

As shown in Table 7.4, five of the ten largest clonal expansions appeared to come
from a single VDJ recombination event, and the other five from two or three different
recombination events. The majority of these sequences used TRAV13-1, which was
the most commonly used α V region. There was a less clear pattern across J gene
usage, and only one of these top ten sequences used TRAJ49, the most commonly
used α J region.

7.3.3 Clonotypes persist within patients over time despite
treatment interruption

The top 10 clonotypes are persistent in CD8+ T cells

To examine both the clonality of the most abundant sequences in a patient’s samples
over the study period, and to quantify the consistency of these clonotypes, the top
ten most abundant clonotypes in each sample were plotted as a percentage of the
reads in the sample by PTI patient. The CD4+ samples can be seen in Figures 7.8
and 7.9, and the CD8+ samples can be see in Figures 7.10 and 7.11.

480



Top 10 clonotypes in CD4+ naïve T cells
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Figure 7.8: The top 10 most abundant clonotypes in each CD4+ α sample by
percentage of the sample for each of the PTI patients. The clonotypes which are
among the top 10 most abundant in multiple time points are linked by a line.
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Figure 7.9: The top 10 most abundant clonotypes in each CD4+ β sample by
percentage of the sample for each of the PTI patients. See Figure 7.8 for more
description.

In the CD4+ samples shown in Figures 7.8 and 7.9, most of the top clonotypes are
not persistent: they are not in the top 10 at multiple time points. However, in
patients K and T, several clonotypes do persist in the top 10 in several time points.
The percentage of the sample these top clonotypes constitute is variable both be-
tween patients and time points.
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Top 10 clonotypes in CD8+ memory T cells
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Figure 7.10: The top 10 most abundant clonotypes in each CD8+ α sample by
percentage of the sample for each of the PTI patients. See Figure 7.8 for more
description.
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Figure 7.11: The top 10 most abundant clonotypes in each CD8+ β sample by
percentage of the sample for each of the PTI patients. See Figure 7.8 for more
description.

In contrast to the CD4+ samples, the CD8+ samples (shown in Figures 7.10 and
7.11) demonstrate a high degree of persistence in the top 10 most abundant clono-
types over the study period. As percentages of the sample, many of the clonotypes
decay over time, with some increasing after the interruption. The percentages of
the sample occupied by the top clonotypes indicate significant clonal expansion.
The proportion of the sample composed of these clonotypes is higher in the β than
the α chain samples. In several patients, particularly K and L, the percentages of
the sample constituted by these top 10 clonotypes rise at week 12 and fall at week 48.

Large percentages of clonotypes are shared between successive samples
within PTI patients

For the PTI patients, the CDR3 sequences at each time point were compared within
each patient to discover the number of CDR3 sequences in common, and the per-
centage of the sample composed of shared sequences. This does not include the
abundance of the clonotypes, but tracks their presence in pairs of samples. The
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shared percentage refers to the percentage of clonotypes in the second sample which
were also in the first sample of any pair. Each sample was used as the focal sample in
turn. Temporally earlier samples were connected below the line, while later samples
were connected above the line. Figure 7.12 shows the CD4+ α samples.
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Shared clonotype percentages in CD4+ naïve T cells
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(a) Patient K CD4+ α.
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(b) Patient L CD4+ α.
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(c) Patient Q CD4+ α.
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(d) Patient T CD4+ α.

Figure 7.12: Percentage of clonotypes shared between each CD4+ α sample within
PTI patients. Each panel represents the findings for a specific PTI patient. Each
line graph depicts the extent of clonotype sharing between a focal time point in that
patient’s trajectory and the other time points. The number of CDR3 clonotypes in
that focal time point’s sample is indicated above it. Focal time points run from first
to last, from the bottom of the panel to the top. The extent of clonotype sharing
is indicated by colour coding as indicated in the key, redder colours indicating less
sharing and bluer ones indicating more sharing.

Figure 7.12 shows that the percentage of sharing between timepoints is variable be-
tween the patients in the CD4+ α samples (e.g. patients Q and T). In some cases,
such as in patient K, sharing is less between temporally closer timepoints.
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(a) Patient K CD4+ β.
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(b) Patient L CD4+ β.
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(c) Patient Q CD4+ β.
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(d) Patient T CD4+ β.

Figure 7.13: Percentage of clonotypes shared between each CD4+ β sample within
PTI patients. See Figure 7.12 for further description.

Similarly to the CD4+ α samples, the CD4+ β samples seen in Figure 7.13 ex-
hibit variability of sharing both within and between patients. In many cases, there
seems to be a lower percentage of sharing from week 0 to the interruption time
points (weeks 12 and 48) than there is to the final sample at week 150.
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Shared clonotype percentages in CD8+ memory T cells
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(a) Patient K CD8+ α.
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(b) Patient L CD8+ α.
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(c) Patient Q CD8+ α.
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(d) Patient T CD8+ α.

Figure 7.14: Percentage of clonotypes shared between each CD8+ α sample within
PTI patients. See Figure 7.12 for further description.

The CD8+ α samples seen in Figure 7.14 show much greater between sample shar-
ing than the CD4+ samples. For some but not all patients, there is more sharing
between the on-ART samples (weeks 0 and 150) and between the two interruption
weeks (12 and 48).
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(a) Patient K CD8+ β.
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(b) Patient L CD8+ β.
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(c) Patient Q CD8+ β.
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(d) Patient T CD8+ β.

Figure 7.15: Percentage of clonotypes shared between each CD8+ β sample within
PTI patients. See Figure 7.12 for further description.

The CD8+ β samples can be seen in Figure 7.15 to exhibit a similar level of
sharing to the CD8+ α samples. However, in these samples, there is generally a
higher percentage of sharing from the interruption time points to week 150 than
there is from week 0.

Clonotypes are shared over time and can be observed fluctuating in rel-
ative abundance

To understand better both the broad movements of the changes over time, and also
to examine the dynamics of shared clonotypes, sequential sharing plots were cre-
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ated. As seen in Chapter 6, there is a trend towards a greater proportion of sharing
between α chain samples than β chain samples. The differential abundance pat-
terns of clonotypes in the CD4+ naïve and CD8+ memory cells is also evident, with
greater percentages of samples shared and larger clonal expansions in the CD8+
memory cells. For details on the preparation of the sequential sharing plots, please
see Section 2.9.2.
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Sequential clonotype sharing in CD4+ naïve T cells
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(a) Patient K α chain CD4.
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(b) Patient K β chain CD4.

Figure 7.16: Clonotypes shared over time in Patient K’s CD4+ samples; (a) shows
α chain, (b) shows β chain. Each bar represents a sample, with the months after
transplant indicated on the left. The composition is presented as a percentage.
White space shows the percentage of the sample which is unique to that sample.
Coloured sections indicate clonotypes seen in at least two samples from the patient.
The grey joining lines show clonotypes which are shared between consecutive pairs
of samples.

The majority of shared clonotypes from patient K’s CD4+ T cells, seen in Figure
7.16, occur at low frequency. In the α chain, between 10%-15% of the samples were
made up of clonotypes shared between time points. For the β chain, it was 3%-4.5%
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of the samples. Both chains showed a high degree of consistency of sharing between
time points, though W48 has the higher percentage of sharing in both chains.
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Figure 7.17: Clonotypes shared over time in Patient L’s CD4+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

For both the α and β chains of Patient L’s samples, seen in Figure 7.17, the
shared clonotypes made up a smaller proportion of the samples before and after
the treatment interruption. These clonotypes also generally appeared at a low fre-
quency. Shared clonotypes made up 7.5%-12.5% of the samples in the α chain, and
2%-4% of the samples in the β chain. Although the treatment interruption samples
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display the highest levels of overall sharing, very little is shared between the two
interruption samples: only four clonotypes between W12 and W48 in the β chain.
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Figure 7.18: Clonotypes shared over time in Patient Q’s CD4+ α chain samples.
See Figure 7.16 caption for further description

Patient Q showed the most variability of sharing between time points of all the
PTI patients (see Figure 7.18). W48, during the treatment interruption, showed
overwhelmingly the most sharing with other time points: 52.5% of the clonotypes
in the α chain were shared with at least one of the other samples. Many of these
shared clonotypes were present as low proportions of the samples. W0 showed 37.5%
sharing with other samples; W0 and W48 showed a comparatively high percentage
of sharing given the standard composition of the CD4+ TCR repertoire and the
other patient results.
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(a) Patient T α chain CD4.
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Figure 7.19: Clonotypes shared over time in Patient T’s CD4+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

The majority of shared clonotypes in patient T’s CD4+ samples made up a small
proportion of the sample, and occurred at low frequency, as seen in Figure 7.19. In
the α chain, 13%-20% of the samples were made up of clonotypes shared between
time points. For the β chain, it was approximately 1%-2.5% of the samples. In the
α chain, there was a higher percentage of shared samples in the two treatment in-
terruption samples. However, as with patient L, there were fewer clonotypes shared
between the two treatment interruption samples, compared to the many shared
clonotypes between W0 and W12, and W48 with W150.
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Sequential clonotype sharing in CD8+ memory T cells

Figures of the same style were generated to examine the CD8+ TCR repertoire. In
both the PTI and CT groups, the patients displayed a very high degree of shared
TCR sequences over the course of the study.
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(a) Patient K α chain CD8.
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Figure 7.20: Clonotypes shared over time in Patient K’s CD8+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

Sequential sharing plots for patient K (Figure 7.20) show that the majority of
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each sample is shared with at least one other sample. For the α chain, approximately
70% - 82% of each sample is made up from clonotypes found in other time points.
For the β chain, this is 76% - 85.7% of the samples. These shared portions of the
samples are made up of a mix; some clonotypes make up a small percentage of the
samples, while others can be up to 20% of a complete sample. The percentage of
sharing is approximately equal across the samples, regardless of treatment status.
The most dominant clonotype in the β varies between over 20% of the sample in
W0, to around 10% of the sample at W12. This coincides with expansions of other
clonotypes at W12, as well as an increase in the proportion of the sample composed
of unique clonotypes. The pattern of shared percentages over time was consistent
between the CD4+ and CD8+ samples in patient K.
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(a) Patient L α chain CD8.
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Figure 7.21: Clonotypes shared over time in Patient L’s CD8+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

Patient L also shows, in Figure 7.21, a high percentage of sharing between time
points. Shared clonotypes made up 70%-87.7% of the samples in the α chain, and
65.7%-82.2% of the samples in the β chain. Like patient K, for patient L some
of these shared clonotypes remain at a minimal percentage throughout the time,
while others are consistently a significant proportion of the sample. Many clono-
types change over time in terms of their relative frequency. These results are quite
similar to the CD8+ sequential sharing for patient K, which showed approximately
as much sharing between the treatment interruption time points as with the time
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points before and after the interruption.
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(a) Patient Q α chain CD8.
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(b) Patient Q beta β CD8.

Figure 7.22: Clonotypes shared over time in Patient Q’s CD8+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

The CD8+ sequential sharing for patient Q, seen in Figure 7.22, shows a greater
clonotype sharing than their respective CD4+ sequential sharing. In the CD4+ se-
quential sharing, W48 showed a much higher percentage of sharing than the other
time points, especially W12 and W150. Here, the percentage of shared clonotypes
was less than 13.7% for α chain W48, while it ranged between 80% - 89.8% for the
other three time points. The β chain was similar to the CD8+ sequential sharing
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for patients K and L: consistently high sharing between all the samples, with the
shared percentage ranging between 82.4% and 90.9%. As with the other patients,
some clonotypes consistently persisted at low percentages, some varied over the time
points, and some made up a significant percentage of the sample at every time point.
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150

48

12

0

10 20 30 40 50 60 70 80 90 100
Cumulative % of Sample

W
ee

k

Shared Clonotypes Patient T CD8+ β chain
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Figure 7.23: Clonotypes shared over time in Patient T’s CD8+ samples; (a) shows
α chain, (b) shows β chain. See Figure 7.16 caption for further description

There was approximately 50% or more of sharing in the majority of the samples
of patient T (see Figure 7.23). However, the percentages were generally less than in
the other three patients. In the α chain, shared clonotypes made up 49.3% - 74.2%
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of the samples, while shared samples made up 2.4% - 78.6% of the β chain samples.
The W0 β chain sample had an unusually high percentage of unique clonotypes,
97.6%. The pattern in the α samples mirrored the pattern in the CD4+ α samples:
shared samples made up a higher percentage of the treatment interruption samples.
In the β chain, the treatment interruption samples also had a higher percentage of
shared sequences than the pre and post interruption samples.

These comparisons were also performed for the patients who had not undergone
an ART interruption, though there were fewer time points. These figures can be
seen in Appendix AB.

7.3.4 Bioinformatic spectratyping shows little change over
the interruption period

Bioinformatic spectratyping for the β chain was used to assess whether the inter-
ruption affected the distribution of CDR3 lengths, as spectratyping (Section 1.4.11)
is a widely-used method to monitor the TCR repertoire (Fozza et al. 2017). As an
example, CDR3 length data for patient K are presented for CD4+ (Figure 7.24) and
CD8+ (Figure 7.25) T cells.
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(a) Week 0 (b) Week 12

(c) Week 48 (d) Week 150

Figure 7.24: Spectratyping of CDR3 amino acid lengths of the CD4+ β chain sam-
ples from patient K.

For both CD4+ (Figure 7.24) and CD8+ (Figure 7.25) T cells, there was very
little change over time in the spectratyping, despite the variable counts at these dif-
ferent times. Further analysis of additional patients was therefore deemed unlikely
to be rewarding.
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(a) Week 0 (b) Week 12

(c) Week 48 (d) Week 150

Figure 7.25: Spectratyping of CDR3 amino acid lengths of the CD8+ β chain sam-
ples from patient K.

7.3.5 Public clonotypes can be identified within the PTI
group

Venn diagrams were built to show the number of shared sequences between each
patient, using raw data to incorporate all sequences (Figures 7.26 and 7.27). There
is no attempt here to make areas within the diagrams proportional to the numbers
of sequences shared (or not shared) across the patient group, which are stated nu-
merically.
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Clonotype overlap in CD4+ naïve T cells
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Figure 7.26: Shared sequences between patients K, L, Q, and T for CD4+ α (left)
and β (right) T cells. Purple shows K, green shows Q, yellow shows T, and blue
shows L. The number in each area indicates the number of CDR3 sequences shared
between each combination of patients.
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Clonotype overlap in CD8+ memory T cells
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Figure 7.27: Shared sequences between patients K, L, Q, and T for CD8+ α (left)
and β (right) T cells. See Figure 7.26 for more description.

Figures 7.26 and 7.27 show that in both CD4+ and CD8+ α and β chain samples,
small numbers of CDR3 sequences are shared between all four PTI patients. More
were shared between CD4+ samples than CD8+ samples, and more were shared
between α chain samples than β chain samples. In general, these are greatly out-
numbered by sequences unique to one patient, or to a lesser extent shared by two.

7.3.6 Predominance of public clonotypes varies between in-
dividual patients

Some tens, occasionally hundreds or more, of clonotypes are shared across multiple
patients in this study, as demonstrated in the previous section. To examine the
sharing patterns of each patient’s clonotypes with other patients at the outset of the
study, the top ten most abundant clonotypes in the week 0 sample for each patient
were plotted, and where these clonotypes were also present in later samples from
that patient or in samples from other patients they were visualised in Figures 7.28,
7.29, 7.30, and 7.31 (CD4+), and Figures 7.32, 7.33, 7.34, and 7.35 (CD8+). This
analysis was only performed for patients with at least two samples in the given T cell
subset. The purpose of this analysis is both to characterise the degree and patterns
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of clonotypes between and within the HIV+ paediatric patients, and to compare
these patterns between the PTI and CT patients.

Between- and within-patient clonotype sharing in CD4+ naïve T cells

The persistence of the top ten clonotypes from the start of the study with each
patient, as well as whether those clonotypes were present in other patients could be
compared for the CT and PTI patients’ CD4+ naïve T cells.

(a) Patient F (b) Patient P

Figure 7.28: Top ten clonotypes in week 0 CD4+ α chain samples from CT patients
which are shared with other samples within the patient and with other patients.
The top 10 clonotypes are identified by colour and the CDR3 sequence is given in
the legend. The x axis indicates the samples by patient initial, week of the study,
and T cell type. The y axis shows the clonotype abundance by proportion of each
sample.

Figure 7.28 shows the top ten clonotypes in the week 0 CD4+ α chain samples
of CT patients F and P. Patient F’s W0 sample shared more top clonotypes with
the samples from patients P and Q than with the W150 sample from patient F.
Similarly, patient P’s W0 sample shared more top clonotypes with patients F and
Q than with their own week 150 sample.

505



(a) Patient K (b) Patient L

(c) Patient Q (d) Patient T

Figure 7.29: Top ten clonotypes in week 0 CD4+ α chain samples from PTI patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

The PTI patient sharing from CD4+ α chain week 0 samples can be seen in Fig-
ure 7.29, and shows considerable variety in sharing between the patients. Patient
Q shares little of their top ten clonotypes with their later samples, or with other
patients. However, the top clonotypes at week 0 in the other patients, particularly
K and T, are seen in later samples from those individual patients, and also in most
of the samples from other patients in the study.
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(a) Patient D (b) Patient E

(c) Patient F (d) Patient P

Figure 7.30: Top ten clonotypes in week 0 CD4+ β chain samples from CT patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

Figure 7.30 shows the top ten clonotypes in the week 0 CD4+ β chain samples
of CT patients D, E, F, and P. Patients D and F particularly share little of their
top clonotypes with any other samples, including their own later samples. Some
of patient E’s top clonotypes make up a larger proportion of patient D’s week 0
sample than patient E’s. Patient P’s W0 top clonotypes are also seen in their week
150 sample, as well as in many of the other patients’ samples.
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(a) Patient K (b) Patient L

(c) Patient Q (d) Patient T

Figure 7.31: Top ten clonotypes in week 0 CD4+ β chain samples from PTI patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

The PTI patient sharing from CD4+ β chain week 0 samples can be seen in
Figure 7.31, and again shows considerable variety in sharing between the patients.
Patient Q’s top clonotypes in week 0 are seen in much smaller proportions in other
study samples. Many of patient K’s top clonotypes are seen in other samples, both
from patient K and other patients. Patient L and T both show sharing with other
samples, but most of this comes from only one or two of their top clonotypes.

Between- and within-patient clonotype sharing in CD8+ memory T cells

The persistence of the ten most abundant clonotypes from the start of the study
with each patient, as well as whether those clonotypes were present in other patients
could also be compared for the CT and PTI patients’ CD8+ memory T cells.
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(a) Patient E (b) Patient F

(c) Patient V

Figure 7.32: Top ten clonotypes in week 0 CD8+ α chain samples from CT patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

Figure 7.32 shows the top ten clonotypes in the week 0 CD8+ α chain samples
of CT patients E, F, and V. Clonotypes from the week 0 samples of patients E and
F are seldom shared with other samples, even their own later samples. Patient V’s
top clonotypes make up a greater proportion of other samples, both of their later
samples and that of other patients, though one clonotype makes up most of the
sharing with patient Q.
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(a) Patient K (b) Patient L

(c) Patient Q (d) Patient T

Figure 7.33: Top ten clonotypes in week 0 CD8+ α chain samples from PTI patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

The PTI patient sharing from CD8+ α chain week 0 samples can be seen in
Figure 7.33. In all four cases, the patients’ top clonotypes in week 0 are most exten-
sively shared with their own later samples. This is in contrast to the CD4+ samples
shown in Figures 7.29 and 7.31.
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(a) Patient E (b) Patient F

(c) Patient V

Figure 7.34: Top ten clonotypes in week 0 CD8+ β chain samples from CT patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

Figure 7.34 shows the top ten clonotypes in the week 0 CD8+ β chain samples of
CT patients E, F and V. Patient F shows the most sharing with their own week 150
sample. The week 0 top clonotypes from patient E make up a bigger proportion of
patient P’s W150 sample than patient E’s W150 sample. The top week 0 clonotypes
from patient V are seen in all of patient Q’s samples. In four cases these clonotypes
make up a greater proportion than they do in the later samples from patient V.
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(a) Patient K (b) Patient L

(c) Patient Q (d) Patient T

Figure 7.35: Top ten clonotypes in week 0 CD8+ β chain samples from PTI patients
which are shared with other samples within the patient and with other patients. See
Figure 7.28 for further description.

The PTI patient sharing from CD8+ β chain week 0 samples can be seen in
Figure 7.35. Generally, the samples with the greatest proportion of the week 0
clonotypes were again the later samples of the same individual patients, although
patient Q’s top clonotypes are closely shared with the week 0 sample from patient
V. Patient T does not follow this pattern, and their top clonotypes in week 0 are
mostly not seen in their later samples, though two of their top clonotypes make up
a comparatively large proportion of the samples from patient L.

7.3.7 Gene usage divergence shows that patient samples are
generally most similar within patients

Jensen-Shannon divergence was calculated based on V and J gene usage in the PTI
patient samples, and used to estimate the similarity of gene usage between samples.
Figure 7.36 shows the Jensen-Shannon divergence in the V and J genes of the CD4+
α chain samples.
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Gene usage divergence in CD4+ naïve T cells
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(b) CD4+ α J gene Jensen-Shannon divergence

Figure 7.36: Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD4+ α chain samples. Colouring closer to blue indicates greater
similarity, and closer to yellow indicates greater divergence based on gene usage;
specific scales for the V and J regions are indicated in the legend.

For both the V and J genes, there is greater similarity within patients than between,
particularly in patient K. Patient Q’s week 0 sample for both regions, and patient
T’s week 48 sample in the V gene usage, show less similarity both within and be-
tween patients.
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Figure 7.37: Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD4+ β chain samples. See Figure 7.36 for further description.

The within-patient similarity is greater than the between-patient similarity in
the V and J genes of the CD4+ β chain samples (Figure 7.37), especially in patients
K and L. Again, patient T’s week 48 sample was more dissimilar to the other sam-
ples, particularly those of patient L and Q, though more similar to patient K’s.
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Gene usage divergence in CD8+ memory T cells
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(b) CD8+ α J gene Jensen-Shannon divergence

Figure 7.38: Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD8+ α chain samples. See Figure 7.36 for further description.

The V and J gene usage in the CD8+ α chain samples are shown in Figure 7.38.
As with CD4, patient K’s samples were most similar to each other; and this could
be seen to a lesser degree in the other patients. The samples from patients Q and L
were most dissimilar to each other for J gene usage, though for V gene usage, the
samples of patients K and L were most dissimilar.
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(b) CD8+ β J gene Jensen-Shannon divergence

Figure 7.39: Jensen-Shannon divergence calculated from the V and J gene region
usage in PTI CD8+ β chain samples. See Figure 7.36 for further description.

The sample similarity as calculated by Jensen-Shannon divergence in the V and
J genes of the CD8+ β chain samples can be seen in Figure 7.39. While for the
V region there is evidently more within- than between-patient similarity, for the J
genes patients K and T show greater similarity with each other than patients L and
Q show with their own samples.
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7.3.8 Treatment interruption is associated with V and J re-
gion use disruption

There are a large variety of V and J gene segments used in V(D)J recombination,
and α and β chains use different ranges of possible V and J gene segments. In other
words, there is recombination, which is one of the ways in which diversity is gen-
erated in the formation of TCRs. V and J gene segment use is not random (Roth
2014), and was compared in the PTI patients on and off ART to assess whether the
treatment interruption skewed the patterns of V or J gene region usage. Abundance
was not included in this analysis, and statistical testing was not done due to the
small sample size. Differential expression is therefore indicative rather than con-
firmed, and was done by visual comparison.
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CD4+ T cell gene usage

(a) CD4+ α V gene regions

(b) CD4+ α J gene regions

Figure 7.40: V and J gene region usage in PTI CD4+ α chain samples. Usage
is calculated as the proportion of clonotypes in the sample using the gene region.
Boxplots follow standard Tukey representation.

Figure 7.40 shows the differential V and J gene usage in the PTI CD4+ α sam-
ples. While some regions are similar, there is differential expression of some re-
gions between the on- and off-treatment samples. V regions TRAV8-1, TRAV41
and TRAV27, and J regions TRAJ52, TRAJ41, TRAJ42, and TRAJ34 compose a
greater proportion of clonotypes in off-treatment samples. V regions TRAV21 and
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TRAV9-2 and J regions TRAJ47, TRAJ31, and TRAJ20 compose a greater propor-
tion of clonotypes in on-treatment samples.

(a) CD4+ β V gene regions

(b) CD4+ β J gene regions

Figure 7.41: V and J gene region usage in PTI CD4+ β chain samples. See Figure
7.40 for further description.

Figure 7.41 shows the differential V and J gene usage in the PTI CD4+ β samples.
Some regions are differentially expressed between on- and off-treatment samples, in-
cluding V regions TRBV12-4 and TRBV3-1, and J regions TRBJ1-1 and TRBJ1-6,
which compose a greater proportion of clonotypes in off-treatment samples, and V

519



regions TRBV19 and TRBV6-1 and J regions TRBJ2-1 and TRBJ2-5 which com-
pose a greater proportion of clonotypes in on-treatment samples.

CD8+ T cell gene usage

(a) CD8+ α V gene regions

(b) CD8+ α J gene regions

Figure 7.42: V and J gene region usage in PTI CD8+ α chain samples. See Figure
7.40 for further description.
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Figure 7.42 shows the differential V and J gene usage in the PTI CD8+ α samples.
V regions TRAV3 and TRAV35 and J regions TRAJ23 and TRAJ34 compose a
greater proportion of clonotypes in off-treatment samples, and V regions TRAV1-2
and TRAV8-3, and J regions TRAJ33 and TRAJ45 compose a greater proportion
of clonotypes in on-treatment samples.

(a) CD8+ β V gene regions

(b) CD8+ β J gene regions

Figure 7.43: V and J gene region usage in PTI CD8+ β chain samples. See Figure
7.40 for further description.

Figure 7.43 shows the differential V and J gene usage in the PTI CD8+ β sam-
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ples. V regions TRBV5-1 and TRBV29-1, and J regions TRBJ1-4 and TRBJ1-1
compose a greater proportion of clonotypes in off-treatment than on-treatment sam-
ples, and V regions TRBV7-2 and TRBV24-1 and J regions TRBJ2-3 and TRBJ1-5
compose a greater proportion of clonotypes in on-treatment samples.

7.3.9 There may be long term effects of the treatment in-
terruption on TCR repertoire

A key element of this study is to understand the long-term effect of the treatment
interruption on the TCR repertoire. Although this study is subject to some limita-
tions in addressing this issue, as a result of variable read count between samples, the
number of different CDR3 clonotypes present in both week 0 and week 150 sample
pairs can be seen in Table 7.5.

Table 7.5: Number of CDR3 clonotypes present in both the week 0 and week 150
for each patient (and grouped by CT and PTI). If data were not available for both
time points, this is indicated as NA.

Patient Group CD4+ α CD4+ β CD8+ α CD8+ β

K PTI 515 309 759 1141
L PTI 918 529 341 683
Q PTI 66 NA 815 1015
T PTI 1847 NA 428 16
D CT NA 7 NA NA
E CT NA 151 31 67
F CT 81 58 244 593
P CT 65 3556 NA NA
V CT NA NA 77 189
Median PTI 716.5 419 593.5 849
Median CT 73 104.5 77 189

Although there are some outliers, across both CD4+ and CD8+ α and β samples,
there appear to be more shared clonotypes between the initial and final samples,
collected before and after the treatment interruption, in the PTI patients compared
to the CT patients. These shared clonotypes can be plotted over time.

CD4+ clonotypes shared between weeks 0 and 150

Figure 7.44 shows all the clonotypes in weeks 0 and 150 of the CD4+ α samples,
and which of these clonotypes are shared.
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Figure 7.44: Clonotypes in weeks 0 and 150 in CD4+ α samples of all patients. The
patients on the left column are CT, and the patients in the right column are PTI.
Clonotypes are shown as the percentage of the reads in each sample. If a clonotype
is detected in W0 and W150 it is connected by a line.
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Figure 7.45: Clonotypes in weeks 0 and 150 in CD4+ β samples of all patients. The
patients on the left column are CT, and the patients in the right column are PTI.
See Figure 7.44 for further description.
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CD8+ clonotypes shared between weeks 0 and 150

Figure 7.46: Clonotypes in weeks 0 and 150 in CD8+ α samples of all patients. The
patients on the left column are CT, and the patients in the right column are PTI.
See Figure 7.44 for further description.
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Figure 7.47: Clonotypes in weeks 0 and 150 in CD8+ β samples of all patients. The
patients on the left column are CT, and the patients in the right column are PTI.
See Figure 7.44 for further description.

The increased number of shared clonotypes in the PTI patients compared to the CT
patients can be seen in the CD4+ α (Figure 7.44), CD4+ β (Figure 7.45), CD8+ α
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(Figure 7.46), and CD8+ β (Figure 7.47) samples. Clonotypes can also be observed
becoming larger or smaller proportions of the repertoire over time, although some
are static and many are only present in either week 0 or 150.

The percentage of clonotypes in the week 150 samples which were also seen in the
week 0 samples was calculated to understand better the persistence of clonotypes
over time and are shown in Table 7.6.

Table 7.6: Percentage of CDR3 clonotypes in the week 150 sample which were also
present in week 0 for each patient (and grouped by CT and PTI). If data were not
available for both time points, this is indicated as NA.

Patient Group CD4+ α
(%)

CD4+ β
(%)

CD8+ α
(%)

CD8+ β
(%)

K PTI 3.79 1.09 21.15 23.11
L PTI 4.40 1.37 21.82 24.28
Q PTI 0.34 NA 22.13 19.19
T PTI 10.17 NA 8.10 0.18
D CT NA 0.20 NA NA
E CT NA 0.72 0.57 0.71
F CT 0.30 0.10 9.29 14.68
P CT 2.47 68.46 NA NA
V CT NA NA 8.87 11.92
Median PTI 4.10 1.23 21.48 21.15
Median CT 1.39 0.46 8.87 11.92

The percentage of clonotypes in the week 150 samples of the PTI patients which
were also detected in the week 0 samples was consistently higher across the CD4+
and CD8+ α and β than in the CT patients (Table 7.6). For the CD8+ samples,
the percentage of shared clonotypes was generally higher than the CD4+ samples.

7.4 Discussion

In this chapter, the effects of an ART interruption on the TCR repertoire for children
living with HIV are investigated, including both the changes during the interruption
and the effects three years after the interruption. These data come from the only
known study on the TCR repertoire in children with HIV taking a planned and ran-
domized treatment interruption. The primary finding of this investigation is that
there is a perturbation of TCR repertoire in paediatric patients during the ART
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interruption. Furthermore, the repertoires of the patients showed many clonotypes
persisting over time in the patients, and shared between individuals.

Repertoire richness and evenness is perturbed by treatment
interruption

Repertoire richness and evenness, as detected using Shannon entropy and the Gini
coefficient, were both disrupted during, and presumptively by, the treatment inter-
ruption. In the CD4+ naïve T cells, these effects presented as a relative loss of
richness and evenness during the interruption, particularly in week 48, which recov-
ered to baseline levels by the three year follow-up sample. In the CD8+ memory
T cells, there was little change in repertoire richness and evenness over the three
year study period for the PTI patients. However, there were indications that there
was a small increase over this same time period in the CT patients, which could be
stochastic variation given the small sample size, or represent a long-term impact of
the PTI on TCR repertoire diversity. This suggests that the impact of the treatment
interruption on the CD4+ naïve T cell population was more profound than on the
CD8+ memory T cell population, but that it is temporary. In the CD8+ memory
T cell population the impact was less profound during the interruption than on the
CD4+ naïve T cells, but more long-lasting. CD8+ memory T cells are important in
the control of HIV replication (Appay et al. 2000), and the maintenance of CD8+
diversity and cell count may contribute to the generally favourable tolerance of the
PTI in these children. However, the diversity and evenness of the CD8+ memory
T cells appears to be impaired in the PTI patients compared to CT patients three
years after the study, based on the change between weeks 0 and 150 in the PTI
and CT patients. As the control of viral replication by CD8+ memory T cell is
not complete, and deteriorates as the HIV infection progresses (Champagne et al.
2001), a PTI may impair the CD8+ memory T cell and decrease the efficacy of this
population against HIV in the future.

Heather et al. (2016) made a comparison of Shannon entropy in HIV- and un-
treated HIV+ adults, and found a significant reduction in Shannon entropy in the
HIV+ compared to the HIV negative adults, using both raw and size-matched li-
brary sizes (Heather, Best, et al. 2016). Present findings from the PENTA 11 study
are the first showing a similar difference in children undergoing an ART interruption.

Overall, these diversity analyses highlight three major points. Firstly, the treat-
ment interruption does induce disruption and diversity loss to the T cell receptor
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repertoire, particularly in the CD4+ population, though it is recoverable to the
baseline over a three-year period. Secondly, while these diversity metrics are most
informative when taken together, they capture different aspects of the data and
would be inadequate to represent data of this complexity without each other, and
other complementary analyses undertaken in this study. Finally, although the rich-
ness and evenness return to similar levels after the interruption, from comparison
with the CT patients there are indications that there may be a detrimental long
term effect of PTI on the diversity and evenness CD8+ memory T cells.

Treatment interruption is associated with an temporary in-
crease in clonality in the TCR repertoire

In comparing the CD4+ initial and final samples of the PTI and CT patients, clon-
ality reduces over time in both patient groups, and the PTI patients had a lower
baseline. The CD8+ results indicated greater clonality in the PTI than CT patients,
both before and after the treatment interruption. The clonality changed very little
between week 0 to week 150 in the PTI patients, while a shift towards smaller clono-
types could be seen in the CT samples from week 0 to week 150. This too indicates
that there may be a negative long-term effect of the PTI on the CD8+ memory T
cell repertoire.

When the PTI patients’ on- and off-ART samples are compared (weeks 0 and
150 compared to weeks 12 and 48), the disruptive effect of the treatment interrup-
tion leading to increased clonality is evident, particularly in the CD4+ naïve T cells.
Across both cell types and chains, greater percentages of the T cell compartment
are made up of larger clonotypes when off ART, and greater percentages of the T
cell compartment are made up of smaller clonotypes when on ART. In other words,
treatment interruption appears to reduce clonotype diversity, in the sense of allow-
ing a small number of clonotypes to become more dominant numerically than they
are during treatment. In adults, Heather et al. (2016) found greater proportions of
the T cell compartment are made up of larger clonal expansions in HIV+ than HIV-
individuals, and that was only a small difference induced by three months on ART
(Heather, Best, et al. 2016). Thus the treatment interruption in this study may
move the TCR repertoire clonality closer to that seen in untreated HIV. Together,
these studies indicate that in both adults and children ART reduces the higher clon-
ality caused by HIV infection.

Collectively these findings show that there is greater clonality in both CD4+
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naïve and CD8+ memory T cells when the children take a PTI. This suggests that
long-term ART may shift clonality patterns towards those seen in HIV- individu-
als. PTIs, therefore, may be slowing down a gradual shift away from the increased
clonality caused by HIV infection (Heather, Best, et al. 2016), particularly in CD8+
memory T cells, which is seen in the children continuously taking ART.

Clonotypes persist within patients over time despite treat-
ment interruption

The top 10 clonotypes are persistent in CD8+ T cells

Top clonotype analysis (as a percentage of the sample) in the present study’s PTI
patients shows that the majority of clonotypes in CD4+ samples were only in the
ten most abundant at one time point, indicating that there was generally a high
turnover of the most abundant clonotypes. The generally low clonal expansion size
also likely contributes to this, as these CD4+ naïve cells show much less clonality
than the CD8+ memory cells. In contrast, the top clonotypes in the CD8+ memory
cells were often persistent, and many were among the ten most abundant clono-
types in multiple or even all timepoints of a given PTI patient. In healthy adults,
the CD8+ TCR repertoire shows stability over time, with many high-frequency β-
chain clonotypes persisting for over a decade (Neller et al. 2013). Disease-related
CD4+ and CD8+ clonotypes have been found circulating over a period of years in
both coeliac disease (Risnes et al. 2018) and CMV (Attaf et al. 2018) adult patients
respectively, so it is possible that some or all of these persistent clonotypes are HIV
specific, or relate to another long-lasting antigen (e.g. CMV). Therefore the per-
sistence of many CD8+ memory clonotypes over the three years of the study may
be reflective of the ongoing HIV infection and associated comorbidities and shows
that clonotype persistence also occurs in paediatric HIV infection, and may not be
caused by the treatment interruption.

Large percentages of clonotypes are shared between successive samples
within PTI patients and can be observed fluctuating in relative abun-
dance

The number of clonotypes shared between time points in the PTI patients, both
CD4+ and CD8+, indicates that not only were some of the most abundant clono-
types persistent over time, but also many of the lower-abundance clonotypes could
be detected in multiple sequential time points.
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This analysis highlighted the enormously high proportion of CD8+ TCR clono-
types that are conserved in these HIV patients over a period of three years. Given
that as many as 106 possible CDR3 β sequences (Arstila et al. 1999; Robins et al.
2009), and 1010 to 1020 distinct αβ TCRs (Laydon, Bangham, et al. 2015; Lythe et al.
2016; Nikolich-ugich et al. 2004; Robins et al. 2009) can be generated through VDJ
recombination, it is astounding that so many clonotypes and such a high proportion
of the sample are maintained at detectable prevalences. Furthermore, there are indi-
cations, although not completely consistent, that there may be a reduced percentage
of clonotypes unique to one sample during the treatment interruption, that some
disruption during this time may cause more sharing in that time period. This could
be indicative that the increasing HIV infection in these patients, or another infection
co-morbid with HIV, drives a shift in the T cell repertoire. It is possible that some
of these clonotypes seen, especially those that expand during the interruption, may
be associated with immune response to HIV, or another virus such as CMV or EBV.

Although the CD4+ T cells in this study are naïve, some of them appear to
show clonal expansion, and in some cases appear over 60 times in a sample. There
are several possible explanations for this, both methodological and biological. The
cells were separated by FACS, classifying CD4+ naïve as CD4+, CD45RA+ and
CD45RO- and CD8+ memory as CD8+, CD45RA-, and CD45RO+. An error in
cell sorting could result in some cells incorrectly being classified as naïve, although
the effect of this is likely to be minimal as yield and purity were both > 95%. An-
other possibility is the inflation of clone size through the sequencing of multiple
mRNA molecules from the same T cell (Oakes et al. 2017). De Greef et al. tested
this in naïve T cells, and found that the effect of this was low when the clone size
was three or above (Greef et al. 2020), so this is unlikely to be responsible for the
observation of surprisingly large clone sizes of naïve T cells.

Therefore it seems more likely that this observation has a biological cause, par-
ticularly as naïve T cells have been reported to have a range of clone sizes, generally
between one and five, though in rare cases they were above ten (Greef et al. 2020).
Some CD4+ effector/memory T cells are thought to re-express CD45RA (Caccamo
et al. 2018; Tian et al. 2017), so it is possible that some CD4+ cells with effector
or memory function have been captured in this subpopulation. Secondly, there is
evidence of proliferation and a transitional state as CD4+ cells change phenotype
from CD45RA+ and CD45RO- to CD45RA-, and CD45RO+ (Johannisson and Fes-
tin 1995). Hence, it is possible that some cells have been captured at the interface
between naïve, and effector/memory. As a result, they may have started prolifer-
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ating but not yet lost the CD45RA marker. This is also supported by de Greef et
al. 2020, who report that 94.6% of the naïve clonotypes with a frequency above five
were also seen in the memory cells from the same individual. A third possibility
is that the larger clone sizes are the result of multiple independent recombination
events, originating from the most commonly used gene regions. Thus, some of the
more abundant naïve clonotypes may have been independently produced from mul-
tiple recombination events, a mechanism which de Greef et al. (2020) suggested was
particularly likely in the α chain. This finding would benefit from further investi-
gation, but from the analysis conducted, it seems likely that some or all of these
mechanisms are contributing to this phenomenon.

Bioinformatic spectratyping shows little change over the in-
terruption period

Despite the evident skewing of the TCR repertoire induced by the treatment inter-
ruption and shown through both diversity and clonality, bioinformatic spectratyping
showed little evidence of disruption during the treatment interruption. This was the
case for both CD4+ and CD8+ samples, and indicates that the disruption to the
TCR repertoire caused by the ART interruption is less profound than those caused
by interventions such as HSCT which has been shown to produce disruption de-
tectable by spectratyping (Gorski et al. 1994). Spectratyping, then, does not appear
to be a suitable approach to the monitoring or analysis of the subtler changes in
these patients.

Public clonotypes can be identified within the PTI group

Public clonotypes, clonotypes seen in several individuals (Pogorelyy et al. 2017),
were identified across the PTI patient group, and some were shared across all four
patients. There were more shared clonotypes in α than β samples, and more in
CD4+ than CD8+ samples.

Predominance of public clonotypes varies between individual
patients

Tracking the relative abundance of the top ten most abundant clonotypes at the
outset of the study from each patient showed that there was great variability be-
tween the patients. Some shared their most abundant clonotypes only with their
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own later samples, while others shared some or all of their top ten clonotypes with
multiple other patients in the study.

Gene usage divergence shows that patient samples are gen-
erally most similar within patients

Despite the sharing of clonotypes seen between patients, Jensen-Shannon divergence
of gene usage showed that a given sample was generally most similar to other sam-
ples from the same patient. However, there were some clear outliers to this pattern,
and some patient pairs, particularly K and T, showed similar gene usage to each
other. In a study of adults, Heather et al. (2016) showed that Jensen-Shannon
divergence of gene usage within pairs of samples from ART-naïve to three months
on ART was greater than the same time period for HIV- individuals, suggesting
that HIV infection perturbed gene usage. Beyond the within-patient similarity seen
in the present study, in several patients the Jensen-Shannon divergence was greater
between the on-treatment and off-treatment samples, than between the initial and
final samples, suggesting that in these patients the ART interruption may also be
perturbing gene usage.

Treatment interruption is associated with some change in V
and J region use

V and J gene usage in the α and β chains of both CD4+ and CD8+ samples was
altered in off-treatment samples compared to on-treatment. This suggests that the
interruption may affect the frequency at which clonotypes with specific V and J gene
segments are present in the TCR repertoire. Of the eight α and eight β V gene seg-
ments reported by Heather et al. (2016) as differentially expressed between HIV+
and HIV- adults, there are indications that some of these are also differentially ex-
pressed between the on- and off-ART samples of the paediatric patients undergoing
a treatment interruption, such as the α V region TRAV9-2.

There are tentative indications of long term effects of the
treatment interruption on TCR repertoire

The diversity analysis indicated that there may be a long term impact of the treat-
ment interruption, as both the richness and evenness of the CD8+ memory T cells
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were reduced in the PTI compared to the CT patients in the three-year follow-up
samples. This may be partially due to individual patient dynamics, as a difference
was also seen in the initial week 0 samples.

However, there was evidence of a moderate increase between week 0 and week
150 of richness and evenness in the CD8+ memory T cells of the CT patients, which
was not seen in the PTI patients. This pattern was not seen in the CD4+ naïve T
cells. While there was perturbation of the TCR repertoire during the interruption
leading to a relative loss of richness and evenness, this was no longer the case by the
time of the follow-up samples, and there was evidence that the PTI patients showed
elevated richness and evenness compared to the CT patients, indicating that the
PTI was not damaging in the long-term to the CD4+ naïve TCR repertoire.

The increased median shared clonotypes between the initial and final samples
of the study seen in the α and β chains of both CD4+ and CD8+ samples in the
PTI patients compared to the CT patients indicate that there may be less clono-
type turnover as a result of the treatment interruption. This could also be seen as
a greater percentage of the clonotypes in the week 150 samples of the PTI patients
being composed of samples from week 0, compared to the CT patients. This may
indicate that although long-term clonotype persistence is well-documented (Attaf
et al. 2018; Risnes et al. 2018), it may be exacerbated by the ART interruption and
attendant increase in HIV viral load.

Upregulation of surface markers Ki67 and HLA-DR, as reported in the first
month of the interruption by Klein et al. (2013) implies activation of the T cells.
This increased immune activation to maintain the CD4+ population may come at a
cost. In adults, some long term adverse effects such as cardiovascular disease (Zicari
et al. 2019) have been linked to the immune activation triggered by ART interrup-
tion (Lichtenstein et al. 2010). In children, it is not known whether this occurs, but
there is evidence indicating that HIV+ children show premature biological ageing
compared to HIV- children. Furthermore, there was evidence that this biological
ageing was accelerated in ART-naïve HIV+ children compared to HIV+ children
on ART (Gianesin et al. 2016). Increased lipopolysaccharides (LPS) were found
in the PTI patients following the interruption (N. Klein et al. 2013), which may
indicate that the CD4+ loss hampered modulation of the microbial contents of the
gastrointestinal tract (Zevin et al. 2016; J. Zhou et al. 2020). This would indicate
a potentially irreversible immune injury. However, the authors offer two reasons to
doubt the irreversibility of at least some of the damage caused by the interruption.
The ratio of CD4+CD45RA+ to CD4+CD45RO+ cells remained approximately
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static during the interruption: and this maintenance of naïve cells suggests that the
thymic output is maintained (N. Klein et al. 2013). Additionally, in the three year
follow up of the patients, there was no statistically significant difference between
the CT and PTI patients in terms of CD4+ cell counts (Bunupuradah et al. 2013;
N. Klein et al. 2013).

Limitations

This study is one of few examining the effects of a treatment interruption in chil-
dren with HIV, and is currently the only study using HTS to characterise and detect
changes in this setting. However, it was also subject to some limitations. As de-
scribed in this chapter, the CD4+ naïve and CD8+ memory T cell populations were
the only cell populations available for analysis. Thus other T cell subpopulations
including CD4+ memory and CD8+ naïve T cell populations could not be incorpo-
rated, and the conclusions drawn here can only be applied to the cell populations
described.

A major limitation of this study was the small number of patients. Although
there were over 100 patients in the original PENTA 11 study, samples from only
four PTI, and five CT were available for this HTS study. Beyond that, there were
only four time point samples from the PTI patients, and three or fewer from the CT
patients. The quality of these samples following thawing was mixed and some sam-
ples did not produce enough RNA to go on to sequencing. As these data come from
specific T cell subpopulations, it was not surprising that the median read count per
sample was lower in this study than in the CBT study (Chapter 6), although both
came from frozen samples. However, this low read count meant that 14 samples
were excluded from the majority of the analyses.

Subsampling was trialled to understand better the effect of stochastic variation
on samples introduced by differential library size. There is some stochastic variation
inherent given the different library sizes (Gotelli and Colwell 2001; McMurdie and
S. Holmes 2014). Limitation comes from the trade-off between subsampling, which
allows mathematical equity between samples, and raw data, which preserves the
biological factors contributing to read count variation and utilises maximal data.
However, in this study, once samples with a low read count were excluded, there
was little difference in patterns detected between the subsampled data and the raw
data. For the following reasons, and following the example of Heather et al. (2016),
the raw data were primarily used in the analysis: similar patterns were seen be-
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tween the subsampled data and the raw data (Heather, Best, et al. 2016), minimal
data were wasted (McMurdie and S. Holmes 2014), a relationship between patient
cell count and sample read count were seen indicating a biological factor involved
in library size (see Chapter 5 Section 5.4.3), and no further unknown biases were
added through subsampling (McMurdie and S. Holmes 2014; A. D. Willis 2019).

Limited metadata were available for this study. Only the median age of the
children in each treatment group was available, though there was age-matching
between the treatment groups, and they all had a minimum CD4+ count and a
maximum HIV viral load to remain in the study, so their HIV infection was reason-
ably well-controlled. However, other aspects of their profile and health which may
have impacted upon their TCR repertoire could not be included in this analysis.

Finally, T cells each contain multiple molecules of mRNA; approximately 100 of
the α chain, and 200 - 300 of the β chain (Greef et al. 2020; Oakes et al. 2017).
Thus it is possible that despite the use of UMIs, the detection of multiple copies of
the same sequence may be a result of sequencing different mRNA molecules from
the same T cell. However, de Greef et al. (2020) report that, using the sequencing
method also employed in the present study, only a minority of these molecules are
successfully sequenced. Furthermore, after splitting samples before cell lysis and
mRNA extraction, they found that some instances of multiple sequences were the
likely result of sequencing different mRNA molecules from the same T cell, particu-
larly in the β chain. However, this was generally restricted to clonotypes appearing
twice, and had minimal impact on clonotypes detected three times or more (Greef
et al. 2020). While this is likely to have little effect on the data in the present study
as the vast majority of clonotypes have a greater or lower abundance than two, it is
nonetheless a methodological limitation of these data.

7.4.1 Conclusions

There were two central aims in this study: to further understand the impact of an
ART interruption on the health of HIV+ children by characterising the CD4+ naïve
and CD8+ memory TCR subpopulations over the course of an interruption, and
to investigate whether there may be long term effects on the TCR repertoire. The
effect of the planned ART interruption on the HIV patients’ TCR repertoire was
profound, particularly the loss of diversity in the CD4+ naïve repertoire. Further
to this, evidence of different changes at different times in the interruption was seen,
in addition to those seen in (N. Klein et al. 2013). The findings are largely con-
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sistent with the original immunological results: that by three years after the trial,
no adverse consequences (clinical, virological, or immunological) were observed (N.
Klein et al. 2013). In most ways, the TCR repertoire of the patients undergoing
treatment interruption returned to a similar state to their pre-interruption sample.
However, there were indications of some subtle long-term effects, particularly a rel-
ative reduction of CD8+ repertoire diversity in the PTI patients. Compared to the
continuously treated patients, the treatment interruption patients had lower reper-
toire diversity and evenness detected by both Shannon entropy and Gini coefficient
in their CD8+ cells. Further to that, a shift away from clonality over time, with
a reduction in the proportion of the T cell compartment composed of larger clonal
expansions, seen in the CT patients was less evident in the PTI patients. A large
number of public clonotypes were seen in the PTI patients, and V and J gene usage
appeared to be affected by the interruption with different regions making up smaller
or larger proportions of the repertoire on- and off-ART. A high percentage of most
PTI patient samples were composed of clonotypes which persisted through time,
more so than in the CT patients.

Planned treatment interruption of ART in children with HIV appears to disrupt
the TCR repertoires of the CD4+ naïve and CD8+ memory T cell subpopulations,
primarily in the short-term, and the majority of the perturbation is resolved by three
years after ART resumption. There are indications that there may be a negative
long-term effect of the interruption on the TCR repertoire. Thus these patients
should continue to be monitored, including the CD8+ memory T cell population
specifically. However, as the patient group is small, this should be confirmed by a
similar study on a larger scale. Earlier publications from this study reported that
the effects on the T cells induced by the PTI are not definitely irreversible. However,
they did not recommend planned ART interruptions, unless there is a high risk of an
unplanned interruption or it is clinically advised (N. Klein et al. 2013). The present
findings support those in Klein et al. (2013), and while the changes in the TCR
repertoire may not be irreversible, interruptions to ART are still not recommended
without extenuating circumstances.
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Chapter 8

Concluding discussion

Both the gut microbiota and the T cell receptor (TCR) repertoire are complex and
diverse communities of cells. In this thesis I have examined three datasets sampling
gut microbiome (in one case) or TCR repertoire (in two others), all originating
from immunocompromised children. For the specific and detailed discussion of each
project including clinical and biological implications, as well as the methodological
investigations, see the relevant chapters. For a summary of my findings from each
of the five substantive chapters, including the contributions made to the under-
standing of gut microbiota and TCR repertoire in immunocompromised children,
see Appendix AC. Here, I will summarise the context in which this thesis was con-
ceived and undertaken, and then report key findings. Finally, I will conclude with
a discussion of the future work indicated by this thesis.

8.1 Background to the present project

In this thesis I set out to provide an in-depth characterisation of three high-throughput
(HTS) studies across two different sources of diversity in the human body, the gut
microbiome and TCR repertoire, and across two different types of paediatric patient
populations, those receiving HSCT, and those living with HIV.

8.1.1 Stem cell transplants

Haematopoietic stem cell transplants (HSCTs) can treat and potentially cure a range
of diseases, including immunodeficiencies and haematological malignancies (Michel
and Berry 2016). GvHD is a major complication, and can cause both morbidity and
mortality (Biagi, Zama, Rampelli, et al. 2019). In both children and adults, earlier
work has shown that there is a loss of diversity immediately following transplant,
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though many studies do not sample beyond three months post-transplant (Biagi,
Zama, Nastasi, et al. 2015; Biagi, Zama, Rampelli, et al. 2019; Ingham et al. 2019;
Jenq, Ubeda, et al. 2012; Simms-Waldrip et al. 2017). Present data allowed me the
opportunity to address this gap by characterising the gut microbiome composition
for up to nearly a year after transplant. This was with the aim of showing not
only the inferred effect of conditioning and the transplant on the microbiome, but
also its interaction with ongoing antibiotic use, gut-associated viral infections, and
other health conditions. Detailed clinical data could be used to better understand
what may contribute to the dynamic changes observed (Biagi, Zama, Nastasi, et al.
2015), but are seldom presented alongside microbiome composition in similar stud-
ies (Biagi, Zama, Rampelli, et al. 2019; L. Han et al. 2019). The goal was better
understanding of the ways in which health factors and medications may affect the
microbiome, and how the microbiome may in turn affect health.

Finding HLA-matched graft sources for HSCT remains a challenge (Koh and
N. Chao 2008), and umbilical cord blood (UCB) provides an alternative (Ballen,
Gluckman, et al. 2013). Reported clinical differences between UCB and more com-
mon sources such as bone marrow have included different rates of GvHD (Cutler et
al. 2011), greater tolerance to HLA-mismatch (Abutalib and Hari 2017; Stanevsky
et al. 2009), and slower immune reconstitution (Ogonek et al. 2016). When this
study was begun, there were no published studies examining the TCR repertoire
during immune reconstitution after HSCT from UCB in children (but see (Gkazi
et al. 2018)). This present study was therefore undertaken in order to provide a first
characterisation of the TCR repertoire following UCB transplant, as well as to show
how the results relate to more classical clinical markers.

8.1.2 HIV

HIV infection is potentially fatal infection, though with antiretroviral therapy it can
become a chronic illness with reduced morbidity (Violari, Cotton, Diana Gibb, et al.
2008). However adherence to this therapy can be difficult (Bhatti et al. 2016), and
adverse reactions which are sometimes of a severity that a break from treatment
is clinically advised (Harrison et al. 2013; N. Klein et al. 2013). PENTA 11 is, to
the best of this author’s knowledge, the only study investigating the effects of a
planned treatment interruption (PTI) in children. Thus far the study has shown
that although the PTI triggered a loss of CD4+ T cell and a rise in HIV viral load,
no child received a new diagnosis of ’severely symptomatic’ HIV, and two years after
the PTI there were no adverse effect (Harrison et al. 2013; N. Klein et al. 2013).
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The present project shows the effect of the PTI on the TCR repertoire for the first
time (though a paper is in submission), and has facilitated a more detailed analysis
on the short- and long-term effects of a PTI on the TCR repertoire of HIV+ children.

8.1.3 Methodology

There are many views on how best to pre-process HTS data, and on the limitations
of different methods (Gotelli and Colwell 2001; McMurdie and S. Holmes 2014; S.
Weiss et al. 2017; A. D. Willis 2019), especially as the number of reads can be
highly variable between samples (Koch et al. 2018; Thorsen et al. 2016; Zvyagin
et al. 2014). Some diversity estimates, such as the metrics of species richness and
Shannon entropy used in this thesis, have a negative bias, i.e. they are likely to
underestimate the true species richness of a given environment (Kaplinsky and Ar-
naout 2016; Lande 1996). Advocates of subsampling state that subsampling gives
each sample an equal bias (Cárcer et al. 2011; A. D. Willis 2019). On the other
hand, McMurdie and Holmes (2014) explicitly argue against rarefying, saying that
“rarefying biological count data is statistically inadmissible because it requires the
omission of available valid data” (McMurdie and S. Holmes 2014) (p. 2), and Willis
(2019) also recommends against subsampling. Their reasons relate both to the basis
of statistical theory and to the wasting of data (at two levels: from the samples from
which many reads have to be discarded, and of whole samples with low read counts
that may have to be removed from the analysis) (McMurdie and S. Holmes 2014).
This concern is applicable to all the data in this thesis. Further, Willis (2019) shows
that two samples with the same results for a diversity metric such as species richness,
but with different abundance compositions, will be biased in different ways following
subsampling. For example, if two samples have the same true species richness but
different data structures, both raw and subsampled data can produce misleading
results (Lande et al. 2000; A. D. Willis 2019).

Based on questions which arose from the present datasets, two methodological
chapters were included in this thesis. The first centred around the gut microbiome
data, and the paucity of detail surrounding the use of negative and positive controls
in the pre-processing, and particularly in contaminant removal (Hornung et al. 2019;
Salter et al. 2014). This chapter clearly details the steps taken in pre-processing the
data and removal of contaminants. The second methodological chapter was based
on TCR repertoire data. This came from the dual purposes of explaining differences
in bioinformatic pipeline outputs (Oakes et al. 2017; Thomas et al. 2013) which had
not yet been identified, as well as further characterising the role of biological factors
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on library size (Heather, Best, et al. 2016), and how different methods to address
variation in that library size (Heather, Best, et al. 2016; Joshi et al. 2019) affects
the results in these studies.

8.2 Findings from the present project

Methodological exploration of these datasets yielded a framework to remove mi-
crobiome contaminants, as well as further insights into the relationship between
biological input and output, a demonstration of how different diversity estimation
strategies compare, and a characterisation of how two TCR pipeline outputs com-
pare and what this may indicate about the underlying biology. The results of the
three studies answer specific questions in each project, some of which is consistent
with existing research, and some which is, to the best of this author’s knowledge,
new.

8.2.1 Microbiome

The choice to use 16S rRNA gene sequencing over more in-depth sequencing meth-
ods, such as metagenomic sequencing, facilitated the characterisation and analysis of
many samples for a reasonable cost (Case et al. 2007). However, this came with the
limitation of lower resolution on the contents of the gut microbiome; other genes in
the microbial community, and whole bacterial genomes (Quince et al. 2017; Rausch
et al. 2019) were not sequenced. This meant that although the taxa present could
be profiled with reasonable accuracy from genus-level upwards (Janda and Abbott
2007) and inferences from these data could be made, no lower-level determination of
taxa or the collective microbiome could be made. Thus, insights regarding bacterial
function or evolution over a short time scale could not be made. The framework
presented in Chapter 3 provides a method to decontaminate microbiome samples,
especially in a low- or mixed-biomass study. Stool samples are usually high biomass
(Eisenhofer et al. 2019), though many of the samples in the present study had in-
sufficient DNA to permit sequencing, and some of those successfully sequenced still
had low biomass.

In Chapter 4 I found a prolonged reduction in diversity post-HSCT, longer than
reported by similar studies (Biagi, Zama, Nastasi, et al. 2015; Biagi, Zama, Ram-
pelli, et al. 2019), as well as taxa which were differentially abundant according to
health outcomes. Multiple factors were associated with major shifts in microbiome
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composition, most particularly patterns of antibiotic use, and gut-associated viral
infections.

8.2.2 TCR repertoire

The characterisation of Decombinator (Oakes et al. 2017; Thomas et al. 2013) in
Chapter 5 described in detail the different outputs possible, and could be an aid in
future studies to assist in choosing the data format most suited to a given analysis.
Furthermore, it showed examples of how clonotypes are generated, and that some
clonotypes almost certainly come from distinct recombination events.

In Chapter 6 the TCR repertoire of children receiving HSCT from UCB showed
highly variable diversity, particularly during the 6-12 months after transplant, and
the individualised likely effects of viral infections on the repertoire could be quanti-
fied and visualised. Furthermore, these patients showed an elevated CD4/CD8 ratio
after transplant, as has previously been documented (Girdlestone et al. 2020) when
UCB is used as a stem cell source. In Chapter 7 I found a profound disruption to
diversity in the CD4+ naïve T cells of HIV+ children receiving a planned treatment
interruption, though this was recovered by three years post-interruption. There were
some indications of a long-term disruption to the CD8+ memory T cells, but this
would need to be confirmed with more analysis and, ideally, more samples.

8.2.3 Methodology

Based on the above recommendations (McMurdie and S. Holmes 2014; A. D. Willis
2019), where statistical methods to incorporate error and sample size were not used,
raw data were generally used in preference to subsampled. Although using the raw
data has limitations and must be interpreted accordingly, further unknown biases
were not introduced into the data analysis (McMurdie and S. Holmes 2014; A. D.
Willis 2019). A strategy of analysis primarily by proportional composition, using
the raw data, was found to be preferable. In some cases this was supplemented by
subsampling, or using negative binomial generalised linear models (Love et al. 2014).
The advantage of this approach was that it allows data loss to be minimised, while
still maintaining the biological integrity of the samples. Using proportional compo-
sition does have limitations, primarily that it does not take heteroscedasticity into
account (McMurdie and S. Holmes 2014). In this setting, this means that samples
with fewer reads have a lower upper limit, and can be less variable than samples with
a greater read count. Therefore, there may be some instances in which a difference
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between samples is either exaggerated or unrepresentative, although comparisons
between raw and subsampled data presented in this thesis showed few substantively
divergent results.

While some samples with very low read counts may have been affected by tech-
nical factors, it is also possible that a biological process is involved in some cases (J.
Wang et al. 2019). Many of the samples in this study came from children who were
gravely unwell, and on intensive antibiotic regimes or living with HIV; and some
were very young. Therefore, it is possible that some microbiome samples genuinely
contained little or no bacterial DNA, possibly explaining negative findings or low
read counts. In samples from the children with HIV, there were fewer reads in the
CD4+ samples collected while patients were off-treatment than on-treatment, sug-
gesting that, particularly as HIV results in CD4+ cell destruction and loss (Bhatti
et al. 2016), biological factors may be affecting read count. If this is the case, sub-
sampling could obscure these effects. This constitutes a further reason why, for the
majority of the analyses in this chapter, the data are not subsampled. This does
mean that some caution must be exercised in interpreting the analysis, but minimal
data were discarded.

8.3 Future directions

A challenge in many biological areas, including the TCR repertoire and gut micro-
biome, is establishing a “healthy” baseline. For example, the terms “eubiotic” and
“dysbiotic” are often used to refer to balanced and health-promoting (Precup and
Vodnar 2019), or disrupted and disease-associated (Elinav et al. 2011; Schaubeck
et al. 2016) microbiota respectively. However, publications disagree as to what con-
stitutes either of these states, and the wide variability between individuals increases
the challenges of analysis (Gilbert et al. 2018). There is no rigid dichotomy between
“healthy” and “unhealthy” gut microbial compositions, and what may be consid-
ered to be “normal” spans diverse microbiome compositions and includes variability
(Gilbert et al. 2018). Research is complicated by the shifting definitions of a eubi-
otic or dysbiotic microbiome, which underscores the utility of generating more data
establishing baseline health. Furthermore, the majority of gut microbiome studies
are conducted in the urbanised populations of industrialised countries (Brewster et
al. 2019), meaning that many studies neglect the full range of microbial diversity,
in both health and disease. Initiatives to characterise the human gut microbiome
around the world in a granular way will not only provide a fuller understanding
of how the healthy microbiome varies between individuals and populations, but
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also more about the effects of urbanisation and industrialisation on the microbiome
(Corzett 2019; Groussin et al. 2020; E. D. Sonnenburg and J. L. Sonnenburg 2019).
Researching ancient gut bacteria may also shed further light on the human gut mi-
crobiome before the advent of antibiotics and pre-industrialisation (S. Sabin et al.
2020). New taxa or strains which have been uncovered by these initiatives (Groussin
et al. 2020) not only expand our understanding of bacterial diversity, but may also
offer new options for microbiome-based therapeutic strategies (Corzett 2019).

8.3.1 Methodology

Based on Chapter 3, I would recommend that future studies incorporate both pos-
itive and negative controls into their pre-processing and contaminant removal, and
present their method in detail so other studies can make balanced comparisons.
Chapter 5 indicates that the choice of TCR clonotype format should be guided by
the specific research goal, as they clearly represent different biological information.
Biological effects on library size should also be considered.

In future work, in both the TCR repertoire and gut microbiome, it would be
desirable to move away from both raw and subsampled data analysis, and primarily
use methods to estimate α-diversity which incorporate unseen species richness and
error estimates (A. D. Willis 2019), as well as methods to analyse sample composi-
tion which allow for variation in sample size. This includes models such as those in
DESeq2 (Love et al. 2014), DivE (Laydon, Melamed, et al. 2014), Recon (Kaplinsky
and Arnaout 2016), betta (A. Willis et al. 2017), Dep-GEM (Arbel et al. 2016).

Single-cell sequencing would be optimal to sequence and better understand the
complex TCR system. While the financial and practical barriers make single-cell
sequencing difficult in many settings, it is valuable to sequence both the α and β

chains, as in this thesis, in order to gain as full as possible a picture of the αβ TCR
repertoire diversity and in vivo functionality (Rosati et al. 2017).

It may be optimal to utilise ASVs instead of OTUs as this has been reported
to give greater detail (Callahan, DiGiulio, et al. 2017; Prodan et al. 2020) and im-
proved contaminant identification (Caruso et al. 2019), as well as to facilitate direct
comparison between studies (Callahan, DiGiulio, et al. 2017; Fricker et al. 2019).
DADA2 (Callahan, McMurdie, et al. 2016) and USEARCH-UNOISE3 (Edgar 2016)
are two bioinformatic pipelines using ASVs which are reported to produce the best
performance and combine biological specificity with sensitivity (Prodan et al. 2020),
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and one of these pipelines would be used in future work with ASVs. Given the in-
creased risk of contamination affecting the results of low-biomass microbiome studies
(Davis et al. 2018; Glassing et al. 2016; Lauder et al. 2016), both greater attention
to contaminants, and transparency about the process, can only be beneficial. In
future work the framework developed in this thesis could easily be applied to other
low-biomass microbiome studies, with reference to the given microbiome. Where
it is financially and practically viable, it would also be beneficial to use shotgun
metagenomics (Groussin et al. 2020; Rausch et al. 2019), or complementary func-
tional analyses such as metaproteomic analysis (Heintz-Buschart and Wilmes 2018),
in order to gain a fuller picture of both microbiome form and function. A middle-
ground option could be to sequence the whole 16S rRNA gene, which is possible
using the Oxford Nanopore or PacBio sequencing platforms. This reportedly gives
such resolution so as to distinguish not only bacterial species and strains, but also
some intragenomic 16S rRNA gene differences (Johnson et al. 2019).

8.3.2 Stem cell transplants

Based on Chapter 4, as antibiotic use appears a key factor in microbiome compo-
sition shifts in these patients, microbiome profiling, particularly shotgun metage-
nomics, during immune reconstitution may be able to further guide antibiotic pre-
scribing to cause minimal harm to the microbiome. Furthermore, microbiome mod-
ulation, as also suggested by Biagi et al. (2019), may improve patient outcomes such
as GvHD where their gut microbiome indicates they may be more at risk. Chapter
6 supports earlier work showing that UCB is a viable source of HSCs for transplant
(Gkazi et al. 2018), and highlights that intercurrent infections must be considered
in similar future analyses, as many large changes in the TCR repertoire could be
linked to patient-specific infection more than a patient-wide pattern indicating an
effect of the transplant. Furthermore, the TCR repertoire may be useful to monitor
for and even predict possible disease relapse after HSCT (Noviello et al. 2019).

Both the human gut microbiome and the TCR repertoire can be understood as
ecosystems, as well as a contribution towards the totality of human health. Un-
derstanding better their roles in health and disease requires progress on multiple
fronts. The interface between the gut and gut bacteria with different aspects of
the immune system is already a topic of significant study (Kau et al. 2011; Rooks
and Garrett 2016; Rooney et al. 2020; Vuotto et al. 2020). More datasets in which
the samples are paired, i.e. human gut microbiome and TCR repertoire samples
collected from the same patients over a given time, as in unifying the two HCST
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studies in this thesis, would be optimal. In a study such as Taur et al. (2018) on
the efficacy of autologous FMT to reconstitute the gut microbiota following HSCT,
the TCR repertoire could also be sampled so as to assess whether the restoration of
gut microbiome diversity reported by Taur et al. (2018) was in any way reflected in
the TCR repertoire. Furthermore if single-cell sequencing were done, alloreactivity
could also be better understood (Y. Wang et al. 2017). Higher diversity in the gut
microbiota after transplant has been associated with both better GvHD and survival
outcomes (Biagi, Zama, Nastasi, et al. 2015; Shono and Van Den Brink 2018), and
thus this kind of study could further elucidate the effect of gut microbiota compo-
sition during HSCT. This would further characterise the relationship between the
gut microbiota and the TCR repertoire, and contribute towards an understanding
of how manipulation of the gut microbiome may be used to improve outcomes after
HSCT (Shono and Van Den Brink 2018; Taur, Coyte, et al. 2018; Zama et al. 2020).

8.3.3 HIV

The analyses in Chapter 7 suggest that the predominant effect of the treatment
interruption on the TCR repertoire is temporary, and thus planned and monitored
treatment interruptions can safely be given when clinically indicated. However, as
there may be some long term effects on the repertoire, further research is needed
before PTIs would be recommended without clinical indication.

Combining gut microbiota and TCR repertoire data could also contribute to-
wards greater understanding of the effect of HIV infection on the human body. The
link between the gut microbiome, mucosal immunity, and the immune system as a
whole is well established (Kau et al. 2011; Rooks and Garrett 2016; Rooney et al.
2020), and the gut is reported to be an important site for HIV infection (Klatt
et al. 2013; Zevin et al. 2016). Multiple studies have reported that gut microbiome
α-diversity is lower in HIV+ compared to HIV- individuals (Noguera-Julian et al.
2016; Villanueva-Millán et al. 2017; Vujkovic-Cvijin et al. 2020; J. Zhou et al. 2020),
although some studies do not find this to be the case (Dinh et al. 2015; Nowak
et al. 2017). This is thought to be linked to the loss of intestinal mucosa integrity
caused by HIV infection (Epple et al. 2010; Hirao et al. 2014). Thus collecting gut
microbiota and TCR repertoire data from HIV+ individuals could not only further
elucidate whether this effect is present, but also show some of the broader effects
of treatment interruption, such as those analysed in this thesis. In this context it
would be possible to see if a planned treatment interruption is sufficient to allow
HIV to have deleterious effects on the diversity of the gut microbiome, and if so,
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how long these effects may last. Microbiome sequencing from other parts of the
body, such as the airway, would also be a positive addition in this setting, as these
bacteria may be a source of opportunistic infections (Nimmo et al. 2015) during a
PTI. Broader understanding of the effects of a PTI on an individual beyond the
clinical, immunological, and virological (Harrison et al. 2013; N. Klein et al. 2013),
such as on the gut microbiome, could aid in clinical decision-making. Furthermore,
if an effect is found from PTI on the gut microbiome, there may be scope to miti-
gate this through manipulation of the gut microbiome using methods such as FMT
(Kang and Y. Cai 2019), and thus to improve the acceptability and reduce the risks
of treatment interruptions.

8.4 Conclusion

Further to the analytical possibilities offered by combining human gut microbiome
and TCR repertoire data analysis in immunocompromised patients, be it by HIV or
over the course of an HSCT, is the possible inclusion of antigen-TCR testing. While
a great deal can be learned about an individual’s immunological state from their
TCR repertoire, further insights may be possible by conducting assays (Shugay,
Bagaev, et al. 2018) to discover at least some antigen specificities for distinct TCR
sequences. Cross-reactivity means that confirmed reactivity with a given antigen
by no means limits reactivity with other antigens (Birnbaum et al. 2014; Degano
et al. 2000; Sewell 2012), such as the recently reported TCR reactivity to SARS-
CoV-2 in SARS-CoV-2-naïve patients likely due to previous infection with milder
coronaviruses (Grifoni et al. 2020). Moreover, this could be a way to improve un-
derstanding of the link between the gut microbiome and the TCR repertoire, and
how changes in the gut microbiome may affect and alter the TCR repertoire.

This thesis has shown that the gut microbiome (Biagi, Zama, Rampelli, et al.
2019) and the TCR repertoire (Gkazi et al. 2018) can be used to profile aspects
of human health before, during, and after HSCT, as well as in the setting of HIV
infection. It has also shown that inclusion of these data types in clinical settings
can provide greater understanding of the health of individual patients. Thus, data
from these ecosystems could be added to clinical data routinely collected, which
would facilitate both more individualised care for patients (Merker et al. 2020; Pet-
rosino 2018), and much more detailed data to assess trends across patients and guide
decision-making for future patients. Combined with existing and future research, I
hope this work adds greater understanding of the roles of the TCR repertoire and
gut microbiome in the health of immunocompromised children, and contributes to

547



better health outcomes for immunocompromised children in the future.
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A new method for sampling the
mucosal gut microbiome
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Appendix B

Patients’ underlying diagnoses
(CVG & CBT)

Summary of underlying diagnoses

This table gives a brief summary of the underlying conditions of the patients under-
going transplant as described in this thesis. This includes both the CVG (Chapter
4) and UCB (Chapter 6) studies.

Table B.1: Underlying conditions of the patients undergoing HCST (both micro-
biome and T cell studies.

Disease Category Summary

Severe combined
immunodeficiency
(SCID)

PID Genetically heterogenous dysfunction
or loss of lymphocytes, particularly T
cells, B cells, and/or NK cells (S.-Y.
Pai et al. 2014).

Acute lymphoblas-
tic leukaemia
(ALL)

HM Rapidly progressing cancer character-
ized by excessive number of immature
lymphoid progenitor cells (Terwilliger
and Abdul-Hay 2017).

X-linked inhibitor
of apoptosis protein
(XIAP) deficiency

PID X-linked condition typified by develop-
ment of HLH, recurrent splenomegaly,
and Crohn’s-like IBD (Latour and
Aguilar 2015).

Continued on next page
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Table B.1 – continued from previous page

Disease Category Summary

Inflammatory
bowel disease
(IBD)

Usually either Crohn’s disease or ulcer-
ative colitis, with persistent inflamma-
tion of the gut (GBD 2017 Inflamma-
tory Bowel Disease Collaborators et al.
2020).

Acute myeloid
leukaemia (AML)

HM Rapidly progressing cancer character-
ized by excessive number of immature
myeloid progenitor cells (Rooij et al.
2015).

Mucopolysaccharidosis
(MPS)

MD Group of lysosomal storage diseases in
which glycosaminoglycans cannot be
broken down and accumulate in cells
(Muenzer 2011).

Juvenile
myelomonocytic
leukaemia (JMML)

HM Chronic cancer usually found in very
young children, typified by excessive
immature monocytes and myelocytes
(Strullu et al. 2014).

Haemophagocytic
lymphohistiocyto-
sis (HLH)

HM Profusion of inflammatory cytokines
produced by uncontrolled macrophage
and lymphocyte proliferation (Ishii
2016).

Myelodysplastic
syndromes (MDS)

HM Group of cancers in which the BM
is overactive but haematopoiesis is in-
effective. Can develop into AML
(Steensma 2018).

Bilineage
leukaemia

HM Leukaemia which can be difficult
to classify and is seen in multi-
ple haematopoietic cell lineages (Béné
2009).

MHC class II defi-
ciency

PID Combined immunodeficiency resulting
in impaired APC activity and reduced
maturation of CD4+ T cells (Lum et
al. 2019).

Continued on next page
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Table B.1 – continued from previous page

Disease Category Summary

Combined immun-
odeficiency (CID)

PID Less aggressive form of SCID, also het-
erogenous but often resulting in neu-
tropenia and dysfunction or loss of T
and B cells (Moran et al. 2019).

Wiskott-Aldrich
syndrome (WAS)

PID X-linked immunodeficiency presenting
primarily with microthrombocytopenia
and eczema, as well as impaired T cell
function and reduced antibody produc-
tion (Mace and Orange 2018).

X-linked lym-
phoprolifera-
tiveădisease (XLP)

PID X-linked disease in which lymphocytes
proliferate excessively. This dysregula-
tion is often linked to Epstein-Barr in-
fection, and XLP is linked to increased
risk of lymphoma (Gaspar et al. 2002).

Non-Hodgkin lym-
phoma

HM Group of over 50 cancers arising from
T and B cells (Bowzyk Al-Naeeb et al.
2018).
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Appendix C

Clinical metadata (CVG)

Clinical details of the CVG patients

The details of the underlying conditions of all 47 patients included in the CVG study
can be seen in Table C.1.

Table C.1: Details of the 47 patients in this study.

Patient Age
range
(years)

Sex Transplant Disease

CVG001 0-4 Male HSCT PID

CVG002 0-4 Female HSCT PID

CVG003 0-4 Female Gene ther-
apy

PID

CVG004 5-9 Male HSCT HM

CVG005 5-9 Male HSCT PID

CVG006 0-4 Female Heart HD

CVG007 10-14 Female Heart HD

CVG008 0-4 Female Heart HD

CVG009 0-4 Male Heart HD

CVG010 5-9 Male Heart HD

CVG011 5-9 Male Heart HD

CVG012 10-14 Female HSCT PID

Continued on next page
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Table C.1 – continued from previous page

Patient Age
range
(years)

Sex Transplant Disease

CVG013 5-9 Female HSCT HM

CVG014 0-4 Female HSCT HM

CVG016 0-4 Female HSCT PID

CVG017 0-4 Female HSCT HM

CVG019 5-9 Male HSCT HM

CVG020 5-9 Female HSCT MD

CVG021 0-4 Male HSCT PID

CVG022 0-4 Male HSCT PID

CVG024 10-14 Female Heart HD

CVG028 0-4 Female HSCT PID

CVG029 15-19 Female Kidney KD

CVG032 0-4 Female HSCT MD

CVG033 0-4 Male HSCT HM

CVG034 0-4 Female HSCT HM

CVG035 10-14 Male HSCT HM

CVG036 0-4 Male HSCT HM

CVG037 0-4 Male Kidney KD

CVG038 0-4 Female Heart HD

CVG039 0-4 Male Heart HD

CVG040 0-4 Female HSCT HM

CVG041 0-4 Female HSCT HM

CVG042 0-4 Female HSCT HM

CVG043 10-14 Female Kidney KD

CVG044 0-4 Female HSCT HM

CVG045 10-14 Female Kidney KD

CVG046 0-4 Male HSCT PID

CVG047 0-4 Female HSCT HM

Continued on next page
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Table C.1 – continued from previous page

Patient Age
range
(years)

Sex Transplant Disease

CVG048 5-9 Male HSCT HM

CVG049 5-9 Female HSCT HM

CVG050 5-9 Male HSCT HM

CVG052 0-4 Female HSCT HM

CVG053 15-19 Female Kidney KD

CVG054 0-4 Male HSCT HM

CVG059 0-4 Male HSCT MD

CVG060 0-4 Male HSCT PID

Further details of the 20 patients studied in greater detail can be seen in Tables
C.2, C.3, C.4, and ??.
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Table C.2: Microbiome after HSCT patient cohort. Samples from these patients are
used in chapters 4 & 5. Part one: patient age at the time of transplant (age range
in years), sex, underlying condition type, and the timing of samples collected.

Patient Age
range
(years)

Sex Underlying con-
dition type

Samples collected
(days)

CVG001 0-4 M PID -8, 12, 27, 41, 104
CVG002 0-4 F PID 10, 26, 32, 67, 69, 90,

207, 222, 304
CVG003 0-4 F PID 0, 32, 180
CVG004 5-9 M HM 0, 28, 161, 210
CVG005 5-9 M PID 34, 43, 44
CVG012 10-14 F PID -7, 1, 7, 25, 36, 62, 89,

117, 236, 271
CVG014 0-4 F HM 18, 19, 34, 55
CVG016 0-4 F PID 8, 35, 220
CVG017 0-4 F HM -6, 1, 35, 147, 180
CVG019 5-9 M HM 19, 39, 61, 82, 370
CVG021 0-4 M PID -7, 0, 16, 23
CVG028 0-4 F PID -13, 1, 41, 65, 281
CVG032 0-4 F MD -7, -2, 0, 42, 69, 96, 98,

142
CVG041 0-4 F HM 1, 16, 37, 58, 120, 134,

150
CVG042 0-4 F HM 12, 20, 34, 88, 158
CVG046 0-4 M PID -7, 19, 37, 62
CVG047 0-4 F HM -8, 13, 25, 31, 35, 60,

90, 180, 242
CVG048 5-9 M HM 7, 9, 153
CVG052 0-4 F HM 0, 7, 62
CVG054 0-4 M HM -7, 6, 28
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Table C.3: Microbiome after HSCT patient cohort. Samples from these patients are
used in chapters 4 & 5. Part two: day of neutrophil engraftment, HSC donor, HSC
source, and HLA match.

Patient Neutrophil
engraftment

HSCT donor Stem cell
source

HLA
match

CVG001 Day 14 Unrelated living Peripheral blood (10/10)
CVG002 Day 20 Unknown Unknown Unknown
CVG003 Day 26 NA Gene therapy NA
CVG004 Day 10 Parent Peripheral blood NA
CVG005 Day 21 Unrelated living Peripheral blood (10/10)
CVG012 Day 9 Parent Peripheral blood NA
CVG014 Day 13 Unknown Unknown Unknown
CVG016 Day 15 Unrelated living Peripheral blood (10/10)
CVG017 Day 27 Unrelated living Bone marrow (8/10)
CVG019 Day 43 Unrelated living Bone marrow (9/10)
CVG021 Day 25 Unrelated living Peripheral blood (9/10)
CVG028 Day 13 Unrelated living Peripheral blood (10/10)
CVG032 Day 21 Unrelated living Bone marrow (10/10)
CVG041 Day 16 Unrelated living Bone marrow (10/10)
CVG042 Day 26 Unrelated living Bone marrow (9/10)
CVG046 Day 11 Parent Peripheral blood NA
CVG047 Day 24 Unrelated living Bone marrow (10/10)
CVG048 Day 18 Unrelated living Bone marrow (9/10)
CVG052 Day 26 Unrelated living Bone marrow (10/10)
CVG054 Day 20 Unrelated living Cord blood (9/10)

Table C.4: Microbiome after HSCT patient cohort. Samples from these patients are
used in chapters 4 & 5. Part three: details of GvHD, viral infections, and survival.

Patient GvHD (maximum
grade)

Viral infections Survival

CVG001 0 Adenovirus, sapovirus Yes

CVG002 III CMV, norovirus, aden-
ovirus, sapovirus

Yes

CVG003 0 None Yes

CVG004 II CMV, adenovirus No

CVG005 III Adenovirus No

Continued on next page
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Table C.4 – continued from previous page

Patient GvHD (maximum
grade)

Viral infections Survival

CVG012 II CMV Yes

CVG014 I Sapovirus Yes

CVG016 Grade unknown Norovirus Yes

CVG017 0 None Yes

CVG019 II Adenovirus, norovirus,
EBV

No

CVG021 II CMV, norovirus Yes

CVG028 I Norovirus, Influzenza A,
rotavirus, sapovirus

Yes

CVG032 0 Norovirus, sapovirus,
adenovirus

Yes

CVG041 II Adenovirus, norovirus,
EBV

No

CVG042 II Adenovirus, sapovirus,
norovirus.

No

CVG046 III Norovirus No)

CVG047 0 Norovirus No

CVG048 I CMV, adenovirus Yes

CVG052 II CMV Yes

CVG054 II Norovirus Yes
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Appendix D

Laboratory methodology (CVG)

Laboratory methodology of the CVG project

This appendix contains the laboratory methodology for the CVG project, as seen in
Chapters 3 & 4.

Extraction and 16S rRNA gene sequencing

DNA extraction was performed by Dr Julianne Brown (GOSH). 250µl stool in
OMNIgene-GUT buffer was mixed with 0.1mm and 0.5 mm glass beads and 350µl
buffer ATL (Qiagen) then ribolysed for 4 mins at 50 Hz to lyse bacterial cells. Fol-
lowing centrifugation at 13,000 rpm for 5 minutes, 400µl of the lysate was extracted
on the Qiagen EZ1 with carrier RNA using the Virus Mini Kit with a 60µl elution
volume, as per manufacturer’s instructions. A negative extraction control (250µl
OmniGut buffer) was processed with every new Virus Mini Kit (every 48 samples).
The EZ1 platform was treated with UV light for two minutes every 48 samples.

Library preparation and sequencing were performed by Dr Ronan Doyle (GOSH).
Each library preparation for PCR was conducted using 2.5µl Molzym PCR Buffer,
0.2µl dNTPs, 1µl each of 16S rRNA gene forward (10µmol) and reverse primer,
0.125µl Moltaq, 5µl template DNA, and 15.175 µl molecular grade water, which
gave a final volume of 25 µl in each well. 324 samples, including positive and neg-
ative controls, were distributed across four 96 well plates. The resulting amplicons
were cleaned using AMPure XP beads (Beckman Coulter) as per manufacturer’s
instructions, with 20µl of beads used per 25µl of sample. Samples were then eluted
into 50µl molecular grade water. The DNA concentration of each sample was then
checked, using either Qubit or TapeStation.
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Those samples with sufficient DNA were then taken forward for indexed PCR.
16S rRNA gene sequencing of the V5-V7 region was used to characterise the mi-
crobiome from these samples. Nextera dual index primers were used, with different
dual indexes for each sample. Again there was 25µl in each sample sample well,
which comprised 2.5µl Molzym PCR Buffer, 0.2µl dNTPs, 2.5µl each of 16S rRNA
gene forward and reverse primer, 0.125µl Moltaq, 2.5µl template DNA, and 14.675
µl molecular grade water. The reaction was then amplified under the following con-
ditions: 94°C for 3 mins, and then 8 cycles of 94°C for 30 seconds (denaturation),
55°C for 30 seconds (annealing), 72°C for 30 seconds (extension), 72°C for 5 mins,
and 10°C to hold. The amplicons were then cleaned for a second time, this time
using SequalPrep. 25µl of amplicon was added to 25µl of binding buffer, followed
by 20µl elution buffer. 20µl was then taken from each well to combine, resulting in
a pooled sample of approximately 1-2ng/µl. Another clean up was then done using
AMPure XP beads (560µl of AMPure beads for 500µl of library). They were then
eluted into 50µl of molecular grade water, and TapeStation was used to assess the
DNA concentration in each sample.

Biomass

The DNA concentration for each sample was calculated in one of two ways: using
TapeStation or Qubit. For 66 samples DNA nanogram (ng) input was calculated
using Qubit, and TapeStation was used for 79 samples. For the Decontam process
all the samples were processed together. As there is a difference in methods, during
the assessment of contaminants the samples were separated by DNA quantification
method, and testing OTUs for putative contaminants was done on the methods sep-
arately, as well as all the samples combined.

Decontam results: biomass

Fifty-three putative contaminant OTUs were identified using OTU-based Decon-
tam (see Appendix A). The DNA biomass of each sample was detected using either
TapeStation (79 samples) or Qubit (66 samples). Ten OTUs were classified as con-
taminants in both the separated TapeStation and Qubit sample groups. A further 10
of the 53 OTUs were not detected as a contaminant in either group of samples. Nine
of these latter 10 OTUs only appeared once or twice in the two groups of samples
quantified using each method. It is not possible to calculate a Decontam score for
a prevalence of one, and the discriminatory power of prevalence of two is low. The
tenth of these OTUs (OTU 4) had a high prevalence in both TapeStation and Qubit
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sample groups, but was not identified as contaminant in either individually. OTU
4 was also seen in the blank, and was classified as Klebsiella pneumoniae, which
is both a standard gut microbiome member and associated with hospital-acquired
disease (Conlan et al. 2012).

The remaining 33 OTUs were classified as contaminants in one of either the
TapeStation or Qubit sample groups, and often could not be classified as such in
the other group due to low or zero prevalence. It is difficult to disentangle whether
there are any systemic differences in contaminant detected between the two quantifi-
cation methods as splitting the samples in this way also splits the negative controls,
and divides the samples, limiting the power of Decontam to detect contaminants.
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Appendix E

Clinical metadata (CBT)

Clinical details of the UCB patients

Details of the CBT cohort can be seen in Tables E.1, E.2, and E.3.

Table E.1: Cord blood patient cohort part one: patient age at the time of transplant
(age range in years), sex, underlying condition types, and the timing of samples
collected (in months).

Patient Age Sex Underlying condition
type

Samples col-
lected

A < 2 F HM 1, 2, 3, 6, 12
B < 2 M PID 1, 2
C 2-4 M HM 0, 2
D < 2 F PID 1, 3, 6, 8
E < 2 F HM 1, 2, 3
F < 2 F PID 1, 3, 6, 19
G < 2 F HM 1, 6
H 5-8 F PID 1, 2, 3, 6, 12, 18
I < 2 M HM 2, 4, 6, 12
J 5-8 M HM 1, 2, 3
K 2-4 M HM 1, 2, 3
L < 2 M PID 1, 2, 3, 12, 22
M < 2 F PID 1, 2, 6, 8, 12, 22
N 2-4 M MD 1, 3, 12
O 2-4 M HM 2, 12
P 2-4 M PID 1, 2, 3, 6, 12, 17, 30
Q 5-8 F HM 0, 0.75
R 2-4 M HM 0, 1
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Table E.2: Cord blood patient cohort part two: HLA matching, details of GvHD
grade, conditioning regime, and duration of immunosuppressive treatment (in days
post transplant).

Patient HLA
match

GvHD maxi-
mum grade

Conditioning Immunosu
ppression

A (8/10) III Myeloablative (1) 29
B (9/10) I Reduced intensity 499
C (8/10) III Myeloablative (2) 124
D (5/6) I Reduced intensity 156
E (6/6) II Myeloablative (3) 365
F (7/10) I Reduced intensity 221
G (10/10) II Myeloablative (1) 71
H (8/10) II Reduced intensity 274
I (6/10) IV Myeloablative (1) 375
J (9/10) IV Myeloablative (3) 261
K (9/10) 0 Myeloablative (1) 103
L (8/10) II Reduced intensity 141
M (10/10) II Reduced intensity 487
N (10/10) 0 Myeloablative (4) 250
O (8/10) II Myeloablative (1) 92
P (9/10) II Reduced intensity 365
Q (9/10) II Myeloablative (5) NA
R (8/10) 0 Myeloablative (3) NA

Days of immunosuppression are inclusive of short breaks. Patient K had a 15
day break from immunosuppression after 47 days, and patient M had a 14 day break
after 288 days. NA indicates that specific records were not available.
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Table E.3: Cord blood patient cohort part three: viral infection, other health com-
plications, and survival (beyond the study period).

Patient Viral infections Further health
issues

Survival

A Norovirus, adenovirus No
B CMV Yes
C CMV Disease relapse by

month 4
No

D None known Yes
E Adenovirus Yes
F EBV Yes
G RSV, norovirus, CMV Yes
H EBV Yes
I Adenovirus Yes
J Adenovirus, HHV6 No
K None known Yes
L CMV Yes
M Adenovirus Yes
N RSV, HHV6 Yes
O CMV, adenovirus Transplant failed

(month 4), second
transplant (month
5)

Yes

P HHV6 Yes
Q No major infections Yes
R CMV Yes

The month 6 and 8 samples for patient were separated in to CD4+ and CD8+
groups before sequencing. In order to make more equitable comparisons with other
patients these were pooled for diversity and shared clonotype analysis.

The reduced intensity conditioning consisted of Treosulfan/Fludarabine. The
myeloablative conditioning encompassed five different drug combinations: (1) Busul-
fan/Cyclophosphamide/Melphalan, (2) Busulfan/Cyclophosphamide, (3) Treosul-
fan/Fludarabine/Thiotepa, (4) Busulfan/Fludarabine, and (5) Yttrium-90-labelled
anti-CD66 moAb/Fludarabine/Melphalan.

All patients received both Ciclosporin and Mycophenolate mofetil (MMF) for
GvHD prophylaxis, for varying time periods. Patient A also received Tacrolimus,
and Patient J received both Tacrolimus and Sirolimus in addition to Ciclosporin
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and MMF. Duration of immunosuppressive treatment post transplant was calcu-
lated from the day of transplant to the day the last of the immunosuppressive drugs
was finished. For a few patients there was incomplete clinical data so the number
of days given is the highest that can be confirmed. No specific data were available
for patients Q and R.
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Appendix F

Laboratory methodology (CBT)

The laboratory methods for the UCB study, as presented in Chapters 5 & 6, can be
seen below. The following is an excerpt from Gkazi et al. (2018).

Gkazi AS, Margetts BK, Attenborough T, Mhaldien L, Standing JF, Oakes T,
et al. Clinical T cell receptor repertoire deep sequencing and analysis: An applica-
tion to monitor immune reconstitution following cord blood transplantation. Front
Immunol. 2018; doi:10.3389/fimmu.2018.02547

Immunophenotyping, Spectratyping and TRECs

Routine immunophenotyping was carried out to measure T cell numbers and naïve/memory
T cells as previously described (S. P. Adams et al. 2018). T cell receptor spectratyp-
ing (E. G. Davies et al. 2017) was carried out using the same starting RNA sample
as for the NGS experiments. Quantification of TRECs was carried out on DNA ex-
tracted from the same starting sample as used for the NGS experiments and using
previous published methods (S. P. Adams et al. 2018).

Sample Preparation

Peripheral Blood Mononuclear Cells (PBMCs) were isolated from the blood samples
and RNA was extracted using the Qiagen RNA blood Mini kit (Qiagen, 52304).
RNA was subsequently treated with RQ1 DNase (Promega) following manufac-
turer’s instructions to remove any residual genomic DNA.
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Library Preparation

Library preparation was based on a protocol for quantitative TCR sequencing. Full
details of the method have been recently published (Oakes et al. 2017).

Library Sequencing

Up to 12 final amplicon products were pooled together and loaded, at 12pM con-
centration, on an Illumina MiSeq, using a version 2 chemistry 2x250PE kit.
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Appendix G

Laboratory methodology
(PENTA)

Content redacted following advice from UCL library.
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Appendix H

Summary and discussion of
putative contaminant genera

This appendix includes a summary of all genera indicated as possible contaminants
using Decontam on both the genera and OTUs in Chapter. A discussion follows giv-
ing on each genus, separated but those retained and those removed. Finally, there
is a summary of the decisions on which genera are determined to be contaminants
and removed, and which are retained for the onward analysis.

Putative contaminant genera

Table H.1 shows the genera which were indicated as possible contaminants though
the application of genus-based Decontam.
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Table H.1: Genera classified as contaminants after OTU agglomeration at genus level, including method of detection.

Genus Sample
prevalence

Decontam
score

Detected
in OTU
Decontam

Outcome Combined Frequency Prevalence

Mesorhizobium 2 0.00071 No Removed No No Yes

Methylobacterium 9 0.00079 Yes Removed Yes Yes Yes

Tepidimonas 49 0.00142 Yes Removed Yes Yes Yes

Achromobacter 50 0.01134 Yes Removed Yes Yes Yes

Cutibacterium 25 0.01271 Yes Kept Yes Yes Yes

Acinetobacter 41 0.01293 Yes Kept Yes Yes Yes

Curvibacter 5 0.01839 Yes Removed Yes No Yes

Ruminiclostridium 5 0.03443 Yes Kept Yes No Yes

Brevundimonas 2 0.04110 No Removed No No Yes

Hymenobacter 2 0.04110 No Removed No No Yes

Janibacter 2 0.04110 No Removed No No Yes

Nitriliruptor 2 0.04110 No Removed No No Yes

Sphingobacterium 2 0.04110 No Kept No Yes Yes

Streptomyces 2 0.04110 No Kept No No Yes

Continued on next page
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Table H.1 – continued from previous page

Genus Sample
prevalence

Decontam
score

Detected
in OTU
Decontam

Outcome Combined Frequency Prevalence

Tepidiphilus 2 0.04110 No Removed No Yes Yes

Bradyrhizobium 2 0.04762 No Removed No No Yes

Halomonas 2 0.04762 No Removed No No Yes

Desulfonauticus 4 0.05334 Yes Removed Yes No Yes

Thermus 19 0.05545 Yes Removed Yes Yes Yes

Corynebacterium 26 0.06255 Yes Kept Yes Yes Yes

Spirosoma 3 0.07139 No Removed No No Yes

Moraxella 14 0.08364 Yes Kept Yes Yes Yes

Mitsuaria 4 0.09511 No Removed No No Yes

Rubrivivax 4 0.09511 No Removed No No Yes

Kocuria 2 0.11630 Yes Kept Yes Yes No

Agrobacterium 2 0.16138 Yes Removed Yes Yes No

Alistipes 8 0.16334 Yes Kept No No Yes

Shigella 97 0.17054 Yes Kept Yes No Yes

Anoxybacillus 3 0.18000 Yes Removed Yes No Yes

Continued on next page
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Table H.1 – continued from previous page

Genus Sample
prevalence

Decontam
score

Detected
in OTU
Decontam

Outcome Combined Frequency Prevalence

Lautropia 6 0.18354 Yes Kept Yes No Yes

Leuconostoc 4 0.18412 Yes Kept No Yes No

Rhodococcus 2 0.18567 No Kept No Yes No

Klebsiella 102 0.19155 Yes Kept No No Yes

Caulobacter 2 0.19859 No Removed No Yes No

Bacteroides 41 0.19909 No Kept No No Yes

Brevibacterium 5 0.21352 Yes Kept Yes Yes No

Pseudomonas 24 0.22701 Yes Kept Yes Yes No

Parabacteroides 16 0.24482 Yes Kept Yes No Yes

Bacillus 8 0.24678 No Kept Yes Yes No

Cupriavidus 7 0.26351 Yes Kept Yes No Yes

Methylophilus 9 0.26574 Yes Removed Yes No Yes

Chryseobacterium 5 0.28307 No Kept Yes No Yes

Micrococcus 7 0.28724 Yes Kept Yes Yes Yes

Coprococcus 4 0.29682 No Kept Yes Yes No

Continued on next page
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Table H.1 – continued from previous page

Genus Sample
prevalence

Decontam
score

Detected
in OTU
Decontam

Outcome Combined Frequency Prevalence

Acidovorax 4 0.29860 No Kept Yes Yes No

Roseburia 8 0.29930 No Kept Yes No Yes
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Retained genera

This section provides a detailed discussion of each genus that was indicated as a
possible contaminant through genus-based Decontam and positive control analysis,
but was ultimately deemed unlikely to be a contaminant was retained in the analysis
seen in Chapter 4.

Acidovorax

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 3 and then 4 in the agglomerated Decontam; 2 OTUs
were combined. It was found in 2 patient samples. It has been published as a pos-
sible contaminant in microbiome studies (Eisenhofer et al. 2019; Salter et al. 2014).
Acidovorax has also been published as present in the human gut (Dulal and Keku
2014). This genus was retained at stage two of contaminant removal.

Acinetobacter

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. The prevalence was 11 and then 41 in the agglomerated Decontam, showing
that the taxa agglomeration had combined multiple OTUs; there proved to be four
of these. It was seen in five of the six negative controls, including almost 7000 reads
in one. Although it was fairly abundant in several patient samples, the highest
abundance was in the negative control. This genus has previously been identified as
a gut microbiome study contaminant (Eisenhofer et al. 2019; Li et al. 2018; Salter
et al. 2014). Species from this genus are often found in soil and water, and to cause
hospital associated diseases. Acinetobacter baumannii, including strains with multi-
drug resistance (MDR) have been reported as present in the human gut (Ketter
et al. 2018), and specifically in the gut of neonates (Roy et al. 2010) but it is not
possible to know which species is/are present in this study. This genus was retained
at stage two of contaminant removal.

Alistipes

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. This genus contains 2 OTUs. It was seen in 5 patient samples with a range of
fairly low abundances, and with at very low abundance in 1 negative control. This
genus has been previously published as a microbiome study contaminant (Glassing
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et al. 2016). However this genus has also been previously published as a commensal
member of the human gut microbiome (Jeffery and O’Toole 2013; Martínez et al.
2013). This genus was retained at stage two of contaminant removal.

Bacillus

This genus was classified as a contaminant using genus based Decontam, but not
OTU based Decontam. It was found in 8 samples. This genus has been previously
published as present in human stool (Samb-Ba et al. 2014; Lagier et al. 2012) as
well as a microbiome study contaminant (Eisenhofer et al. 2019; Glassing et al. 2016;
Salter et al. 2014). It has also been published as a cause of food poisoning (Tewari
and Abdullah 2015). This genus was retained at stage two of contaminant removal.

Bacteroides

This genus was classified as a contaminant using both OTU and genus based De-
contam. It was seen in 41 samples, including 3 of the negative controls at very low
abundance. In the patient samples the abundances ranged from very low to very
high. This genus has been previously published as a microbiome study contaminant
(Glassing et al. 2016). Bacteroides are also well known members of the human gut
microbiome (Y. Zhou and Zhi 2016; Wexler 2007). This genus was retained at stage
two of contaminant removal.

Brevibacterium

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 3 and then 5 in the agglomerated Decontam, showing
that the taxa agglomeration combined OTUs (2 were combined). It appeared in 5
patients sample at low abundance. This genus has been previously published as a
microbiome study contaminant (Li et al. 2018; Salter et al. 2014). This genus is
generally associated with environments such as cheese and human skin (Anast et al.
2019), though in rare cases Brevibacterium spp. have been identified as causative
of conditions such as sepsis in immunocompromised patients (Brazzola et al. 2000).
This genus was retained at stage four of contaminant removal.
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Chryseobacterium

This genus was classified as a contaminant using both OTU- and genus-based De-
contam. The prevalence was 3 and then 5 in the agglomerated Decontam; 2 OTUs
were combined. This included 4 patient samples with a range of abundances, and 1
very low abundance negative control. It has been published as a possible contam-
inant in microbiome studies (Eisenhofer et al. 2019; Li et al. 2018; Glassing et al.
2016; Salter et al. 2014). Chryseobacterium species are generally found in soil and
water, including sinks and taps in hospitals (Kirby et al. 2004). They have been
found to cause diseases such as pneumonia, bacteraemia, and skin infections, and
are mostly seen in immunocompromised patients and newborns (Kirby et al. 2004;
Bloch et al. 1997). This genus was retained at stage five of contaminant removal.

Citrobacter

This genus was classified as a putative contaminant using positive control analysis,
with a prevalence of 60 across the samples including one negative control. In sev-
eral patient samples it was present with more than 5000 reads. It is not a known
microbiome study contaminant, but has been reported as present in the human gut.
Citrobacter has been associated with irritable bowel syndrome and gastroenteritis
(Ganji et al. 2016). This genus was retained at stage two of contaminant removal.

Coprococcus

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in 4 patient samples at very low abundance.
It has been published as a possible contaminant in microbiome studies (Eisenhofer
et al. 2019; Glassing et al. 2016). It has also been published as a member of the
human gut microbiome (Valles-Colomer et al. 2019; Voreades et al. 2014). This
genus was retained at stage two of contaminant removal.

Corynebacterium

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 8 and then 26 in the agglomerated Decontam, showing
that the taxa agglomeration combined at multiple OTUs. This was the result of
combining 10 Corynebacterium OTUs. This genus was present in 2 negative con-
trols. More than 110 species are recognized within this genus (Oliveira et al. 2017),
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which has been published as a microbiome study contaminant (Eisenhofer et al.
2019; Glassing et al. 2016; Salter et al. 2014). However, members of this genus are
commonly found as part of the skin microbiome, and have been found in the human
gut microbiome including that of infants (Flygel et al. 2019; Collado et al. 2012).
This genus was retained at stage two of contaminant removal.

Cupriavidus

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 7 in both, showing that the taxa agglomeration did
not affect this genus. This genus has been found often in soil, as well as in humans
clinically (Cuadrado et al. 2010). It has been published as a possible contaminant
in microbiome studies (Eisenhofer et al. 2019; Salter et al. 2014). However, Cupri-
avidus gilardii has been implicated in several human infections, and was found in
the stool sample from a febrile child (Karafin et al. 2010). This genus was retained
at stage two of contaminant removal.

Cutibacterium

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 25 in both. Therefore, the taxa agglomeration did not
affect the prevalence of this genus. As this is a common skin commensal, it may
have originated from the researcher’s or patient’s skin (Hornung et al. 2019). It has
been published as both present in the gut microbiome (Delgado et al. 2011; Perry
and Lambert 2011), and as a possible contaminant (Eisenhofer et al. 2019; Hornung
et al. 2019; Li et al. 2018; Salter et al. 2014). This genus was retained at stage two
of contaminant removal.

Fusobacterium

This genus was classified as a putative contaminant using positive control analysis.
It was seen in 29 samples, including one negative control. In the mock communities
and negative control, it was present with less than 50 reads. Fusobacterium has
previously been published as a possible microbiome study contaminant (Glassing
et al. 2016), though it has also been found to cause infections in humans, includ-
ing abscess formation and septic shock (Garcia-Carretero et al. 2017) including in
patients with underlying conditions (E et al. 2011). Garcia-Carretero et al. (2017)
report Fusobacterium to be normal human gut microbiome residents. This genus
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was retained at stage two of contaminant removal.

Granulicatella

This genus was classified as a putative contaminant using positive control analysis.
It was present in 80 samples, including three negative controls. Granulicatella has
previously been published as a possible microbiome study contaminant (Glassing
et al. 2016). However, it has also been published as present in the human gut mi-
crobiome (M. Liu et al. 2019) and has been associated with conditions including
infective endocarditis periodontitis (Karched et al. 2019). This genus was retained
at stage two of contaminant removal.

Klebsiella

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. The prevalence was 94 and then 102 in the agglomerated Decontam, showing
that the taxa agglomeration combined OTUs. Further investigation showed that 6
OTUS had been agglomerated. It was in 5 of the 6 negative controls, though at
low levels. Abundance varied in the patient samples, but was high in many of the
samples. It was also present in all 3 replicates of the mock community. This genus
has been previously published as a microbiome study contaminant (Glassing et al.
2016). Klebsiella is also a well-established human gut microbiome member (Kaur
et al. 2018; Rashid et al. 2013). This genus was retained at stage two of contaminant
removal.

Kocuria

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. It was not affected by the genus agglomeration. It was further classified with
confidence as Kocuria palustris. It was seen in 2 patient samples with low abundance.
This genus has been previously published as a microbiome study contaminant (Li
et al. 2018; Salter et al. 2014). Species from this genus have been reported as part
of the human skin and oral microbiota, and to cause a range of pathologies in both
immunocompromised and immunocompetent individuals (Kandi et al. 2016). This
genus was retained at stage four of contaminant removal.
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Lautropia

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. It was seen in 5 patient samples with a range of abundances, and with at very
low abundance in 1 negative control. This OTU was further classified with confi-
dence as Lautropia mirabilis. This genus has been previously published as a possible
microbiome study contaminant (Li et al. 2018). The species has previously been
identified in the oral microbiota of both healthy and immunocompromised children
(Rossmann et al. 1998), and in the sputum of a cystic fibrosis patient (Ben Dekhil
et al. 1997). This genus was retained at stage five of contaminant removal.

Leuconostoc

This genus was classified as a contaminant using both OTU and genus based De-
contam. It was not affected by the genus agglomeration. It was seen in 4 patient
samples with fairly low abundance. It is not a known contaminant of gut micro-
biome studies. It has previously been found in human stool (Walter et al. 2001).
This genus was retained at stage two of contaminant removal.

Micrococcus

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 7 in both. This included 6 patient samples with low
abundances, and 1 very low abundance negative control. The taxa agglomeration
did not affect this genus. It has been published as a possible contaminant in micro-
biome studies (Li et al. 2018; Salter et al. 2014). Micrococci are found in a range
of environments including air, soil, and human skin (Kooken et al. 2012). Only 1
of the 5 Micrococcus species, M. luteus is primarily found on human skin (Kooken
et al. 2012). M. luteus has also found to be causative of septic shock in an HSCT
patient (Kogure et al. 2014). This genus was retained at stage five of contaminant
removal.

Moraxella

This genus was classified as a contaminant using both OTU and genus based De-
contam. It was not affected by the genus agglomeration. This genus was present in
2 negative controls, 1 of these was at a higher abundance than in any of the patient
samples. This genus has been previously published as a possible microbiome study
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contaminant (Li et al. 2018). This genus has been associated with several different
infections in humans (Shah et al. 2000). It is not clearly a member of the gut mi-
crobiome, but is seen in the oral microbiome, the respiratory tract, and often causes
ear infections (T. F. Murphy et al. 2009). This genus was retained at stage five of
contaminant removal.

Parabacteroides

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 14 and then 16 in the agglomerated Decontam; 10
OTUs were combined. 2 of the appearances were in negative controls at very low
abundance, the rest were in patient samples at a wide variety of abundances. This
genus has been previously published as a microbiome study contaminant (Glassing
et al. 2016). Some the OTUs were classified with confidence as Parabacteroides dis-
tasonis and Parabacteroides merdae. These species have been previously described
as present in human stool (Forster et al. 2019; Chiu et al. 2014). This genus was
retained at stage two of contaminant removal.

Pseudomonas

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. The prevalence was 12 and then 24 in the agglomerated Decontam, showing
that the taxa agglomeration combined OTUs. Members of this genus are found in
a wide variety of niches including plants, soil, and humans. It has been previously
published as a microbiome study contaminant (Eisenhofer et al. 2019; Glassing et al.
2016; Salter et al. 2014; Kulakov et al. 2002). It has also been published as present
(and generally pathogenic) in the human gut (Markou and Apidianakis 2014). This
genus was retained at stage two of contaminant removal.

Rhodococcus

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 2 samples. 3 OTUs contributed
to this genus. This genus is generally benign and is often found in soil and wa-
ter, but some species are pathogenic. It most commonly causes disease in horses,
but is increasingly being associated with infections in humans, especially those who
are immunocompromised. Associated infections include bacteraemia and peritoni-
tis (Weinstock and Brown 2002). This genus has been previously published as a
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microbiome study contaminant (Li et al. 2018; Salter et al. 2014). This genus was
retained at stage four of contaminant removal.

Roseburia

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 8 samples, 1 of which was a negative
control. The abundance was fairly low in the negative control, and much higher in
at least 1 patient sample. Investigation showed that 7 OTUS had been agglomer-
ated. This genus has been previously published as a microbiome study contaminant
(Glassing et al. 2016). Roseburia contains 5 species, and is a known member of the
human gut microbiome (Voreades et al. 2014; Morgan et al. 2012). Differences in
Roseburia abundance has been associated with several gut-related disease (Machiels
et al. 2014; Morgan et al. 2012).

Ruminiclostridium

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was four and then five in the agglomerated Decontam,
showing that the taxa agglomeration combined at least two OTUs. It was seen in
one negative control, at very low abundance. Species within this genus are known
members of the human gut microbiome. It was listed as a potential DNA extraction
kit contaminant by (Glassing et al. 2016). This genus is also a known human gut
microbiome community member, including in children (Hildebrand et al. 2019; El
Mouzan et al. 2018). This genus was retained at stage two of contaminant removal.

Shigella

This genus was classified as a contaminant using both OTU and genus based Decon-
tam, and also positive control analysis. It appeared in 99 samples, including all 6
negative extractions. The abundance in the negative controls was very low, and high
in many patient samples. This genus contains 4 species, and identification of these
species and differentiation from Escherichia coli is difficult as the DNA sequences
are very similar (Hornung et al. 2019; Public Health England 2015). Therefore it is
possible that this genus is E. coli. Both Shigella and E. coli are known human gut
microbiome members (Christofi et al. 2019; Baker and The 2018). This genus was
retained at stage two of contaminant removal.
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Sphingobacterium

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found with low abundances in 2 samples: 1 pa-
tient sample and slightly more abundant in 1 negative control. 3 OTUs contributed
to this genus. This genus has been previously published as a microbiome study
contaminant (Li et al. 2018; Glassing et al. 2016). Species have generally been
found in environments such as soil, plants, raw milk, and lakes (Fu et al. 2017).
Sphingobacterium are not frequently connected to human disease, but have been
implicated in pathologies such as bacteraemia and peritonitis (Tronel et al. 2003;
B. Holmes et al. 1981). This genus was retained at stage five of contaminant removal.

Streptomyces

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 2 samples. It appeared at very
low abundance in 1 patient sample and 1 negative control. This is a large genus,
and species within it are used to produce drugs such as antibiotics and antifungals
(Chater 2016). Members of this genus are found in a variety of environments in-
cluding soil and the human gut (Bolourian and Mojtahedi 2018). It is not known as
a contaminant. This genus was retained at stage two of contaminant removal.

Removed genera

This section provides a detailed discussion of each genus that was indicated as a
possible contaminant through genus-based Decontam and positive control analysis,
and was deemed highly likely to be a contaminant and thus removed from the data
before further analysis.

Achromobacter

This genus was classified as a contaminant using both OTU- and genus-based De-
contam. The prevalence was 5 in both. The agglomeration of taxa did not affect
the prevalence of this genus. A high abundance of it was found in all six negative
controls. This genus has been previously published as a microbiome study contam-
inant (Eisenhofer et al. 2019; Zinter et al. 2019). While Achromobacter has been
found in connection to some human disease, especially in relation to lung infections
in patients with cystic fibrosis (B. D. Edwards et al. 2017; Ridderberg et al. 2011),
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it is not known to be a gut microbiome resident. This genus was removed at stage
four of contaminant removal.

Agrobacterium

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. It was also seen in 2 patient samples with low abundance. This genus has been
previously published as a microbiome study contaminant (Li et al. 2018; Laurence
et al. 2014). This genus is generally soil-based, and causes tumours in plants (Nester
2015). It is not known to inhabit the human gut. This genus was removed at stage
three of contaminant removal.

Anoxybacillus

This genus was classified as a contaminant using both OTU and genus based Decon-
tam. It was seen in 2 patient samples with low abundance, and with much higher
abundance in 1 negative control. This genus has been previously published as a
possible microbiome study contaminant (Li et al. 2018). This OTU was further
classified with confidence as Anoxybacillus flavithermus. This species is know for
contaminating gelatin and milk powder, and has been isolated from wastewater at a
geothermal plant (Saw et al. 2008). It is capable of growth in highly saturated silica
solutions (Saw et al. 2008). This genus was removed at stage three of contaminant
removal.

Bradyrhizobium

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in two samples. Two OTUs contributed
to this genus. It appeared at very low abundance in one patient sample and one
negative control. This genus has been previously published as a microbiome study
contaminant (Eisenhofer et al. 2019; Glassing et al. 2016; Laurence et al. 2014; Salter
et al. 2014; Kulakov et al. 2002). Many species within this genus fix nitrogen, and
some are photosynthetic (Ormeño-Orrillo and Martínez-Romero 2019). This genus
was removed at stage three of contaminant removal.
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Brevundimonas

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in 2 samples. It appeared at low abundance
in 1 patient sample and 1 negative control; the abundance was notably higher in the
negative control. This genus has been previously published as a microbiome study
contaminant (Eisenhofer et al. 2019; Li et al. 2018; Salter et al. 2014). The genus
include 25 species isolated from a variety of environments including soils, deep sea
sediment, and purified water (Ryan and Pembroke 2018). In rare cases it was been
associated with human disease and isolated from blood, urine, and sputum (Ryan
and Pembroke 2018). This genus was removed at stage five of contaminant removal.

Caulobacter

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 2 samples. It was detected in this
analysis as 2 OTUs had been merged. This genus has been previously published
as a microbiome study contaminant (Salter et al. 2014). It is classically found in
freshwater environments such as lakes (Heinrich et al. 2019) and is not known to be
a gut microbiome resident. This genus was removed at stage three of contaminant
removal.

Curvibacter

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was five in both, showing that the taxa agglomeration did
not affect the prevalence of this genus. It was originally isolated from well water (L.
Ding and Yokota 2004). This genus has previously been identified as a gut micro-
biome study contaminant (Eisenhofer et al. 2019; Glassing et al. 2016; Salter et al.
2014). This genus was removed at stage three of contaminant removal.

Desulfonauticus

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was four in both, showing that the taxa agglomeration did
not affect the prevalence of this genus. It appeared at very low abundance in three
patient samples and with a higher abundance in one negative control. Species from
this genus have tend to be halophilic and somewhat thermophilic, and have been
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isolated from environments such as water byproducts from oil production and deep
sea thermal vents (Mayilraj et al. 2009; Audiffrin et al. 2003). This genus is not well
known as either a human gut microbiome resident or contaminant. This genus was
removed at stage three of contaminant removal.

Halomonas

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 2 samples. It also appeared at very
low abundance in 1 patient sample and 1 negative control. 2 OTUs contributed to
this genus. The species of this genus have generally been isolated from marine and
other saline environments, though in rare cases they have been found in healthcare
environments (Stevens et al. 2009). This genus was removed at stage five of con-
taminant removal.

Hymenobacter

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in one patient sample and one negative
control. It has been previously published as a laboratory contaminant (Li et al.
2018). Bacteria from this family and genus are generally environmental bacteria,
isolated from locations such as sandstone, air and soil (R. I. Adams et al. 2015;
Hirsch et al. 1998). This genus is not known to be a gut microbiome resident. This
genus was removed at stage three of contaminant removal.

Janibacter

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in two samples. This genus was originally
isolated from the sludge of a wastewater treatment plant and has also been found
in hydrothermal sediment (G. Zhang et al. 2014; K. Martin et al. 1997). It has been
previously published as a microbiome study contaminant (Salter et al. 2014). This
genus was removed at stage three of contaminant removal.

Mesorhizobium

This genus was classified as a contaminant using the genus-based Decontam, but
not the OTU based Decontam. It was found in two samples. This genus is generally
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soil-associated and contains at least one species capable of nitrogen fixation (Laranjo
et al. 2014). It has been previously published as a microbiome study contaminant
(Eisenhofer et al. 2019; Salter et al. 2014). This genus was removed at stage three
of contaminant removal.

Methylobacterium

This genus was classified as a contaminant using both OTU and genus based Decon-
tam, and was seen in three of the negative controls. The prevalence was 8 and then
9 in the agglomerated Decontam, showing that the taxa agglomeration combined
at least 2 OTUs. This also suggests removal of an OTU which was not previously
detected. It has been published as a possible contaminant in microbiome studies
(Eisenhofer et al. 2019; Davis et al. 2018; Li et al. 2018; Glassing et al. 2016; Salter
et al. 2014). This genus is classically found in soil and water, though in rare occa-
sions has been implicated in human disease (Kovaleva et al. 2014). It was found at
higher abundance in negative controls than in patients. This genus was removed at
stage four of contaminant removal.

Methylophilus

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 9 in both. The taxa agglomeration did not affect this
genus. Bacteria similar to this and in this genus tend to be found in mud, pond
water, and activated sludge (O. Jenkins et al. 1987). This genus is not known to
be a gut microbiome resident. It has been previously published as a microbiome
study contaminant (Salter et al. 2014). This genus was removed at stage three of
contaminant removal.

Mitsuaria

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found at very low abundances in 3 patient
samples and 1 negative control. It is not a known contaminant of gut microbiome
studies. This genus contains two species: Mitsuaria noduli which was found on
legume roots, and Mitsuaria chitosanitabida which was isolated from soil (Fan et al.
2018; Amakata 2005). These species are known for producing chitosanase, which
hydrolyses chitosan (Fan et al. 2018). This genus is not known as a human gut mi-
crobiome resident. This genus was removed at stage three of contaminant removal.
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Nitriliruptor

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 2 samples. This genus contains a
single species: Nitriliruptor alkaliphilus, which was isolated from a soda lake. It is
alkaliphilic and somewhat salt-tolerant (Sorokin et al. 2009). It is not known as
either a human gut microbiome community member or contaminant. It appeared at
low abundance in 1 patient sample and 1 negative control. This genus was removed
at stage three of contaminant removal.

Rubrivivax

This genus was classified as a contaminant using the genus based Decontam, but
not the OTU based Decontam. It was found in 3 patient samples and 1 negative
control, all with low abundances. It is not a known contaminant of gut microbiome
studies. Members of this genus are found in environments such as ponds, activated
sludge, and wastewater from food processing (Nagashima et al. 2012). This genus
was removed at stage three of contaminant removal.

Spirosoma

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in 2 patient samples and 1 negative con-
trol. This was the result of agglomerating 3 OTUs. This genus has been previously
published as a possible microbiome study contaminant (Li et al. 2018). Members
of this genus have been isolated from environments including wells, permafrost soil,
and fields(Lail et al. 2010). It is not a known gut microbiome community member.
This genus was removed at stage three of contaminant removal.

Tepidimonas

This genus was classified as a contaminant using both OTU- and genus-based De-
contam. The prevalence was 49 in both, showing that the agglomeration of taxa did
not affect the prevalence of this genus. This genus has been previously published as
a microbiome study contaminant (Li et al. 2018). It is not a known member of the
human gut microbiota. All currently described species in this genus were isolated
from moderately hot springs (Habib et al. 2018). This genus was removed at stage
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three of contaminant removal.

Tepidiphilus

This genus was classified as a contaminant using the genus based Decontam, but not
the OTU based Decontam. It was found in two samples: it appeared at very low
abundance in one patient sample and one negative control, and the abundance was
higher in the negative control. It is not a known contaminant of gut microbiome
studies. There are three species within this genus, two of which were isolated from
hot springs and one was isolated from water-treatment sludge (Poddar et al. 2014;
Manaia et al. 2003). As these species are moderate thermophiles with an optimum
growth temperature of 50 − 55°C (Poddar et al. 2014), it is not likely that they
are human gut microbiome residents. This genus was removed at stage three of
contaminant removal.

Thermus

This genus was classified as a contaminant using both OTU and genus based De-
contam. The prevalence was 19 in both, showing that the taxa agglomeration did
not affect the prevalence of this genus. This a thermophilic species and has gener-
ally been isolated from thermal environments such as hot springs and thermal vents
(R. A. D. Williams and Da Costa 1992). Stinson et al. (2019) state that Thermusis
not a biologically plausible member of the gut microbiome (Stinson et al. 2019),
and it therefore may be misclassified, although the top matches for this sequence
in BLAST were Thermus. It has been described as present in human lungs (Yu
et al. 2016). However, Moltaq from Thermus was used during the laboratory stages
of the project, a contamination risk alluded to by Yu et al. (2016), and thus may
be responsible for this result. This genus was removed at stage five of contaminant
removal.

Zymomonas

This genus was classified as a putative contaminant using positive control analysis.
It was seen in 17 samples, including one negative control. It was generally present
in low abundances, not exceeding 40 reads in any sample. Zymomonas is not known
as a microbiome study contaminant, but is primarily known for its use in producing
ethanol and causing spoilage in beverages, and is rarely detected in any environment
besides sugary plant material (Weir 2016). This genus was removed at stage five of
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contaminant removal.

Summary

Table H.2 gives a summary of genera detected by either or both genus-based Decon-
tam and OTU-based Decontam. For the final list of included and excluded genera,
see Chapter 3.

Table H.2: Genera indicated as possible contaminants using Decontam. Genera
detected by both genus-based Decontam and OTU-based Decontam are seen in the
first column, and genera only detected by OTU-based Decontam are seen in the third
column. Flagged OTUs indicated the specific OTUs indicated as putative contami-
nants, and the bracketed number indicates the fraction OTUs from that genus which
were flagged as possible contaminants by OTU-based Decontam. Genera listed in
bold were deemed to be contaminants.

Genus and OTU Flagged
OTUs

OTU only Flagged
OTUs

Achromobacter 19 (1/1) Blautia 160, 397
(2/38)

Acidovorax 170 (1/2) Enterococcus 587 (1/15)

Acinetobacter 25, 41, 42
(3/4)

Erysipelatoclostridium 340 (1/3)

Agrobacterium 222 (1/1) Eubacterium 530 (1/6)

Anoxybacillus 56 (1/1) Haemophilus 280 (1/4)

Bacteroides 38, 147
(2/33)

Lachnoclostridium 111, 208,
305, 548
(4/51)

Brevibacterium 181 (1/2) Neisseria 205 (1/3)

Brevundimonas 76 (1/1) Paracoccus 256 (1/5)

Chryseobacterium 171 (1/2) Ruminococcus 65 (1/5)

Corynebacterium 53, 75
(2/10)

Staphylococcus 598 (1/21)

Cupriavidus 115 (1/1) Sutterella 427 (1/3)

Curvibacter 129 (1/1)

Continued on next page
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Table H.2 – continued from previous page

Genus and OTU Flagged
OTUs

OTU only Flagged
OTUs

Cutibacterium 101 (1/1)

Desulfonauticus 63 (1/1)

Hymenobacter 188 (1/1)

Janibacter 156 (1/1)

Kocuria 214 (1/1)

Lautropia 35 (1/1)

Mesorhizobium 137 (1/1)

Methylobacterium 117 (1/2)

Methylophilus 133 (1/1)

Micrococcus 220 (1/1)

Mitsuaria 439 (1/1)

Moraxella 61 (1/1)

Nitriliruptor 260 (1/1)

Parabacteroides 23, 40
(2/10)

Pseudomonas 17 (1/2)

Rubrivivax 223 (1/2)

Ruminiclostridium 279 (1/4)

Shigella 265 (1/10)

Streptomyces 413 (1/1)

Tepidimonas 30 (1/1)

Tepidiphilus 303 (1/1)

Thermus 106 (1/1)
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Appendix I

OTUs with ambiguous initial
taxonomical identification

The below section shows the detailed analysis and outcomes for the process of clas-
sifying initially unidentified OTUs from from the CVG project, pre-processed in
Chapter 3 and analysed in Chapter 4. Table 3.3 summarising these outcomes can
be seen in Chapter 3.

Initially unidentified OTUs

OTU 100

This OTU was classified as belonging to the phylum Streptophyta, and there were
229 reads in the study. The top match was Trichocoleus. The E value was 4e-141
and percent identity was 91.06%. 2 of the top 10 matches were with Oscillatoria,
and 2 were with Cephalothrix. Other top matches included Cronbergia and Cylin-
drospermumThe top matches all belonged to the class Cyanophyceae. This OTU is
not likely to be Streptophyta, as this is a clade of plants. The phylogenetic tree was
not very informative as all the closest matches were in a different clade to the OTU
sequence. This OTU was classified as belonging to the class Cyanophyceae, and was
retained.

OTU 354

This OTU was classified as belonging to the phylum Chloroflexi, although this iden-
tification was low confidence. There were 17 reads in the study. The top match
was with Prochlorothrix, which is from the phylum Cyanobacteria. The E value
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was 2e-109 and percent identity was 86.10%. Other top matches were Fructobacil-
lus, Geobacter, Halomicronema, and Chamaesiphon. These come from the phyla
Cyanobacteria, Proteobacteria, and Firmicutes. The phylogenetic tree suggests that
this OTU is in a clade that includes Prochlorothrix and Geobacter. Therefore as it
does not appear to possible to confidently identify the phylum of this OTU, it was
removed.

OTU 344

This OTU was classified as belonging to the phylum Proteobacteria, although this
identification was low confidence. There were 12 reads in the study. The top match
was also with Prochlorothrix, which is from the phylum Cyanobacteria. The E value
was 2e-109 and percent identity was 86.10% (the same as the OTU above). Other
top matches were Chamaesiphon, Hungateiclostridium, Leuconostoc, and Fructo-
bacillus. These come from the classes Bacilli and Cyanophyceae. The phylogenetic
tree did not further illuminate the taxonomy. As it does not appear to possible to
confidently identify the class or phylum of this OTU, it was removed.

OTU 267

This OTU was classified as belonging to the phylum Cyanobacteria, and there were
46 reads in the study. The top match was with Aerosakkonema. The E value
was 8e-173 and percent identity was 96.22%. Other top matches were Fischerella,
Limnoraphis, Cephalothrix, and Phormidium. These genera all belong the class
Cyanophyceae. The phylogenetic tree suggests that this OTU is in a clade than in-
cludes Fischerella. This OTU was classified as belonging to the class Cyanophyceae,
and was retained.

Limnoraphis robusta strain CCALA 966 16S ribosomal RNA, partial sequence

Aerosakkonema funiforme strain Lao26 16S ribosomal RNA, partial...

Cephalothrix lacustris CCIBt 3261 16S ribosomal RNA, part...

lcl|Query_10001

Fischerella thermalis strain PCC 7521 16S ribosomal RNA, part...

Fischerella muscicola PCC 7414 16S ribosomal RNA, partial ...

0.02

Figure I.1: Phylogenetic tree from BLAST showing the sequences most similar to
OTU 267
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OTU 224

This OTU was also classified as belonging to the phylum Cyanobacteria, and there
were also 46 reads in the study. The top match was with Aliterella. The E
value was 0.0 and percent identity was 97.83%. Other top matches were Nodu-
laria, Anabaena, Okeania, and Cylindrospermum. These genera all belong the class
Cyanophyceae. The phylogenetic tree suggests that this OTU is in a clade than
includes Aliterella, Anabaena, and Nodularia. This OTU was classified as belonging
to the class Cyanophyceae, and was retained.

OTU 563

This OTU was classified as belonging to the phylum Proteobacteria, although this
identification was low confidence. There were 2 reads in the study. 9 of the top
matches, including the top match, were with Leuconostoc. Many of the matches
beyond were also Leuconostoc. The top E value was 2e-118 and percent identity was
87.43%. The last of the top matches was with Convivina. Both of these genera are
in the family Leuconostocaceae.The closest phylogenetic tree matches were a variety
of species from Leuconostoc. This OTU was confirmed as belonging to the family
Leuconostocaceae and was retained.

OTU 378

This OTU was classified as belonging to the phylum Proteobacteria, and there were
21 reads in the study. The top match was Shigella. The E value was 3e-142 and
percent identity was 91.40%. The other top matches were Citrobacter, Raoultella,
Escherichia, and Metakosakonia. The phylogenetic tree suggests that this OTU is in
a clade than includes Citrobacter, Shigella, Raoultella, and Escherichia. All of these
genera are in the family Enterobacteriaceae. This OTU was confirmed as belonging
to the family Enterobacteriaceae and was retained.

OTU 364

This OTU was classified as belonging to the phylum Tenericutes, and there were
6 reads in the study. 5 of the top 10 matches, including the top 2 matches, were
with Bacillus. The top E value was 9e-103 and percent identity was 87.20%. This
genus is in the phylum Firmicutes, rather than Tenericutes. Other top matches were
with Oceanobacillus, Lysinibacillus, Domibacillus, and Ammoniphilus. All of these
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genera are from the phylum Firmicutes, and the order Bacillales. The phylogenetic
tree did not further illuminate the taxonomy. This OTU was classified as belonging
to the phylum Firmicutes and the order Bacillales, and was retained.

OTU 180

This OTU was classified as belonging to the phylum Firmicutes, and there were 63
reads in the study. The E values, percent identity, and query cover of this search were
notably lower than generally seen. The top match was Haloplasma. This genus is in
the phylum Tenericutes, rather than Firmicutes. The E value was 7e-89 and percent
identity was 84.41%. The next 5 matches were with Hathewaya, Paenibacillus, and
Desulfuromonas. These come from the phyla Firmicutes and Proteobacteria. The
phylogenetic tree did not further illuminate the taxonomy. As it does not appear to
possible to confidently identify the class or phylum of this OTU, it was removed.

OTU 492

This OTU was classified as belonging to the phylum Firmicutes, and there were 2
reads in the study. The top match was Alkalimonas. The E value was 7e-124 and
percent identity was 88.52%. This genus is in the class Gammaproteobacteria. The
next 3 top matches were with Marinomonas, also Gammaproteobacteria, as were
all bar 1 of the top 10 matches. The phylogenetic tree showed this OTU to be in
a clade with Alkalimonas and Marinomonas. This OTU was classified as belonging
to the phylum Proteobacteria and the class Gammaproteobacteria, and was retained.

OTU 551

This OTU was classified as belonging to the phylum Bacteroidetes, and there were
4 reads in the study. The top 10 matches (and beyond) were all Alistipes. The
top E value was 2e-119 and percent identity was 88.48%. The closest phylogenetic
tree matches were a variety of species from Alistipes. This OTU was confirmed as
belonging to the genus Alistipes and was retained.

OTU 268

This OTU was classified as belonging to the phylum Firmicutes, and there were
22 reads in the study. The top 2 matches were with Tepidimicrobium. The top
E value was 5e-110 and percent identity was 86.54%. The next 4 matches were
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with Gottschalkia and Ammoniphilus. These 3 genera represent 3 different classes:
Clostridia, Tissierellia, and Bacilli respectively. The phylogenetic tree did not fur-
ther illuminate the taxonomy. As it does not appear to possible to confidently
identify the class of this OTU, it was removed.

OTU 425

This OTU was classified as belonging to the phylum Actinobacteria, and there were
3 reads in the study. 9 of the top matches, including the top match, were with Sac-
charopolyspora. The top E value was 2e-173 and percent identity was 96.25%. The
other was Pseudonocardia. The MAPSeq identification was also Saccharopolyspora.
These genera belong to the family Pseudonocardiaceae. The closest phylogenetic
tree matches were a variety of species from Saccharopolyspora, and the OTU was
within that clade. This OTU was confirmed as belonging to the genus Saccha-
ropolyspora and was retained.

Saccharopolyspora halotolerans strain TRM 45123 16S ribosomal RNA, partial sequence

lcl|Query_10001

Saccharopolyspora halophila strain YIM 90500 16S ribosomal RNA, ...

Saccharopolyspora cavernae strain YIM C01235 16S ribosomal RNA, complete ...

Saccharopolyspora erythraea NRRL 2338 16S ribosomal RNA, partial seque...

Saccharopolyspora cebuensis strain SPE 10-1 16S ribosomal RNA, par...

0.02

Figure I.2: Phylogenetic tree from BLAST showing the sequences most similar to
OTU 425

OTU 102

This OTU was classified as belonging to the phylum Tenericutes, and there were 197
reads in the study. The top match was Psychrobacillus. The E value was 1e-110 and
percent identity was 88.89%. The next matches were Sporosarcina, Ammoniphilus,
and Oxalophagus. All of the top matches belong to the order Bacillales. The phy-
logenetic tree suggests that this OTU is in a clade than includes the above genera.
This is in opposition with the original MAPSeq phylum classification. This OTU
was confirmed as belonging to the phylum Firmicutes and order Bacillales, and was
retained.

676



OTU 249

This OTU was classified as belonging to the phylum Proteobacteria, and there were
26 reads in the study. The top 10 matches (and beyond) were all Methylobacterium.
The top E value was 0.0 and percent identity was 100%. The closest phylogenetic
tree matches were all Methylobacterium speces, which this OTU was classified as
by MAPSeq. This OTU was confirmed as belonging to the genus Methylobacterium
and was retained.

OTU 360

This OTU was classified as belonging to the phylum Firmicutes, and there were 30
reads in the study. 4 of the top matches, including the top 2 matches, were with
Clostridium. The top E value was 2e-123 and percent identity was 88.41%. Other top
matches included Breznakia (E value 2e-114) and Dielma (E value 1e-111). These
genera come from the classes Clostridia and Erysipelotrichia. The phylogenetic tree
suggests that this OTU is somewhere between Clostridium, Breznakia, Dielma, and
Beduini. As it does not appear to possible to confidently identify the class of this
OTU, it was removed.

[Clostridium] algidixylanolyticum strain SPL73 16S ribosomal RNA, partial sequence

lcl|Query_10001

Beduini massiliensis strain GM1 16S ribosomal RNA, partial seq...

Dielma fastidiosa strain JC13 16S ribosomal RNA, partial sequ...

[Clostridium] innocuum strain B-3 16S ribosomal RNA, part...

Breznakia pachnodae strain Pei061 16S ribosomal RNA, partial ...0.07

Figure I.3: Phylogenetic tree from BLAST showing the sequences most similar to
OTU 360

OTU 401

This OTU was classified as belonging to the phylum Bacteroidetes, and there were
4 reads in the study. 4 of the top matches, including the top match, were with
Echinicola. The top E value was 2e-114 and percent identity was 87.40%. 2 of the
top 10 matches were with Mongoliicoccus, 2 were with Litoribacter, and 1 with each
of Anditalea and Nitritalea. The phylogenetic tree suggests that this OTU is in a
clade than includes Echinicola, Mongoliicoccus and Anditalea. All of these belong
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to the order Cytophagales. This OTU was confirmed as belonging to the order Cy-
tophagales and was retained.

OTU 456

This OTU was classified as belonging to the phylum Firmicutes, and there were 3
reads in the study. The top 4 matches were with Clostridium. The top E value was
1e-136 and percent identity was 89.73%. The top match was Clostridium symbio-
sum, which was the same as the classification from MAPSeq. 3 of the top 10 matches
were with Faecalicatena, the others were Anaerocolumna, Carnobacterium, and more
Clostridium. All of these belonged to the order Clostridiales. The phylogenetic tree
suggests that this OTU is in a clade than includes Clostridium and Anaerocolumna.
This OTU was confirmed as belonging to the order Clostridiales and was retained.

OTU 542

This OTU was classified as belonging to the phylum Firmicutes, and there were 4
reads in the study. The top 2 matches were with Desemzia. The top E value was
3e-132 and percent identity was 92.66%. 4 of the top 10 matches were with Entero-
coccus, the rest were Pisciglobus, Carnobacterium, and Lactobacillus. The majority
of there genera are from the family Carnobacteriaceae, and all are from the order
Lactobacillales. This is divergent from the MAPSeq classification which was to the
order Clostridiales. The phylogenetic tree suggests that this OTU is in a clade than
includes Desemzia, Enterococcus, and Pisciglobus. This OTU was confirmed as be-
longing to the order Lactobacillales and was retained.

OTU 73

This OTU was classified as belonging to the phylum Bacteroidetes, and there were
361 reads in the study. The top 3 matches were with Algoriphagus. The top E
value was 8e-123 and percent identity was 88.80%. The next 3 matches were with
Pedobacter. These genera are both in the order Sphingobacteriales. The phyloge-
netic tree suggests that this OTU is in a clade than includes both Algoriphagus and
Pedobacter. This OTU was confirmed as belonging to the order Sphingobacteriales
and was retained.
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OTU 372

This OTU was classified as belonging to the phylum Firmicutes, and there were 6
reads in the study. The top match was Desulfosporosinus. The E value was 5e-120
and percent identity was 88.22%. 4 of the top 10 matches were with Oxobacter, and
2 were with Lactobacillus. These genera are from 2 different classes: Clostridia and
Bacilli. The phylogenetic tree suggests that this OTU is somewhere between Desul-
fosporosinus and Oxobacter, and Lactobacillus. As it does not appear to possible to
confidently identify the class of this OTU, it was removed.

Lactobacillus ghanensis strain L489 16S ribosomal RNA, partial sequence

lcl|Query_10001

Desulfosporosinus fructosivorans strain 63.6F 16S ribosomal RNA, ...

Oxobacter pfennigii strain DSM 3222 16S ribosomal RNA, partial seque...

Oxobacter pfennigii strain DSM 3222 16S ribosomal RNA, partial seque...

Oxobacter pfennigii strain DSM 3222 16S ribosomal RNA, partial seque...

0.05

Figure I.4: Phylogenetic tree from BLAST showing the sequences most similar to
OTU 372

OTU 105

This OTU was classified as belonging to the phylum Cyanobacteria, and there were
205 reads in the study. The top 10 matches were from 8 different genera. The top
match was Neosynechococcus. The E value was 8e-178 and percent identity was
97.02%. 3 of the top 10 matches were with Okeania. These 2 genera, along with
the other genera in the top 10 matches all belong to the class Cyanophyceae. The
closest phylogenetic tree watch was with Neosynechococcus, followed by Okeania and
OscillatoriaThis OTU was confirmed as belonging to the class Cyanophyceae and
was retained.

OTU 564

This OTU was classified as belonging to the phylum Cyanobacteria, and there were
2 reads in the study. The top 3 matches all had the same E values (2e-174) and
percent identities (96.48%) The genera were Cylindrospermum, Microcystis, and
Calothrix. These all belong to the class Cyanophyceae, as do the other genera in the
top 10 matches. The closest two phylogenetic tree matches were with Microcystis
and Calothrix. This OTU was confirmed as belonging to the class Cyanophyceae

679



and was retained.

OTU 479

This OTU was classified as belonging to the phylum Firmicutes, and there were
2 reads in the study. The top 10 matches were a mixture of Clostridium and
Paenibacillus, although there was one match with Anaerocolumna. The top match
(Clostridium) had an E value of 6e-134 and percent identity was 89.87%. These
genera are from 2 different classes: Clostridia and Bacilli. The closest clade in the
phylogenetic tree was composed for 3 Clostridium species. Based on the clarity from
the phylogenetic tree and that top match was with Clostridium, it seems likely that
this OTU belongs to the order Clostridiales and thus was retained.

lcl|Query_10001

[Clostridium] bolteae strain JCM 12243 16S ribosomal RNA, partial ...

[Clostridium] clostridioforme strain ATCC 25537 16S ribosomal R...

[Clostridium] citroniae strain RMA 16102 16S ribosomal RNA, part...

Paenibacillus turicensis strain MOL722 16S ribosomal RNA, partial sequence

Paenibacillus turicensis strain MOL722 16S ribosomal RNA, partial sequence

0.04

Figure I.5: Phylogenetic tree from BLAST showing the sequences most similar to
OTU 479

OTU 455

This OTU was classified as belonging to the phylum Firmicutes, and there were 18
reads in the study. The top 2 matches were with Hungatella. The top E value was
1e-171 and percent identity was 95.96%. The other top matches were with with a
variety of Clostridium. The closest phylogenetic tree matches were with Hungatella,
Lachnoclostridium, and Clostridium. As these are all in the order Clostridiales, this
OTU was confirmed as belonging to the order Clostridiales and was retained.

OTU 470

This OTU was classified as belonging to the phylum Firmicutes, and there were 3
reads in the study. The top 10 matches were mostly Ruminiclostridium, although
there was one match with Paludicola, one match with Pseudoramibacter, and the
top match was with Pseudoclostridium. The top E value was 1e-106 and percent
identity was 85.87%. All of these genera come from the order Clostridiales. The
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closest phylogenetic tree matches were with Pseudoclostridium thermosuccinogenes
and a variety of Ruminiclostridium hungatei strains. This OTU was confirmed as
belonging to the order Clostridiales and was retained.

OTU 110

This OTU was classified as belonging to the phylum Proteobacteria, and there were
176 reads in the study. The top 10 matches were all different genera. The top match
was Desulfovirga. The E value was 9e-103 and percent identity was 85.18%. The
genera all belonged to the class Deltaproteobacteria. The closest phylogenetic tree
matches were Desulfovirga and Peredibacter. This OTU was confirmed as belonging
to the the class Deltaproteobacteria and was retained.

OTU 181

This OTU was classified as belonging to the phylum Actinobacteria, and there were
69 reads in the study. 9 of the top 10 matches were Brevibacterium, the other
was with Rothia. The top E value was 0.0 and percent identity was 100% (Bre-
vibacterium). The closest phylogenetic tree matches were a variety of species from
Brevibacterium. This OTU was confirmed as belonging to the the genus Brevibac-
terium and was retained.

OTU 583

This OTU was classified as belonging to the phylum Firmicutes, and there were 2
reads in the study. The top 10 matches (and beyond) were all Enterococcus. The
top E value was 1e-126 and percent identity was 100%. The closest phylogenetic
tree matches were all Enterococcus faecium, which this OTU was classified as by
MAPSeq. This OTU was confirmed as belonging to the the genus Enterococcus and
was retained.

OTU 415

This OTU was classified as belonging to the phylum Firmicutes, and there were 8
reads in the study. The top 10 matches were mostly Ruminiclostridium, although
there was one match with Catabacter, and the top match was with Pseudoclostrid-
ium. The top E value was 9e-113 and percent identity was 86.60%. The closest
phylogenetic tree matches were majority Pseudoclostridium and Ruminiclostridium.
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The E value was likely to be larger as the query sequence did not clearly match a
genus in the database. Given that all the top matches came from the same order,
this OTU was confirmed as belonging to the order Clostridiales and was retained.

OTU 585

This OTU was classified as belonging to the phylum Firmicutes, and there were 2
reads in the study. The top 10 matches (and beyond) were all Staphylococcus. The
top E value was 2e-134 and percent identity was 100%. The closest phylogenetic tree
matches were majority Staphylococcus epidermidis, which this OTU was classified as
by MAPSeq. This OTU was confirmed as belonging to the the genus Staphylococcus
and was retained.
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Appendix J

Mock community OTUs

Discussion of the mock community OTUs

A discussion of all the OTUs and genera seen in the mock community replicates,
and how they correspond to the original mock community, can be found in Table J.1.

Table J.1: OTUs found in mock community samples and their likely taxonomic
classifications. The Original Mock column refers to whether that genus was present
in the original mock community.

Genus Original
Mock

Description

Acinetobacter Yes OTU 42 was classified as Acinetobacter (cf = 1). This
OTU is likely therefore to represent the Acinetobacter
in the original mock community, especially as it was the
only OTU found in the replicates classified as belonging
to the corresponding family (Moraxellaceae)

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Enterococcus Yes Three OTUs in the replicates were classified as Ente-
rococcus. These were OTU 1 (cf = 0.50), OTU 254
(cf = 0.54), and OTU 449 (cf = 0.30), and all three
of them appear in all replicates. OTUs 1 and 254 can
therefore likely be attributed to Enterococcus from the
original mock community. OTU 449 did not reach the
confidence threshold for identification as Enterococcus,
though the closest matches in the BLAST database for
this sequence were all Enterococcus species. Therefore it
seems likely that all three of these OTUs represent the
Enterococcus in the original mock community.

Escherichia Yes OTU 3 was the only OTU identified as Escherichia (cf
= 0.27). This does not reach the confidence threshold
for identification as Escherichia, though this could be
the result of the genetic similarity between Escherichia
coli, the species in the mock community, and other gen-
era including Shigella (Devanga Ragupathi et al. 2018;
Khot and Fisher 2013; C. Jenkins et al. 2012): it was
reported by Brenner et al. in 1972 that the nucleotide
similarity between Shigella sp. and Escherichia coli was
between 80% and 90%. This therefore places a low up-
per limit on the combined confidence score which can be
generated by the MAPseq algorithm because the second
most similar sequence will naturally be highly similar
(Devanga Ragupathi et al. 2018; Matias Rodrigues et
al. 2017). Given this, and that OTU 3 is present in all
three replicates with a similar percentage to Escherichia
in the original mock community, is likely to be represen-
tative of same.

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Klebsiella Yes OTU 4 was identified as Klebsiella (cf = 0.53), and it
made up a relatively large proportion of the replicates,
though not as much as Klebsiella in the original mock
community. It was further classified as Klebsiella pneu-
moniae (cf = 0.44), the species in the original mock
community. Therefore it is likely that this OTU repre-
sents the Klebsiella in the original mock community.

Neisseria Yes OTU 34 was identified as Neisseria (cf = 0.67). Addi-
tionally no other OTUs within the replicates were clas-
sified as belonging to the Betaproteobacteria class. No
other OTUs are likely to be contributing to this species
or genus, this OTU is likely to represent the Neisseria
in the original mock community.

Pseudomonas Yes OTU 185 was classified as Pseudomonas (cf = 1). This
OTU was the only OTU in the replicates to be classi-
fied into the corresponding family (Pseudomonadaceae),
and is likely to correspond to the Pseudomonas in the
original mock community member.

Staphylococcus Yes Eight OTUs, 108, 2, 277, 309, 374, 458, 459, and 598
were identified as Staphylococcus. Of these, only OTU
374 was confidently identified as Staphylococcus (cf = 1),
possibly due to the relative genetic closeness of Staphylo-
coccus to Macrococcus (T et al. 2009). When compared
to the BLAST database OTU 2, which had by far the
greatest abundance across the replicates, had 100% of
their top matches with Staphylococcus species. Given
that Staphylococcus was a large constituent of the origi-
nal mock community, and that these were also the only
OTUs found in the replicates from the Bacillales order,
it is likely that most if not all of them represent the
Staphylococcus from the original mock community.

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Streptococcus Yes Three species of Streptococcus were included in the origi-
nal mock community: Streptococcus pneumoniae, Strep-
tococcus pyogenes, and Streptococcus agalactiae. Nine
OTUs from the mock community replicates were classi-
fied as Streptococcus. These were OTUs 107 (cf = 1),
126 (cf = 1), 14 (cf = 0.63), 231 (cf = 0.17), 503 (cf =
.74), 580 (cf = 0.54), 594 (cf = 0.39), 597 (cf = 0.45),
599 (cf = 0.55), and 6 (cf = 1). Seven OTUs had cf val-
ues above 0.4, and therefore likely represented one of the
three Streptococcus species in the original mock commu-
nity. Both OTUs below the threshold appeared in the
replicates with abundances below 10 reads per sample,
and may be Streptococcus from the mock community or
a result of internal or external contamination, but are
both from the family Streptococcaceae. OTUs 6,107, 126,
and 14 are abundant across all replicates. Furthermore,
OTU 107 was identified as Streptococcus agalactiae, one
of the species used in the original mock community (cf =
1). Therefore it is likely that most if not all of the OTUs
listed represent the three Streptococcus species from the
original mock community.

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Citrobacter No OTU 8 was identified as Citrobacter (cf = 0.17). This
occurred at a very low frequency in the mock commu-
nity replicates: 2, 0, and 1 reads. However it was one
of the most abundant OTUs in the samples overall, the
total number of reads across the samples was 125,329.
When BLAST was used to compare the sequence to the
nucleotide database, the majority of the top matches
were with Citrobacter sp., mostly with Citrobacter fre-
undii and Citrobacter werkmanii. However, there were
also top matches with unidentified bacterial strains and
Klebsiella aerogenes. The above species are in the En-
terobacteriaceae family. This OTU is therefore likely to
be Citrobacter, but can only be classified with confidence
to family level, which is Enterobacteriaceae (cf = 0.69).
It could also be a mis-identified OTU from a different
genus within Enterobacteriaceae, either from the mock
community or from drift between samples.

Fusobacterium No OTU 52 was identified as Fusobacterium (cf = 0.75), and
it was found at very low levels: 3, 6, and 0 reads. The
total read count across the samples was 1503. The top
8 matches using BLAST were all Fusobacterium species.
This supports the MAPseq identification, and suggests
that Fusobacterium was detected in the mock commu-
nity replicates. It has been associated with a range of
human diseases including cardiovascular disease, adverse
pregnancy outcomes, and a variety of GI diseases (Y. W.
Han 2015). The low levels of this OTU in 2 of the mock
communities, along with this confident taxonomic iden-
tification suggests that this OTU may result from drift
from nearby samples or contamination.

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Granulicatella No Three OTUs were classified as Granulicatella. All three
OTUs were detected with low read counts across the
mock community replicates. The combined confidence
score only exceeded the threshold in one OTU: OTU
292 (cf = 0), OTU 484 (cf = 0), and OTU 44 (cf =
0.84). Granulicatella is part of the Lactobacillales or-
der, and all three OTUs were confidently classified as
belonging to Lactobacillales. Compared to the BLAST
database, OTU 292 was best matched to a range of bac-
teria with unknown taxonomies, and to several Strepto-
coccus species. OTU 484 also best matched a number
of bacteria with unknown taxonomies, and also several
Enterococcus species. Both of these OTUs had relatively
low total read counts: between 100-200. Granulicatella
was not an intentional inclusion in the mock commu-
nity. As OTU 44 was also fairly abundant in the study
samples (total read count of 26,304), there may have
been some contamination from nearby study samples
(Minich et al. 2019). OTU 292 and OTU 484 may also
be Granulicatella, but there is also a possibility that
they are mis-identified Streptococcus and Enterococcus
respectively. The classification of OTU 44 as Granuli-
catella was above the confidence threshold at genus level,
suggesting that this OTU was present in the mock com-
munities as a result of either contamination or between-
sample drift.

Continued on next page
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Table J.1 – continued from previous page

Genus Original
Mock

Description

Shigella No Two OTUs were identified as Shigella, OTUs 265 (cf
= 0.15) and 353 (cf = 0.19). These were both found
at low frequencies in the mock community replicates:
0, 5, and 10 for OTU 265 and 0, 1, 0 for OTU 353.
Shigella is in the Enterobacteriaceae family. OTU 265 is
abundant in the study (52,151 total reads). As discussed
above, it is difficult to differentiate between Shigella sp.
and Escherichia coli using 16S rRNA gene sequencing
due to their nucleotide similarity (Devanga Ragupathi
et al. 2018; Khot and Fisher 2013; C. Jenkins et al.
2012). Therefore these OTUs may be Shigella, but the
sequence similarity to E. coli places a low upper limit
on the confidence calculated using MAPseq. Thus it
is possible that these OTUs are Shigella and appear in
the replicates due to contamination or between-sample
drift (Minich et al. 2019), though misclassification is also
possible.

Zymomonas No There were three OTUS classified as Zymomonas: OTUs
581 (cf = 0), 467 (cf = 0.42), and 342 (cf = 0.43).
This genus is in the Alphaproteobacteria class, and these
were the only OTUs classified in this class from the
mock community replicates. These OTUs also occurred
with low read counts. When compared to the BLAST
database, the closest matches to OTU 581 were almost
entirely bacteria with unknown taxonomies, with a few
matches to Staphylococcus species. This OTU was only
found in one mock community sample, and in no other
samples. The MAPseq taxonomic classification of the
genus Zymomonas was above the recommended thresh-
old the above two OTUs, indicating confidence in that
identification. It is plausible that two, and possibly all
three OTUs are indeed Zymomonas and are present as
a result of either drift or contamination.
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Appendix K

Microbiome sequential sharing
plots with contaminants

Sequential sharing with contaminants

The below figures show the individual patient sequential sharing from the CVG
project before contaminants were removed. For some patients this had little to no
effect (not shown). For some patients there was a noticeable effect of removing con-
taminants. These can be seen below.

Removing the contaminant OTUs from the dataset involved removing two genera
seen in patient CVG001 (Achromobacter and Tepidimonas), and had little visible
effect on this patient’s time series.

Removing the contaminant OTUs from the dataset involved removing the same
2 genera from patient CVG002 (Achromobacter and Tepidimonas), and had little
visual effect on this patient’s time series.

Additionally, removing the contaminant OTUs from the dataset had no effect
on patient CVG003’s time series had no effect as no confirmed contaminants were
present in the samples.

Removing the contaminant OTUs from the dataset involved removing 1 genus
seen in patient CVG004 (Achromobacter), and had little visual effect on this pa-
tient’s time series.

Removing the contaminant OTUs from the dataset involved removing 6 genera
seen in patient CVG005 (Achromobacter, Bradyrhizobium, Brevundimonas, Janibac-
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ter, Tepidimonas, and Thermus), and had a small visual effect on this patient’s time
series.The original time series including the contaminants can be seen below.

 

 

 

44

43

34

0 10 20 30 40 50 60 70 80 90 100
Cumulative % of Sample

 

Achromobacter

Chryseobacterium

Citrobacter

Cutibacterium

Enterococcus

Escherichia

Granulicatella

Haemophilus

Klebsiella

Shigella

Staphylococcus

Streptococcus

Tepidimonas

Xanthomonas

Shared OTUs CVG005

Figure K.1: CVG005 time series (with contaminants).

Additionally, removing the contaminant OTUs from the dataset had no effect
on patient CVG012’s time series had no effect as no confirmed contaminants were
present in the samples.

Additionally, removing the contaminant OTUs from the dataset had no effect
on patient CVG014’s time series had no effect as no confirmed contaminants were
present in the samples.

Removing the contaminant OTUs from the dataset involved removing 4 genera
seen in patient CVG016 (Achromobacter, Methylophilus, Tepidimonas, and Ther-
mus), and had a small visual effect on this patient’s time series as the abundance of
contaminants was low.

Additionally, removing the contaminant OTUs from the dataset had no effect
on patient CVG017’s time series had no effect as no confirmed contaminants were
present in the samples.
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Additionally, removing the contaminant OTUs from the dataset had no effect
on patient CVG019’s time series had no effect as no confirmed contaminants were
present in the samples.

Removing the contaminant OTUs from the dataset involved removing 2 genera
in patient CVG021 (Achromobacter and Tepidimonas). This had a noticeable vi-
sual effect on this patient’s time series, as these two genera made up a significant
proportion of the final two samples.

The original figure including the contaminants can be seen below.
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Figure K.2: CVG021 time series (with contaminants).

Removing the contaminant OTUs from the dataset involved removing 1 genus
seen in patient CVG028 (Tepidimonas), and had little visual effect on this patient’s
time series.

Removing the contaminant OTUs from the dataset had no effect on patient
CVG032’s time series as no confirmed contaminants were present in the samples.
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Removing the contaminant OTUs from the dataset involved removing 2 genera
in patient CVG041 (Achromobacter and Tepidimonas). This had a noticeable visual
effect on one sample from this patient’s time series (day 16), as these two genera
had noticeably contributed to this sample.

The original time series with the contaminant genera can be seen below.
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Figure K.3: CVG041 time series (with contaminants).

Removing the contaminant OTUs from the dataset involved removing 7 gen-
era in patient CVG042 (Achromobacter, Curvibacter, Hymenobacter, Methylophilus,
Spirosoma, Thermus, and Tepidimonas). This had a noticeable visual effect on one
sample from this patient’s time series (day 34), as these genera had noticeably con-
tributed to this sample.

The original figure including the contaminants can be seen below.
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Figure K.4: CVG042 times series (with contaminants).

Removing the contaminant OTUs from the dataset involved removing 4 genera in
patient CVG046 (Achromobacter, Methylobacterium, Thermus, and Tepidimonas).
Similarly to the patient above, this had a noticeable visual effect on one sample
from this patient’s time series (day 19), as these genera had noticeably contributed
to this sample.

The original figure including the contaminants can be seen below.
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Figure K.5: CVG046 time series (with contaminants).

Removing the contaminant OTUs from the dataset had no effect on patient
CVG047’s time series as no confirmed contaminants were present in the samples.

Removing the contaminant OTUs from the dataset had no effect on patient
CVG048’s time series as no confirmed contaminants were present in the samples.

Removing the contaminant OTUs from the dataset had no effect on patient
CVG052’s time series as no confirmed contaminants were present in the samples.

Removing the contaminant OTUs from the dataset involved removing 6 genera in
patient CVG054 (Achromobacter, Curvibacter, Desulfonauticus, Methylobacterium,
Thermus, and Tepidimonas), and had little visual effect on this patient’s time series
as they were all present at low abundance.
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Appendix L

Extended background to
antibiotics and the paediatric
microbiome

Below is an extended introduction to antibiotics and the gut microbiome. A con-
densed version can be seen in Chapter 4.

Antibiotics

A 2018 study by Oldenburg et al. followed the effects of commonly used antibi-
otics on the gut microbiome of healthy children in two rural areas of Burkina
Faso. The children in this study were aged between approximately six months
and five years old, and were randomised to one of three antibiotic courses (amox-
icillin, azithromycin, and co-trimoxazole) or the placebo group. Rectal swab sam-
ples were taken at baseline, and then five days after the last antibiotic dose. The
principal finding was that the mean post-treatment α-diversity of the children given
azithromycin was significantly lower than those given the placebo. The mean sample
diversity from the children given amoxicillin or co-trimoxazole was not significantly
different those given the placebo (Oldenburg et al. 2018).

A similar study in rural Niger used inverse Simpson’s α-diversity index to quan-
tify the effect of antibiotic usage on healthy children. In this study, the children were
aged between one and five years old, and were antibiotic-naive (thought to have not
been exposed to antibiotics). They were randomised to one of two groups, and either
received azithromycin or a placebo. Stool samples were collected at baseline, and
five days after antibiotic treatment. They found a significantly lower alpha diversity
in the children given azithromycin (Doan et al. 2017).
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Gut microbiome during HSCT in paediatric patients.

In 2015, Biagi et al. performed a study of gut microbiome dynamics in paediatric
patients undergoing HSCT. They had ten patients undergoing allogeneic HSCT, of
whom five developed acute GvHD and five did not. A pre-transplant stool sample
was taken from each patient, as well as at least three longitudinal samples following
the transplant. All patients were exposed to antibiotics for a similar period of time.
The V4 16S rRNA gene region was used for sequencing. They found that HSCT
triggered temporary functional and structural disruption of the gut microbiome (Bi-
agi, Zama, Nastasi, et al. 2015). Before the transplant, patients who did not later
develop acute GVHD presented with higher abundances than the other patients of
Bacteroidetes (which produce propionate), which persisted through the disruption
caused by the HSCT.

Biagi et al. (2015) found that the HSCT triggered an average loss of 30% of
α-diversity, compared to pre-transplant levels, as measured by the Chao1 diversity
index. The final samples collected for each patient were similar in diversity to the
pre-transplant samples, although the mean diversity was still lower. The majority
of the final samples (86.1 +/- 9.7%), at least 51 days after the transplant, were
composed of OTUs not present in the stool samples collected before the HSCTs for
patients both with and without aGVHD (Biagi, Zama, Nastasi, et al. 2015).

The researchers further explored the microbial trends associated with aGVHD
development and aGVHD-free transplant recovery. They found that the samples
taken from the patients who developed aGVHD shortly after transplant were pos-
itively correlated with OTUs from Enterococcus and some Clostridiales taxa, and
were negatively associated with Faecalibacterium and Ruminococcus. This was con-
firmed, as Enterococcus OTUs made up relatively more of the samples from the
aGvHD samples than the non-aGvHD samples, both before the transplant and
shortly after it. However, only in the samples from the aGvHD patients did the
median relative abundance of Faecalibacterium decrease from the pre-transplant
sample and the sample taken shortly after the transplant (Biagi, Zama, Nastasi,
et al. 2015). In the aGvHD patients, but not the non-aGvHD patients, there was
a decrease in the abundance of Firmicutes following the HCST, and then recovery
to above pre-transplant levels. Additionally, the aGvHD patients showed lower me-
dian abundances than the non-aGVHD patients of Bacteroidetes at all three time
points (pre-transplant, immediately post-transplant, and two months later). Specif-
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ically, the relative abundance of Bacteroides and Parabacteroides was much higher
in the children who did not develop aGvHD. These authors posited that manipula-
tion of the gut microbiome to increase the proportion of mutualistic bacteria with
potentially positive immunomodulatory function in the gut before transplants may
improve patient outcomes (Biagi, Zama, Nastasi, et al. 2015).

Biagi et al. reported in 2019 on the changes in the gut microbiome in 36 pae-
diatric patients having HSCT, measured by three samples: before the transplant,
at the time of the transplant, and over 30 days post-transplant. They sequenced
the V3-V4 region of the 16S rRNA gene, collected from stool samples. They found
that children who developed acute GvHD generally displayed gut microbiome dys-
biosis before the transplant (Biagi, Zama, Rampelli, et al. 2019), which they defined
here as reduced diversity, a lower proportion of Blautia, and an increase in Fusobac-
terium. The pre-transplant samples from patients who did not develop aGvHD did
generally show higher relative abundance of Blautia compared to patients who de-
veloped aGvHD of any grade (Biagi, Zama, Rampelli, et al. 2019). They noted a
significant change in the microbiome structure at engraftment (as described in Sec-
tion 1.6.7), marked by a relative loss of several taxa, though this varied between the
patients when grouped by aGvHD status. Patients with gut aGvHD had a signifi-
cantly greater abundance of Bacteroides at engraftment, compared to those without
aGvHD or with skin aGvHD (Biagi, Zama, Rampelli, et al. 2019). By 30 days after
transplant, there was no significant difference in microbiome ecosystem structure
between patients based on their GvHD status. Biagi et al. concluded that there
was a dysbiotic gut microbiome signature that, before transplant, is indicative of
future acute GVHD in the gut post-transplant: reduced diversity, a lower proportion
of Blautia, and a higher proportion of Fusobacterium. This may aid in identifying
patients who are more likely to develop aGvHD, and may benefit from prophylactic
FMT (Biagi, Zama, Rampelli, et al. 2019).

Ingham et al. (2019) investigated the gut microbiome, clinical outcomes, and
immunological markers in 30 children receiving HSCT. They reported that higher
abundances of Lactobacillaceae pre-transplant were associated later with moder-
ate/severe GvHD and higher mortality (Ingham et al. 2019). They also reported
that higher abundance of Ruminococcaceae after the transplant were s with low/no
GvHD and lower mortality. Additionally, they reported that patients whose gut
microbiome was predominantly Enterococcaceae tended to persist in this was over
time (Ingham et al. 2019).

Simms-Waldrip et al. (2017) reported on the gut microbiota of 15 paediatric
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patients comparing those who developed GvHD following HSCT compared to those
who did not. They found that patients with GvHD had significantly lower levels
of anti-inflammatory Clostridia than patients without GvHD, before GvHD onset
(Simms-Waldrip et al. 2017). These patients also had a significantly higher anti-
anaerobic antibiotic load prior to GvHD development. These authors hypothesised
that this difference in antibiotic load may cause the Clostridia depletion, though
this may be only associated with, or contributory to GvHD development (Simms-
Waldrip et al. 2017).

Gut microbiome during HSCT in other models

Jenq et al. (2012) examined the link between gut microbiota and gut-associated
aGVHD following HSCT (from BM) in adult recipients using stool. They found that
intestinal inflammation triggered by GvHD is accompanied by significant changes in
microbiome composition. Some genera such as Enterococcus have been reported to
increase gut inflammation through disruption to the epithelial barrier (Steck et al.
2011). Jenq et al. (2012) postulate that through mechanisms such as increased
relative abundance of Lactobacillus inhibiting the growth of Enterococcus, the com-
position of the microbiome may modulate the severity of the GvHD (Jenq, Ubeda,
et al. 2012). HSCT patients were grouped into GvHD and non-GvHD. Prior to
GvHD onset, patients in both groups had similar microbiota diversity, but in GvHD
patients, the α-diversity decreased after GvHD onset. Compared to the non-GvHD
group, the main changes in the GvHD patients were an expansion of Lactobacillales
and a decrease in Clostridiales (Jenq, Ubeda, et al. 2012). They hypothesised that
chaos in the gut microbiota soon after the BMT was a risk factor for GvHD, and
that manipulation of the gut microbiota may be able to improve outcomes for HSCT
patients (Jenq, Ubeda, et al. 2012).

Holler et al. (2014) used sequencing of the V3 region of the 16S rRNA gene to
assess changes in the gut microbiome of adult patients undergoing allogeneic HSCT,
and found that reduction in diversity was associated with use of broad-spectrum
antibiotics, especially so in cases of gut GvHD (Holler et al. 2014). A shift increas-
ing the relative abundance of Enterococcus was observed after transplant, and was
especially pronounced alongside prophylactic antibiotic use. Holler et al. (2014)
reported a mean Enterococcus proportion of 21% in post-transplant samples from
patients who did not develop gastrointestinal (GI) GvHD. They reported 46% of En-
terococcus in the post-transplant samples from patients who did develop GI GvHD,
which rose to 74% at the time of active GvHD (Holler et al. 2014).
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Holler et al. (2014) reported that the patients all showed changes from the day of
transplant in their microbiome profiles, which generally included a relative increase
in Enterococcus. Often there was also a relative decrease in commensal Firmicutes
species, which was especially pronounced in the patients with GvHD. The authors
reported that around day 28 after the transplant, the profiles started to return
to the patterns seen pre-transplant in patients without GvHD, or with resolving
GvHD. This was not seen in the patients with active GvHD (Holler et al. 2014).
Two main factors were suggested as the primary drivers associated with changes in
the microbiome profiles over the transplant process: antibiotics and GI GvHD. The
antibiotics considered to be causing the most change were broad spectrum, specifi-
cally ciprofloxacin and other systemic antibiotics (Holler et al. 2014). Use of these
were associated with relative increase in Enterococcus, and corresponding decrease
in bacteria classically considered to be commensal. Also associated with a relative
increase in Enterococcus was gut GvHD (Holler et al. 2014).

Taur et at. (2014) reported that gut microbiome diversity at engraftment was
a predictor of mortality in adult allogeneic HSCT, e.g. that patients with higher
diversity had higher survival. This led to the conclusion that gut microbiome com-
position may be contribute to the success of HSCT (Taur, Jenq, et al. 2014).

Murine models investigating the relationship between HSCT and gut microbiome
have also been reported (Jenq, Ubeda, et al. 2012; Simms-Waldrip et al. 2017).
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Appendix M

Individualised analysis of CVG
patients with fewer than four
samples

Individual patient analyses

The individual patient analyses omitted from Chapter 4 to increase brevity can be
seen below.

701



Patient CVG003

180

32

0

0 10 20 30 40 50 60 70 80 90100
Cumulative % of Sample

 

Genus
Actinomyces
Enterococcus
Granulicatella
Lachnoanaerobaculum
Lachnoclostridium
Rothia
Staphylococcus
Streptococcus
Veillonella

Shared taxa CVG003

Figure M.1: Genera shared over time in patient CVG003. See Figure 4.5 caption
for further description.

Two major shifts were seen in the samples from patient CVG003 (Figure M.1). The
majority of the day zero sample was Veillonella, and the day 32 sample was pre-
dominantly Rothia. The vast majority of the final sample (day 180) was Citrobacter.
The number of reads assigned to each genus in this patient over time can be seen in
Table M.1.
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Table M.1: Raw abundance count of genera seen in patient CVG003

Days after transplant Day 0 Day 32 Day 180
Genus
Actinomyces 541 1 0
Citrobacter 0 0 34261
Lachnoanaerobaculum 539 2 0
Rothia 514 3268 1
Staphylococcus 1083 43 0
Streptococcus 3304 20 5
Veillonella 13059 85 0
Low abundance genera 96 14 57
Total 19136 3433 34324
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Figure M.2: The antibiotics given to patient CVG003, and the changing genera. See
Figure 4.6 for further description.1

The antibiotic treatment of patient CVG003, along with a summary of the mi-
crobiome composition in each sample, can be seen in Figure M.2. Patient CVG003
was only known to taken three antibiotics during the transplant and recovery period,
though the combination was different at each of the sample time points.

1Over the study period patient CVG003 did not test positive for any of norovirus (group 1),
norovirus (group 2), rotavirus, adenovirus, astrovirus, or sapovirus through routine viral PCR.
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Figure M.3: α-diversity of the samples from patient CVG003.

Figure M.3 shows that the most diverse sample from patient CVG003 was col-
lected on the day of transplant, and this did not recover by the final sample on day
180.

Figure M.4: CVG003 abundance distribution. See Figure 4.8 for further description.

The samples from patient CVG003 were composed of a progressively greater
percentage of hyperexpanded genera over time (Figure M.4).
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Figure M.5: Genera shared over time in patient CVG005. See Figure 4.5 caption
for further description.

The samples available for patient CVG005 only spanned 10 days. Figure M.5 shows
that all the samples were predominantly Staphylococcus. The number of reads as-
signed to each genus in this patient over time can be seen in Table M.2.
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Table M.2: Raw abundance count of genera seen in patient CVG005

Day after transplant Day 34 Day 43 Day 44
Genus
Acinetobacter 391 0 0
Chryseobacterium 1297 45 0
Citrobacter 30 57 0
Enterococcus 24 244 13
Granulicatella 442 0 1
Haemophilus 1229 27 0
Lautropia 2168 0 0
Neisseria 221 0 0
Sphingobacterium 0 56 0
Staphylococcus 98273 24488 25238
Xanthomonas 439 16 0
Low abundance genera 162 136 15
Total 104676 25069 25267
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Figure M.6: The antibiotics given to patient CVG005, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG005, positive viral PCR results, and
the microbiome composition of each sample can be see in Figure M.6. This patient
had extensive antibiotic treatment in the 200 days before their transplant, and at
the time of each sample collection they were taking at least four different antibiotics.
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Figure M.7: α-diversity of the samples from patient CVG005.

Diversity, as measured through both species richness, decreased over the avail-
able samples from patient CVG005 (Figure M.7). The sample evenness did not
appreciably change over the course of the sampling period, shown in Figure M.5;
although there was a loss of genera over time all the samples were predominantly
one genus.
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Figure M.8: CVG005 abundance distribution. See Figure 4.8 for further description.

Figure M.8 shows that patient CVG005’s samples are all dominated by hyper-
expanded genera, with a progressive decrease in the percentage of small and rare
genera.
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Figure M.9: Genera shared over time in patient CVG016. See Figure 4.5 caption
for further description.

Figure M.9 shows that the first sample from patient CVG016 was dominated by
Staphylococcus, with smaller proportions of Streptococcus and Enterococcus. By the
next sample Streptococcus was the dominant genus, with a smaller proportion of
Staphylococcus. The final sample, which was from 220 days after the transplant,
was almost completely Enterococcus. The number of reads assigned to each genus
in patient CVG016 over time can be seen in Table M.3.
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Table M.3: Raw abundance count of genera seen in patient CVG016

Day after transplant Day 8 Day 35 Day 220
Genus
Acinetobacter 68 5 0
Bacillus 99 0 0
Enterococcus 13204 0 9005
Granulicatella 6764 5 1
Haemophilus 0 0 93
Lactococcus 180 0 0
Staphylococcus 59347 1701 4
Streptococcus 14778 6455 23
Veillonella 10 0 56
Low abundance genera 173 27 4
Total 94623 8193 9186
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Figure M.10: The antibiotics given to patient CVG016, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG016, positive viral PCR results, and
the microbiome composition of each sample can be see in Figure M.10. They only
took seven antibiotics over the pre-transplant and recovery period, and were taking
Clarithromycin and Ciprofloxacin at the time of all three sample collections.
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Figure M.11: α-diversity of the samples from patient CVG016.

Figure M.11 shows that diversity decreased over the study period in patient
CVG016, and had not recovered by day 220. This is accompanied by the loss of
evenness shown in Figure M.12, indicating that patient CVG016’s samples increase
in percentage of hyperexpanded genera over the available samples.
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Figure M.12: CVG016 abundance distribution. See Figure 4.8 for further descrip-
tion.

Patient CVG017

Five samples were sequenced from patient CVG017, though two had a library size
below the threshold and thus were not included in the main analysis. Analysis of
all five samples can be seen in Full set of samples from patient CVG017.
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Figure M.13: Genera shared over time in patient CVG017. See Figure 4.5 caption
for further description.

The sample on day 1 from patient CVG017 was predominantly Enterococcus,
as was the sample from day 35 (see Figure P.1). The final sample from day 180
days was dominated by Blautia, which had not been seen in in any of the previous
samples. The number of reads assigned to each genus in patient CVG017 over time
can be seen in Table M.4.

Table M.4: Raw abundance count of genera seen in patient CVG017

Days post transplant Day 1 Day 35 Day 180
Genus
Blautia 0 0 983
Dysgonomonas 0 0 115
Enterococcus 41167 13639 0
Erysipelatoclostridium 334 0 0
Streptococcus 29 4782 2
Low abundance genera 10 0 107
Total 41540 18421 1207
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Figure M.14: The antibiotics given to patient CVG017, and the changing genera.
See Figure 4.6 for further description.2

The antibiotic treatment of patient CVG017, along with the microbiome compo-
sition of each sample, can be see in Figure M.14. The patient was taking a different
combination of antibiotics at each time point.

2Over the study period patient CVG017 did not test positive for any of norovirus (group 1),
norovirus (group 2), rotavirus, adenovirus, astrovirus, or sapovirus through routine viral PCR.
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Figure M.15: α-diversity of the samples from patient CVG017.

Figure M.15 shows that diversity increased over the sample period in Patient
CVG017.

Figure M.16: CVG017 abundance distribution. See Figure 4.8 for further descrip-
tion.

Figure M.16 shows that all of patient CVG017’s samples are predominantly
hyperexpanded genera post-transplant, though there are gradual increases in the
percentages of smaller genera.
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Figure M.17: Genera shared over time in patient CVG048. See Figure 4.5 caption
for further description.

Figure M.17 shows the two major shifts in microbiome composition in the samples
from patient CVG048. The majority of this sample was Escherichia and Klebsiella.
The sample from day 9 days contained the same genera, but in smaller proportions.
The dominant genera at day 9 were Bacteroides, Blautia, and Parabacteroides. The
final sample from day 153 was similar to day 7, although the proportion of Es-
cherichia was higher. The number of reads assigned to each genus in patient CVG048
over time can be seen in Table M.5.
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Table M.5: Raw abundance count of genera seen in patient CVG048

Days after transplant Day 7 Day 9 Day 153
Genus
Bacteroides 0 385 0
Blautia 1 176 0
Escherichia 634 67 966
Klebsiella 390 62 109
Parabacteroides 0 125 0
Shigella 122 34 53
Low abundance genera 21 57 27
Total 1168 906 1155
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Figure M.18: The antibiotics given to patient CVG048, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.3
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The antibiotic treatment of patient CVG048, positive viral PCR results, and the
corresponding microbiome composition of each sample can be see in Figure M.18.
This patient was taking the same combination of antibiotics during the first two
samples, and was not known to be taking any antibiotics by day 153.
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Figure M.19: α-diversity of the samples from patient CVG048.

Figure M.19 shows that the diversity of patient CVG048’s samples was similar
at day 153 to day 7, despite the peak in species richness between days 7 and 9.

3The date when the patient began their new drug regimen following discharge from the hospital
is not specified in the records. It was assumed for present purposes that the patient began on
this regimen the day after discharge, and carried on taking them until the next set of clinical
notes/prescription two weeks later. They may have started later on this regimen.
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Figure M.20: CVG048 abundance distribution. See Figure 4.8 for further descrip-
tion.

The samples from Patient CVG048 show that despite an early shift away from
hyperexpanded genera (Figure M.20), the latest sample was predominantly hyper-
expanded genera.
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Figure M.21: Genera shared over time in patient CVG052. See Figure 4.5 caption
for further description.

Figure M.21 shows the the two major shifts in the samples from patient CVG052.
The day 0 sample was over 50% Veillonella. The sample from day 7 had undergone
a major shift: it was mostly composed of Klebsiella, Escherichia, and Shigella. The
final sample from day 62 was predominantly Lachnoclostridium, though Klebsiella,
Escherichia, and Shigella were still present. The number of reads assigned to each
genus in patient CVG052 over time can be seen in Table M.6.
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Table M.6: Raw abundance count of genera seen in patient CVG052

Days after transplant Day 0 Day 7 Day 62
Genus
Actinomyces 929 0 0
Bacteroides 53 0 0
Clostridium 0 2 10918
Enterococcus 59 3 347
Escherichia 1 338 1665
Fusobacterium 0 0 362
Granulicatella 1170 0 5
Klebsiella 1 422 3411
Lachnoclostridium 92 1 1
Leptotrichia 85 0 0
Megasphaera 1817 0 0
Prevotella 889 0 0
Shigella 0 220 1320
Streptococcus 3088 8 11
Veillonella 12653 2 0
Low abundance genera 118 12 57
Total 20955 1008 18097
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Figure M.22: The antibiotics given to patient CVG052, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG052, positive viral PCR results, along
with the microbiome composition of each sample can be see in Figure M.22. Despite
the difference in microbiome composition, this patient was taking a similar combi-
nation of antibiotics at days 7 and 9. By day 62 the patient was not known to be
taking any antibiotics.
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Figure M.23: α-diversity of the samples from patient CVG052.

Figure M.23 shows that diversity declined over the samples from patient CVG052,
and did not recover within the study period.

Figure M.24: CVG052 abundance distribution. See Figure 4.8 for further descrip-
tion.
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The abundance distribution of Patient CVG052’s samples (Figure M.24) from
days 0 and 62 were highly similar, despite the change away from hyperexpanded
genera at day 7.
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Figure M.25: Genera shared over time in patient CVG054. See Figure 4.5 caption
for further description.

There was one major shift of microbiome composition in the samples from patient
CVG054 (Figure M.25). The pre-transplant sample was predominantly Streptococ-
cus and Rothia. The day six sample was almost exclusively Staphylococcus. The final
sample was from day 28 and was also predominantly Staphylococcus. The number
of reads assigned to each genus in patient CVG054 over time can be seen in Table
M.7.
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Table M.7: Raw abundance count of genera seen in patient CVG054

Days after transplant Day -7 Day 6 Day 28
Genus
Acinetobacter 0 0 52
Atopobium 527 0 0
Bifidobacterium 252 2 0
Corynebacterium 0 461 223
Rothia 5873 0 21
Staphylococcus 256 12310 51472
Streptococcus 14748 51 3529
Low abundance genera 113 67 251
Total 21769 12891 55548
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Figure M.26: The antibiotics given to patient CVG054, positive viral PCR results,
and the changing genera. See Figure 4.6 for further description.
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The antibiotic treatment of patient CVG054, positive viral PCR results, and the
corresponding microbiome composition of each sample can be see in Figure M.26.
This patient was taking a different combination of antibiotics at the time of each
microbiome sample collection. They also had a persistent norovirus infection.
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Figure M.27: α-diversity of the samples from patient CVG054.

Diversity, as detected by species richness, declined initially from patient CVG054’s
pre-transplant sample. It then increased by the final time point (Figure M.27).

Figure M.28: CVG054 abundance distribution. See Figure 4.8 for further descrip-
tion.
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All the samples from Patient CVG054 (Figure M.28) were predominantly com-
posed of hyperexpanded genera, though less so in their pre-transplant sample.
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Appendix N

Medications given to CVG study
patients

All medications given to HSCT patients (CVG study)

The below figures show all known medications for each of the twenty patients in
the CVG study (Chapter 4). This includes antivirals, antibiotics, and antifungals
while they were inpatients, and all known medications while they were outpatients.
The antibiotic regime, alongside the composition of genera, can be seen in Chapter 4.
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Figure N.1: The medications given to patient CVG001 over time. The black lines
represent the days a sample was collected.
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Figure N.2: The medications given to patient CVG002 over time. The black lines
represent the days a sample was collected.
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Figure N.3: The medications given to patient CVG003 over time. The black lines
represent the days a sample was collected.
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Figure N.4: The medications given to patient CVG004 over time. The black lines
represent the days a sample was collected.
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Figure N.5: The medications given to patient CVG005 over time. The black lines
represent the days a sample was collected.
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Figure N.6: The medications given to patient CVG012 over time. The black lines
represent the days a sample was collected.
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Figure N.7: The medications given to patient CVG014 over time. The black lines
represent the days a sample was collected.
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Figure N.8: The medications given to patient CVG016 over time. The black lines
represent the days a sample was collected.
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Figure N.9: The medications given to patient CVG017 over time. The black lines
represent the days a sample was collected.
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Figure N.10: The medications given to patient CVG019 over time. The black lines
represent the days a sample was collected.
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Figure N.11: The medications given to patient CVG021 over time. The black lines
represent the days a sample was collected.
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Figure N.12: The medications given to patient CVG028 over time. The black lines
represent the days a sample was collected.
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Figure N.13: The medications given to patient CVG032 over time. The black lines
represent the days a sample was collected.
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Figure N.14: The medications given to patient CVG041 over time. The black lines
represent the days a sample was collected.
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Figure N.15: The medications given to patient CVG042 over time. The black lines
represent the days a sample was collected.
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Figure N.16: The medications given to patient CVG046 over time. The black lines
represent the days a sample was collected.
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Figure N.17: The medications given to patient CVG047 over time. The black lines
represent the days a sample was collected.
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Figure N.18: The medications given to patient CVG048 over time. The black lines
represent the days a sample was collected.

751



●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●● ●● ●● ●●●●●●●●● ●●●

●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

● ●

●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●Vancomycin

Privigen

Piperacillin/Tazobactam

Phenoxymethylpenicillin

Pentamidine

Meropenem

Itraconazole

Co−trimoxazole

Ciprofloxacin

Ciclosporin

Calcium Folinate

Amphotericin

Amikacin

Aciclovir

0 40 80 120
Days post transplant

M
ed

ic
at

io
ns

Type of medication

●

●

●

●

Antibiotic

Antifungal

Antiviral

Other

CVG052 Medications

Figure N.19: The medications given to patient CVG052 over time. The black lines
represent the days a sample was collected.
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Figure N.20: The medications given to patient CVG054 over time. The black lines
represent the days a sample was collected.
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Appendix O

Low abundance genera detected in
CVG patients

Low abundance genera

This section gives the details of the genera omitted from the raw abundance tables in
Chapter 4 Section 4.3.2 due to their abundance being below 50 reads in all samples
from a given patient. To see the sequential sharing plots and raw abundance tables
for these patients, see Chapter 4 Section 4.3.2.

Patient CVG001

The low abundance genera seen in this patient were Abiotrophia, Acinetobacter, Acti-
nomyces, Fusobacterium, Gemella, Lachnoanaerobaculum, Lachnoclostridium, Lep-
totrichia, Mogibacterium, Porphyromonas, Moraxella, Neisseria, Parvimonas, Pep-
tostreptococcus, Prevotella, Saccharofermentans, and Shigella.

Patient CVG002

The low abundance genera seen in this patient were Acinetobacter, Actinomyces,
Aggregatibacter, Atopobium, Bacteroides, Butyricicoccus, Citrobacter, Coprococcus,
Cutibacterium, Dysgonomonas, Enterobacter, Enterococcus, Faecalicatena, Fusobac-
terium, Gemella, Haemophilus, Lachnoanaerobaculum, Lactobacillus, Leptotrichia,
Leuconostoc, Neisseria, Papillibacter, Peptostreptococcus, Rothia, Ruminiclostrid-
ium, and Salmonella.
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Patient CVG003

The low abundance genera seen in this patient were Acinetobacter, Bacteroides,
Enterobacter, Enterococcus, Escherichia, Fusobacterium, Gemella, Granulicatella,
Lachnoclostridium, Lactobacillus, Lactococcus, Leptotrichia, Megasphaera, Pantoea,
Papillibacter, Prevotella, and Shigella.

Patient CVG004

The low abundance genera seen in this patient were Abiotrophia, Acinetobacter, Ag-
gregatibacter, Alistipes, Anaerostipes, Bibersteinia, Bifidobacterium, Bilophila, Blau-
tia, Butyricicoccus, Campylobacter, Citrobacter, Eggerthella, Enterobacter, Erysipela-
toclostridium, Eubacterium, Faecalibacterium, Flavonifractor, Fusobacterium, Gemella,
Kytococcus, Lachnoanaerobaculum, Lachnoclostridium, Lactobacillus, Neisseria, Pre-
votella, Pseudomonas, Rothia, Ruminococcus, Saccharofermentans, Salmonella, and
Zoogloea.

Patient CVG005

The low abundance genera seen in this patient were Acidovorax, Arthrobacter, Campy-
lobacter, Comamonas, Corynebacterium, Cupriavidus, Cutibacterium, Escherichia,
Flavobacteriaceae, Klebsiella, Kytococcus, Moraxella, Mycobacterium, Paracoccus,
Pseudopropionibacterium, Rubrobacter, Saccharopolyspora, Shigella, Streptococcus,
and Weissella.

Patient CVG012

The low abundance genera seen in this patient were Actinomyces, Aggregatibac-
ter, Bacteroides, Bifidobacterium, Campylobacter, Dysgonomonas, Fusobacterium,
Gemella, Granulicatella, Lachnoanaerobaculum, Lachnoclostridium, Pantoea, Pep-
tostreptococcus, Rothia, Salmonella, Staphylococcus, and Veillonella.

Patient CVG014

The low abundance genera seen in this patient were Citrobacter, Erysipelatoclostrid-
ium, Escherichia, Klebsiella, Shigella, Staphylococcus, and Streptococcus.
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Patient CVG016

The low abundance genera seen in this patient were Acidovorax, Actinomyces, Corynebac-
terium, Cutibacterium, Dietzia, Escherichia, Finegoldia, Klebsiella, Leptotrichia, Mi-
crococcus, Moraxella, Paracoccus, Pseudomonas, Shigella, and Zoogloea.

Patient CVG017

The low abundance genera seen in this patient were Abiotrophia, Anaerostipes, Bac-
teroides, Dorea, Escherichia, Granulicatella, Klebsiella, Lachnoclostridium, Lautropia,
Rothia, Ruminococcus, Shigella, Staphylococcus, and Veillonella.

Patient CVG019

The low abundance genera seen in this patient were Acinetobacter, Actinomyces,
Aggregatibacter, Bacillus, Blautia, Enterobacter, Fusobacterium, Gemella, Intestini-
bacter, Lachnoanaerobaculum, Pantoea, Prevotella, Rothia, Salmonella, and Ther-
micanus.

Patient CVG021

The low abundance genera seen in this patient were Alistipes, Anaerotruncus, Bi-
fidobacterium, Campylobacter, Cellulosilyticum, Citrobacter, Clostridioides, Cutibac-
terium, Enterobacter, Enterococcus, Erysipelatoclostridium, Escherichia, Eubacterium,
Finegoldia, Flexivirga, Gemella, Glutamicibacter, Intestinibacter, Klebsiella, Lacto-
bacillus, Micrococcus, Prevotella, Ruminiclostridium, Saccharopolyspora, Shigella,
Solirubrobacter, Streptococcus, and Xanthomonas.

Patient CVG028

The low abundance genera seen in this patient were Acinetobacter, Bacteroides, Cap-
nocytophaga, Citrobacter, Cloacibacterium, Escherichia, Klebsiella, Lachnoanaer-
obaculum, Lactococcus, Leptotrichia, Porphyromonas, and Shigella.
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Patient CVG032

The low abundance genera seen in this patient were Abiotrophia, Acinetobacter,
Anaerostipes, Bacillus, Brevibacterium, Campylobacter, Clostridium, Corynebacterium,
Cupriavidus, Cutibacterium, Eubacterium, Faecalicatena, Granulicatella, Marinobac-
ter, Neisseria, Pseudomonas, Psychroflexus, Ruminiclostridium, Salinivibrio, Sut-
terella, Thermicanus, and Vibrio.

Patient CVG041

The low abundance genera seen in this patient were Acetivibrio, Alistipes, Anaerosporobac-
ter, Blautia, Campylobacter, Cellulosilyticum, Citrobacter, Colpothrinax, Corynebac-
terium, Cupriavidus, Cutibacterium, Dolosigranulum, Enterobacter, Erysipelatoclostrid-
ium, Eubacterium, Flavonifractor, Gemella, Granulicatella, Haemophilus, Lactococ-
cus, Megasphaera, Micrococcus, Morococcus, Pantoea, Rothia, Ruminococcus, Salmonella,
Staphylococcus, Streptococcus, Sutterella, and Tyzzerella.

Patient CVG042

The low abundance genera seen in this patient were Bacteroides, Caldimonas, Campy-
lobacter, Capnocytophaga, Citrobacter, Corynebacterium, Enterobacter, Escherichia,
Gemella, Klebsiella, Lactococcus, Micrococcus, Neisseria, Porphyromonas, Pseu-
domonas, Roseomonas, Shigella, Xanthomonas, and Zoogloea.

Patient CVG046

The low abundance genera seen in this patient were Acinetobacter, Anaerostipes,
Atopobium, Bacteroides, Blautia, Citrobacter, Clostridium, Corynebacterium, Cutibac-
terium, Dysgonomonas, Escherichia, Gordonia, Granulicatella, Haemophilus, Kleb-
siella, Lachnoanaerobaculum, Lachnoclostridium, Lautropia, Megasphaera, Moraxella,
Neisseria, Parabacteroides, Paracoccus, Pseudomonas, Shigella, Streptomyces, and
Zoogloea.

Patient CVG047

The low abundance genera seen in this patient were Abiotrophia, Acinetobacter,
Akkermansia, Anaerosporobacter, Bacteroides, Bifidobacterium, Cellulosilyticum, Clostrid-
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ioides, Clostridium, Eggerthella, Enterobacter, Erysipelatoclostridium, Faecalicatena,
Fusobacterium, Granulicatella, Haemophilus, Lactococcus, Leuconostoc, Pantoea, Parabac-
teroides, Pectinatus, Roseburia, and Rothia.

Patient CVG048

The low abundance genera seen in this patient were Alistipes, Bilophila, Citrobac-
ter, Enterococcus, Erysipelatoclostridium, Eubacterium, Lachnoclostridium, Neisse-
ria, Oscillibacter, Proteus, Staphylococcus, Streptococcus, and Sutterella.

Patient CVG052

The low abundance genera seen in this patient were Abiotrophia, Anaerosporobac-
ter, Anaerostipes, Atopobium, Blautia, Campylobacter, Cloacibacterium, Corynebac-
terium, Erysipelatoclostridium, Eubacterium, Gemella, Geobacillus, Lachnoanaer-
obaculum, Lactococcus, Mogibacterium, Papillibacter, Parabacteroides, Porphyromonas,
Pseudomonas, Rothia, Selenomonas, Staphylococcus, Thermicanus, and Xanthomonas.

Patient CVG054

The low abundance genera seen in this patient were Bacillus, Blautia, Brevibac-
terium, Citrobacter, Cupriavidus, Cutibacterium, Dietzia, Dorea, Dysgonomonas,
Enterococcus, Escherichia, Gallicola, Gloeocapsa, Klebsiella, Lachnoclostridium, Lac-
tococcus, Micrococcus, Moraxella, Prevotella, Pseudomonas, Rhodococcus, Scytonema,
Shigella, Veillonella, and Zoogloea.
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Appendix P

Full set of samples from patient
CVG017

Below are the figures including all five samples from patient CVG017 in Chapter 4.
This includes the two samples with a read count below 400, which were therefore
not included in the main analysis. Full explanations of the figure styles and the
results for this patient, see Chapter 4.
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Figure P.1: CVG017 time series. Each bar represents a sample, with the days after
transplant indicated on the left. The composition is presented as a percentage.
White space shows the percentage of the sample which is unique to that sample.
Coloured sections indicate genera seen in at least two samples. The grey joining
lines show genera which are shared between pairs of samples.

Table P.1: Raw abundance count of genera seen in patient CVG017

Days post transplant Day -6 Day 1 Day 35 Day 147 Day 180

Genus
Blautia 0 0 0 0 983
Dysgonomonas 0 0 0 0 115
Enterococcus 18 41167 13639 16 0
Erysipelatoclostridium 1 334 0 0 0
Streptococcus 1 29 4782 0 2
Low abundance genera 44 10 0 1 107
Total 64 41540 18421 17 1207
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Figure P.2: The antibiotics given to patient CVG017 are shown in the upper panel.
The lower panel shows the percentage sample composition and is coloured by genus.
The black lines represent the days a sample was collected (days -6, 1, 35, 147, and
180) and the red line shows the day of engraftment (day 27).
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Figure P.3: CVG017 abundance distribution. Each bar represents a sample, with
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400 reads.
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Figure P.4: t-SNE plot showing the samples from patient CVG017. Samples were
from -6, 1, 35, 147, and 180 days after transplant. Arrows indicate the direction of
time.

This tSNE implies that that is much bigger change in composition between the
day -6 and day 1 sample than there is between the day 1 sample and the day 35
sample. This is congruent with the time series analysis. It also suggests that the
pre-transplant sample (day -6) and the final sample (day 180) are fairly dissimilar,
which also fits with the time series analysis.
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Appendix Q

Additional diversity visualisations
(CVG)

Diversity trajectory: unbinned data from all patients

The diversity, as detected using observed OTUs, Shannon entropy, and Gini coeffi-
cient for all CVG patient samples can be seen in Figure Q.1: including the substudy
patients with at least three samples, and all of the samples from patients with two
or fewer samples. The binned data from the subgroup alone can be seen in Figure
Q.2.
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Figure Q.1: α-diversity (as measured though observed OTUs, Shannon entropy,
and Gini coefficient) in all patients. Upper panel shows observed OTUs, middle
panel shows Shannon entropy, and lower panel shows Gini coefficient. Each point
represents a sample, and samples are colour-coded by individual patient. Lines join
samples from the same patient.

765



Diversity analyses on samples from just the subset of 20 pa-
tients
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Figure Q.2: α-diversity (as measured though observed OTUs, Shannon entropy, and
Gini coefficient) in the 20 patients, separated into bins. Samples are colour-coded
by individual patient. Overlaid boxplots follow standard Tukey representation.
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Specific genera are differentially abundant between the pre and post-transplant sam-
ples, in only the 20 patient subgroup (Figure Q.3.
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Figure Q.3: The differential abundance of genera between the pre- and post-
transplant samples calculated using DESeq2. Upper panel shows the two statisti-
cally significant genera, the lower panel shows the top most differentially abundant
genera.

Figure Q.3 shows the two genera for which the difference in abundance between
the pre and post transplant samples is statistically significant (upper panel) across
all patients. There was a log2 change of -5.17 in Enterococcus (adjusted p = 0.002)
and -6.94 in Staphylococcus (adjusted p = 0.00018).
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Appendix R

Trajectory of bacterial families
over the HSCT study period

Bacterial families

These figures show the all the bacterial families which were seen in the 13 patients
with the most time points from project CVG (patients CVG001, CVG002, CVG004,
CVG012, CVG014, CVG017, CVG019, CVG028, CVG032, CVG041, CVG042, CVG046,
and CVG047). 66 families were seen across the 13 patients, and the top 12 most
abundance can be seen in Figure 4.75.
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Appendix S

Extended discussion of major
shifts in microbiome composition
by patient

The below is a detailed, patient-specific discussion of the patients, and the major
shifts in microbiome composition, in Chapter 4. See Chapter 4 for the methods,
results, and a condensed discussion.

Patient-specific Discussion

CVG001

Patient CVG001 was a male under a year old, and had an HSCT from an unrelated
living donor (10/10 match), to treat SCID (severe combined immunodeficiency)
(DNA ligase 4 deficiency). This patient was not recorded as having GvHD at any
point during the study period, and survived beyond the study (at least 250 days
after transplant). Neutrophil engraftment occurred 14 days after transplant. They
experienced loose stools pre and post transplant, which may have affected gut mi-
crobiome samples collected from stool. Additionally as this patient was under one
year old at the outset of this study, so the introduction of solid foods may have also
impacted microbiome composition.

Of the viruses tested, CVG001 only tested positive for adenovirus and sapovirus.
The sapovirus result (CT = 19) occurred after the last available stool sample (day
104). A positive adenovirus result (CT = 39) was first seen between the first and sec-
ond stool samples, from 3 days before the transplant. The final positive sample (CT
= 35) from the patient was collected 55 days following transplant; between the 4th
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and 5th available stool sample. The highest CT reading (26) was recorded 29 days
following transplant. Three to six months of diarrhoea were noted to accompany this
viral episode, which is likely to have further exacerbated the gut disruption. There
was a shift in dominance towards the end of the stool sampling towards Klebsiella,
which is part of the Proteobacteria phylum.

First microbiome composition shift

The patient had a mild adenovirus infection, and may have had diarrhoea, as loose
stools were recorded around the time of the transplant. Shortly after the first sample
they took Ciprofloxacin (GN), Fluoxacillin (GP), Amikacin (GN) and Ceftazidime
(BR), and before the latter sample they were taking Meropenem (BR). The major
expansion in the second sample was of Enterococcus, and at least one species within
this genus is resistant to Meropenem (J. R. Edwards 1995). Following antibiotic
treatment Enterococcus species may densely populate the gut, and limit the growth
of commensal genera (Dubin and Pamer 2014; Taur, Xavier, et al. 2012). Therefore,
the antibiotic regime may have contributed the relative domination of Enterococcus
in this sample.

Second microbiome composition shift

Around this time the adenovirus infection was appeared to be worsening. Several
months of diarrhoea occurred and were attributed to this infection. Neutrophil en-
graftment was recorded two days after the earlier sample in this pair. There were
also changes in the antibiotic regime, with two antibiotics added. Of particular note
is Co-trimoxazole, as it is broad spectrum while the other antibiotics primarily tar-
geted Gram positive bacteria, and the vast majority of this sample is Gram positive.
It is not clear which factors most strongly affected this change, and it seems likely
to be some combination of the neutrophil engraftment, the antibiotic regime, and
gut disruption from diarrhoea.

Third microbiome composition shift

Patient CVG001 still had adenovirus and associated diarrhoea. For both of these
samples the gut was mostly composed of majority Gram negative bacteria. The an-
tibiotic regime did not change between these two samples. An increased in propor-
tion of Proteobacteria in stool samples has previously been associated with pathology
(Singh et al. 2015), and both the primary constituents of this latter sample belong to

775



the phylum Proteobacteria. They also started taking several new antibiotics includ-
ing Co-trimoxazole, which is sometimes successful against Klebsiella, but there is
also resistance in this genus (Leahy and Humble 1983; Murri et al. 2017). Therefore
it is not obvious which factors drove this change, though it may be the continued
diarrhoea, as stool consistency can have a significant effect on sample composition
(Falony et al. 2016).

CVG002

Patient CVG002 was a 8 month old female with SCID (T-B+NK+). The samples
from this patient were from 10 days after the transplant to 304 days after. This
patient had skin GvHD (stage II/III) which was associated with engraftment syn-
drome dating from approximately 12 days after their transplant. It flared up at
day 27, and had resolved by day 35. Neutrophil engraftment occurred 20 days after
transplant, which was followed by engraftment syndrome (donor chimerism). This
patient had mild mucositis on day 3 after transplant, and and increased stool output
and abdominal distention which was associated with their norovirus infection later
in recovery. During the study period the patient had multiple CMV reactivations.
They survived beyond the study period (at least 390 days after transplant). As this
patient was under a year old at the outset of this study, so the introduction of solid
foods may have also impacted microbiome composition.

Patient CVG002 tested positive for norovirus (group 2), adenovirus, and sapovirus.
Sapovirus was detected at two separate times in the patient: briefly (CT = 37) 17
days after transplant, and for a longer time later in recovery (detected 279 - 391 days
post transplant), with CT values between 25 and 37. Adenovirus was also detected
late in recovery, between 221 and 391 days after transplant. However, it was not
detected in all the samples in this range. Some samples were equivocal, and the CT
values generally suggested low levels of the virus (CT values between 34 and 40).
Norovirus (group 2) was detected earlier in the recovery period. It was first detected
31 days after the transplant (CT = 14), and was consistently present in all samples
for a period. The final sample in which it was present was 279 days post transplant
(CT = 34). The CT values up to day 115 suggested higher levels of virus that those
following. This infection coincides with the stool sampling window. The shift from
lower to higher CT values happens between the samples from day 90 and day 207,
during which there is also a major shift in microbiome composition.
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First microbiome composition shift

This change occurred well after neutrophil engraftment and GvHD, so they are
unlikely to be the primary drivers of microbial change. The patient had had a pro-
tracted norovirus infection from approximately one month after the transplant, and
this lessened in severity between the two sample collections. This may have reduced
disruption in the gut and affected stool consistency, which is likely to affect micro-
biome composition (Falony et al. 2016). Secondly, this patient was not taking any
antibiotics at the time of the second time point, compared to five at the previous
time, and two in the time between the samples. The cessation of this antibiotic
load is likely to have affected microbiome composition. It seems likely that some
combination of these two factors were primarily responsible for this major shift in
microbiome composition.

Second microbiome composition shift

It is less clear what factors may have affected this change. The patient was not
known to have taken any antibiotics since the last sample. The norovirus was con-
tinuing to improve, which may had some continuing effect on the sample results.
This seems to be the most likely explanation for the shift.

Third microbiome composition shift

During this time the norovirus resolved, and had not been detected for approxi-
mately the month before the latter sample in this pair. This patient did develop
sapovirus and adenovirus infections between the collection of these two samples, and
although both appeared to be fairly mild infections, and it is not known whether
they were symptomatic. No further antibiotics had been administered to this pa-
tient in this time window. Based on the information available it seems likely that
disruption to the gut was affected by the viral infections.

CVG003

Patient CVG003 was a 7 month old female receiving gene therapy to treat ADA
SCID. No GvHD was recorded. Neutrophil engraftment occurred 26 days after
transplant. Unfortunately no discharge summary was available for this patient, so
any further gastrointestinal complications are not known. This patient survived be-
yond the study period (at least 190 days after transplant). Since the patient was
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under one year old at the outset of this study, the introduction of solid foods may
have impacted microbiome composition.

No viruses were detected in patient CVG003 through PCR monitoring.

First microbiome composition shift

Neutrophil engraftment happened during this time, and there was no record of
GvHD, viral infection or gastrointestinal symptoms. Nonetheless the microbiome
composition shifted from mostly Veillonella and Streptococcus, to almost completely
Rothia. Therefore the most likely drivers of change are either antibiotics (Ciprofloxacin
(GN) and/or Co-trimoxazole (BR)) or a change induced by transplant and neu-
trophil engraftment.

Second microbiome composition shift

The patient was also discharged from hospital during this time (day 34), which
probably affected many aspects of their environment. They had also been tak-
ing Ciprofloxacin (GN), Co-trimoxazole (BR), and Phenoxymethylpenicillin (GP)
for some time, which was not the case at the time of the former sample collection.
Some Citrobacter spp. strains have been found to be resistant to Ciprofloxacin (GN)
(Metri et al. 2013), which may have allowed Citrobacter to flourish. It seems likely
that some combination of the change in environment and the change in antibiotic
regime were primarily responsible for this major shift in microbiome composition.

CVG004

Patient CVG004 was an 8 year old male receiving an HSCT from peripheral blood,
from a parent. This was to treat relapsed ALL (in the BM & CNS). This patient had
stage II grade I skin GvHD 16 days after transplant, which was treated and resolved
with topical steroids. They had neutrophil engraftment 10 days post transplant,
though no T or B cells were detected until at least 35 days after transplant. They
experienced some gut disruption 1 day after transplant, and mild mucositis on days
8 - 13. During the study period they had CMV reactivation, and BK virus cystitis.
This patient was withdrawn from the study 248 days after their transplant for the
purposes of palliative care, and subsequently died.
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Adenovirus was the only virus detected through PCR monitoring in patient
CVG004. It was first detected at low levels 5 and 13 days after the transplant.
For several weeks it was not detected, and it was next detected at 58 days post
transplant (CT = 35). Adenovirus was then consistently detected in this patient
to the last available sample, 223 days after transplant (CT = 28). The CT values
fluctuated between 20 and 36. The highest levels of adenovirus were seen between
121 and 179 days after transplant (CT between 20 and 27). During this period,
there was an increase in Escherichia.

First microbiome composition shift

Neutrophil engraftment was recorded on day 10. The patient had skin GvHD from
day 16, which later resolved, and mild mucositis on days 8 - 13. Adenovirus was also
briefly detected in this period, at low levels. By the time of the second sample, the
patient was taking Phenoxymethylpenicillin (GP) and Ciprofloxacin (GN), though
they also took several more antibiotics between the sample collections. Given the
numerous factors which may have affect the gut composition it is difficult to ascer-
tain the role of each. It seems likely that some combination of antibiotics, transplant
and neutrophil engraftment, GvHD, mucositis, and adenovirus infection caused the
change in gut composition.

Second microbiome composition shift

This is a change from mostly Gram positive to mostly Gram negative. The ade-
novirus infection persisted and was at its most severe (resulting in 2 - 4 weeks of
diarrhoea) around 121 days after transplant. The patient was taking Ciprofloxacin
(GN), Phenoxymethylpenicillin (GP), and Pip-Taz (BR) at day 161. This change
is also likely to be multifactorial, and the most the likely factors driving microbiota
change seem to be antibiotic regiment, and diarrhoea caused by adenovirus.

CVG005

Across the samples from patient CVG005 there were no major shifts in microbiome
composition.

Patient CVG005 tested positive for sapovirus, though only once and at an equiv-
ocal level. However they had a more sustained adenovirus infection. It was first de-
tected 8 days after transplant (at an equivocal level), but virus levels had increased
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significantly by day 20 (CT = 18). It was then consistently detected up to day
55 (CT = 33). After this time adenovirus was detected periodically, though most
further detections were equivocal and all had CT values of 39 or above.

CVG012

There were 10 samples from patient CVG012, including a pre-transplant sample to
271 days post transplant. This patient was a 14 year old female receiving peripheral
blood HSCT (from a parent donor) to treat IBD (IL10R beta receptor deficiency).
The patient had mild GvHD around day 62, and also had mild skin GvHD (no more
severe than stage II grade I) not long after transplant. Neutrophil engraftment oc-
curred 9 days after transplant. They had had inflammatory bowel disease (IBD)
dating from before their transplant, and their stool samples were collected from a
stoma. They also had chronic active distal colitis around 165 days post transplant.
During the study this patient had CMV reactivation, and persistent multi-drug re-
sistant E. coli and Klebsiella were found in their stool, though no related symptoms
were recorded. This patient survived beyond the study period (at least 271 days
after transplant).

Across the samples from patient CVG012 there were no major shifts in micro-
biome composition.

No viruses were detected in patient CVG012 through PCR monitoring.

CVG014

Four samples were available for patient CVG014: 18, 19, 34, and 55 days following
transplant. This patient was a 15 month old female receiving an HSCT to treat re-
lapsed ALL. This patient had skin GvHD (grade I) on their hands and face 15 days
after transplant, which resolved with the application of topical steroids. Neutrophil
engraftment happened 13 days after transplant. They experienced loose stools asso-
ciated with their sapovirus infection. This patient survived beyond the study period
(at least 55 days after transplant).

Across the samples from patient CVG014 there were no major shifts in micro-
biome composition.
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The only virus detected through PCR in patient CVG014 was sapovirus. It
was first detected 11 days after the transplant (CT = 30). The infection may have
quickly become more severe, as the CT was 20 by day 18. Sapovirus was continu-
ously detected in the rest of the samples, with similar CT values (between 19 and 23).

CVG016

Patient CVG016 was an 11 month old female who received an HSCT to treat unde-
fined SCID. The source was peripheral blood from an unrelated living donor with
HLA matching 10/10. Neutrophil engraftment occurred 15 days after the transplant.
This patient had skin GvHD (grade unknown), and a moderate to severe chronic
norovirus infection dating from before transplant. They had diarrhoea and mu-
cositis associated with norovirus, and weight loss due to persistent vomiting (cause
unknown). An asymptomatic HHV6 infection was also detected. Patient CVG016
survived beyond the study period (at least 222 days after transplant). As this pa-
tient was under one year old at the outset of this study, the introduction of solid
foods may have also affected microbiome composition, and samples from days 35
and 220 were confirmed to be collected from a nappy.

The only virus detected through PCR monitoring in patient CVG016 was norovirus
(group 2). It was first detected at day -2 (2 days before the transplant) with CT
= 18. It was then consistently detected in every sample tested but one up to day
232 (CT = 27). The CT values ranges between 16 and 27 (average 21) indicating a
chronic, and moderate to severe norovirus infection.

First microbiome composition shift

The patient was taking Clarithromycin (BR) and Ciprofloxacin (GN) when both of
these samples were collected, although by second of these samples they were also
taking Amikacin (GN) and Meropenem (BR). There has been resistance to Clar-
ithromycin reported in S. aureus (Khan et al. 2011) though it is not known whether
this is how Staphylococcus became the dominant genus early on. The change in dom-
inant genus may be related to the introduction of Meropenem (BR). Meropenem has
been shown to be active against at least some Staphylococci, although it also is ac-
tive against Streptococci (Fish 2006). The patient also had an active and ongoing
norovirus infection, with diarrhoea. The patient also had persistent vomiting. Fur-
thermore, engraftment occurred between these two samples. Therefore it difficult to
see a specific cause of the microbiome shift, though it seems likely that is was some

781



combination of the change in antibiotic regime, the diarrhoea due to norovirus, and
the neutrophil engraftment.

Second microbiome composition shift

By the latter sample the patient was still taking Clarithromycin (BR) and Ciprofloxacin
(GN) but no longer taking Amikacin (GN) and Meropenem (BR). This antibiotic
combination may be more permissive to Enterococcus, as it was also seen when this
patient was previously taking this antibiotic combination and Enterococcus has been
reported to increase in domination following antibiotic administration (Dubin and
Pamer 2014; Taur, Xavier, et al. 2012). They also still had a chronic norovirus in-
fection and diarrhoea. The cause of the change is unknown, though the antibiotics
and norovirus seem likely to have contributed.

CVG017

Patient CVG017 was a 2 year old female who received a bone marrow transplant
(BMT) from an unrelated living donor with 8/10 HLA matching. This was to treat
relapsed acute myeloid leukaemia (AML). No GvHD was seen in this patient, and
neutrophil engraftment occurred 27 days after the transplant. They experienced
significant mucositis (grade III) from conditioning, which settled in the first two
weeks after transplant. They also had increased stools associated with re-feeding.
This patient survived beyond the study period (at least 300 days after transplant).

No viruses were detected in patient CVG017 through PCR monitoring.

First microbiome composition shift

At the time of the earlier sample this patient was taking Ciprofloxacin (GN) and
Phenoxymethylpenicillin (GP), and had recently taken Amikacin (GN) and Pip-
Taz (BR). By the later sample the patient was taking Ciprofloxacin (GN), Co-
trimoxazole (BR), and Phenoxymethylpenicillin (GP), all of which they had been
taking for over 75 consecutive days. They had no GvHD, known viral infections or
gastrointestinal symptoms, thus the most likely factor contributing to microbiota
change is the antibiotic regimen.
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CVG019

Patient CVG019 was a 5 year old male receiving an HSCT to treat relapsed ALL
(BM & CNS). The stem cell source was an unrelated living donor, with 9/10 HLA
matching. This patient had skin GvHD (maximum stage II grade I) from 26 days
post transplant, and this flared on day 52. Neutrophil engraftment happened 43
days post transplant (delayed engraftment). During their norovirus infection they
had increased stool output. 76 days after transplant they were losing weight and
had increased stool output. This was thought to be gut GvHD, but upper GI scope
showed this was chronic inflammation which was associated with eosinophils in the
duodenum. This patient had EBV reactivation seen from 74 days after transplant,
and had a fungal chest infection 392 days after transplant. The had a relapse of
acute B lymphoblastic leukaemia (B-ALL) with CNS involvement 392 days after
their transplant. This patient survived at least 414 days after their transplant, but
died after the study period.

The viruses detected in patient CVG019 were norovirus (group 2) and aden-
ovirus. However, adenovirus was only detected in one sample (day 224), and the
result was equivocal (CT = 41). It is unlikely that this had much effect on the
patient. Their norovirus infection was much more protracted. It was first detected
25 days after transplant (CT = 16). It was then detected in all the following sam-
ples but one (43 days post transplant). The final sample was 399 days after the
transplant (CT = 13). The norovirus infection appears to be sustained and fairly
severe (CT values between 13 and 22).

First microbiome composition shift

This patient had skin GvHD which flared in this period. Neutrophil engraftment
occurred late (day 43). They had a severe norovirus infection (first detected 25 days
post transplant), associated with loose stools. Around the time of the first sample
they were taking Amikacin (GN), Azithromycin (BR), Meropenem (BR), and Van-
comycin (GP), and by the time of the second they were taking Azithromycin (BR),
and Teicoplanin (GP). It seems likely that the change in gut composition was due
to a combination of these factors, particularly the antibiotics and norovirus infection.

Second microbiome composition shift

The patient was noted to have an Epstein-Barr virus (EBV) reactivation on day 74,
and to be losing weight around day 76, associated with increased stool output and
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inflammation in the duodenum. This would likely change the stool consistency and
affect the sample composition (Falony et al. 2016). Their norovirus infection was
ongoing. There was a change in antibiotic regimen to Amikacin (GN), Azithromycin
(BR), Pip-Taz (BR) and Vancomycin (GP) by day 82. The change in their gut com-
position was likely due to a combination of the antibiotic regimen and changes in
stool consistency and output caused norovirus infection and duodenal inflammation.

Third microbiome composition shift

Less than a month after this final sample the patient had a fungal chest infection,
and a relapse of acute B lymphoblastic leukaemia (B-ALL) with CNS involvement.
Thus the transplant was not successful, and there may have been some effect of this
changing immune status on the gut microbiota. The patient still had a fairly severe
norovirus infection. They were not known to be on any antibiotics at the time of this
final sample, so they were not likely to have any short term impact on the sample
composition. The most likely factors to affect this change in gut composition are
the time elapsed (including unknown factors), the severe ongoing norovirus infec-
tion, and the immune system flux.

CVG021

Patient CVG021 was a 10 month old male with T-B-NK+ RAG1 SCID. Their HSCT
source was peripheral blood (apheresis) from an unrelated living donor with HLA
matching 9/10. This patient had some skin GvHD (stage II). Neutrophil engraft-
ment occurred 25 days post transplant, and there were no known gastrointestinal
complications. CMV was detected at low levels 12 days after transplant. This pa-
tient survived beyond the study period (at least 35 days after transplant). This
patient was under a year old at the outset of this study, so the introduction of solid
foods may have also impacted microbiome composition.

The only virus detected in patient CVG021 was norovirus (group 2), which pro-
gressed from more severe to less severe over the study window. It was first detected
28 days before transplant (CT = 18). It was seen in all PCR samples, including the
final one which was collected 49 days post transplant (CT = 30).
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First microbiome composition shift

During this time the patient would have undergone conditioning for the transplant,
and was taking Ciprofloxacin (GN) and Co-trimoxazole (BR) (stopped shortly be-
fore second sample). As Bacteroides is Gram negative and Lachnoclostridium is
Gram positive, it is possible that Ciprofloxacin (GN) was permissive to this gut
composition change. The patient also had a norovirus infection ongoing. These
are the main factors present that the time which may have influenced the sample
composition, and thus it seems likely that either the antibiotics, gut disruption from
norovirus infection, or the conditioning/transplant affected this change.

Second microbiome composition shift

Neutrophil engraftment had not yet occurred, and there were no known gastroin-
testinal symptoms. This patient developed a CMV infection that was first de-
tected 12 days after transplant, and their norovirus infection continued. By the
time this sample was collected the patient was taking Ciprofloxacin (GN), Pip-
Taz (BR), and Vancomycin (GP). Resistance has been reported in Acinetobacter
spp. against Ciprofloxacin (Rhomberg and Jones 2009), and in Staphylococcus spp.
against Vancomycin (McGuinness et al. 2017). Therefore it seems likely that this
change was caused by a combination of factors including combination of antibiotics
and norovirus infection.

CVG028

Patient CVG028 was 18 month old female with PNP SCID, and the source of the
stem cells was an unrelated living donor, though peripheral blood (apheresis) with
HLA matching 10/10. Skin GvHD (stage I grade I) was seen in this patient 17 days
after transplant, and neutrophil engraftment occurred on day 13. They had mucosi-
tis during conditioning. This patient had chronic norovirus, though no significant
diarrhoea. They also had gut dysmotility and chronic gut inflammation, which was
associated with their underlying diagnosis. Additionally they had chronic influenza
A before transplant, though they were negative from day 34 onwards. This patient
survived beyond the study period (at least 281 days after transplant).

Three viruses were detected in this patient using PCR: norovirus (group 2), ro-
tavirus, and sapovirus. Sapovirus was first detected 26 days before transplant, and
was equivocal (CT = 41) in the following two samples, 22 and 15 days before trans-
plant. It was not detected again during the study. Rotavirus was also first detected
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in the first PCR sample 26 days before transplant (CT = 33). It was not detected
in the following sample 4 days later, but was then identified again in the sample
collected 15 days before transplant (CT = 37). It was then seen seen in several con-
secutive samples (CT values between 37 and 32), the last of which was collected 27
days after transplant (CT = 32). Norovirus (group 2) was detected in every PCR
sample from this patient, from 26 days before transplant (CT = 18) to 281 days
after transplant (CT = 22). The intermediate samples had CT values between 26
and 19.

First microbiome composition shift

During this time the patient had conditioning and their transplant. Mucositis was
noted to accompany the conditioning, and chronic gut inflammation. This patient
had a chronic norovirus infection and periodic rotavirus infection, but no significant
diarrhoea. They went from taking Co-trimoxazole (BR), Erythromycin (BR), and
Teicoplanin (GP), to taking Amikacin (GN), Ceftazidime (BR), Ciprofloxacin (GN)
and Clarithromycin (BR). The likely factors affecting this change were the antibiotic
regimen, the transplant/conditioning, and gut disruption caused by mucositis.

Second microbiome composition shift

Staphylococci spp., especially Staphylococcus aureus, are known for high levels of an-
tibiotic resistance, and S. aureus resistance to both Azithromycin (Naimi et al. 2017)
and Ciprofloxacin (Naimi et al. 2017; Moorhouse et al. 1996) has been recorded.
Therefore it is possible that this combination of antibiotics was not effective against
the increasing proportion of Staphylococcus. The patient had an ongoing norovirus
infection (no significant diarrhoea), and skin GvHD 17 days after transplant. Neu-
trophil engraftment happened on day 13. Therefore, the neutrophil engraftment
and the combination of antibiotics seem like the most likely factors to have effected
changes in the gut composition.

CVG032

Patient CVG032 was a 2 year old female. They received an HSCT to treat MPS1/H-
S, and the source was bone marrow from an unrelated living donor, with 10/10 HLA
matching. No GvHD was seen in this patient, and neutrophil engraftment happened
21 days after transplant. She had diarrhoea on day 7 associated with a norovirus in-
fection. Resistant E. coli and Candida albicans were found in stool samples, though
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there was no clear infection. This patient survived beyond the study period (at
least 330 days after transplant). Resistant E. coli was found by the hospital in this
patient’s stool, though it is not recorded when this occurred or to which drug there
was resistance.

Adenovirus, norovirus (group 2), and sapovirus were all detected in this patient.
Sapovirus was only detected in two PCR samples and it was equivocal in both. One
was 20 days post transplant (CT = 40) and the other was 38 days post transplant
(CT = 38). Adenovirus was first detected 73 days after the transplant, and was
equivocal (CT = 40). It was consistently detected in every sample bar one, until
the final available sample from 222 days after transplant, with CT values ranging
between 39 and 21. Norovirus (group 2) was initially detected 3 days post trans-
plant (CT = 25), and was then present for many consecutive samples excluding one.
This one was 80 days after transplant, and the final sample in which norovirus was
detected was collected 105 days post transplant. The CT values ranged between 20
and 42.

First microbiome composition shift

During this time the patient was receiving conditioning for their transplant. At
both sampling points, the patient was taking Co-trimoxazole (BR), Ceftazidime
(BR), and Ciprofloxacin (GN). There were very small proportions of Escherichia,
Klebsiella, and Shigella in the first sample, and it is possible that either the condi-
tioning or the combination of antibiotics created a permissive environment for this
combination of genera to thrive. There is evidence of resistance to Co-trimoxazole
in Klebsiella (Leahy and Humble 1983) and to the three above antibiotics in Es-
cherichia (Fasugba et al. 2015; Oteo et al. 2006; Karaca et al. 2005). Therefore
the most likely factor to account for this change is the combination of antibiotics,
though the conditioning may also have had an effect.

Second microbiome composition shift

The patient was still taking the same combination of antibiotics as above. This
moves the sample composition from mostly Gram negative to mostly Gram posi-
tive. There is no clear factor affecting this change, particularly as it occurred on
short time scale, but it may have been ongoing effects from conditioning and the
antibiotics.
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Third microbiome composition shift

Since the earlier sample in this pair, neutrophil engraftment had occurred (on day
21), and the patient had developed a norovirus infection which led to diarrhoea
(noted on day 7), and the norovirus infection became chronic. There was no GvHD.
The patient was taking Meropenem (BR), Azithromycin (BR), and Amikacin (GN).
It is unclear which of these factors (change in antibiotics, gut disruption from
norovirus, and neutrophil engraftment) may have had the largest effect on the sam-
ple composition, but it is striking how similar this sample is to the sample form day
-2, and those from later on in this patient.

CVG041

Patient CVG041 was a 1 year old female. They received stem cells from the bone
marrow of an unrelated living donor, with 10/10 HLA matching. This patient had
both upper and lower gut GvHD, which was treated with steroids starting from
64 days after transplant, to which they responded well. This was associated with
increased stool output. They additionally had skin GvHD (stage III grade II). En-
graftment occurred at day 16, though this was followed by engraftment syndrome.
Thus there was a dip in neutrophils on day 18, followed by a small rise on day 20.
Neutrophils remained low until 30 days after transplant. Micrococcus luteus and
adenovirus were seen in blood culture, and they also had Pseudomonas aeruginosa
line infections. Furthermore this patient had BK virus haemorrhagic cystitis, EBV
reactivation, and adenovirus, norovirus, and Pseudomonas aeruginosa were detected
in stool but was not a predominant constituent. This patient survived for at least
150 days after transplant, but died after the study period.

Both norovirus (group 2) and adenovirus were detected in this patient. Aden-
ovirus appeared somewhat patchily. It was first detected four days before transplant
(CT = 37), though not in the following sample. IT was then seen in samples from
7 to 22 days after transplant (CT values between 32 and 22). It was not detected
in most of the rest of the samples, but was detected 56 days post transplant (CT =
35) and 169 days post transplant (CT = 32). Norovirus (group 2) was consistently
detected thought all of the PCR virus-monitoring samples from 4 days before trans-
plant (CT = 28) to 169 days post transplant (CT = 17). The general trend was a
decrease of CT value over time, suggesting that the norovirus infection may have
become more severe.
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First microbiome composition shift

The patient was taking Pip-taz (BR), and had recently taken both Co-trimoxazole
(BR), Teicoplanin (GP), and Amikacin (GN) at the time of the first sample, and
was taking Meropenem (BR), Amikacin (GN), and Vancomycin (GP) at the time
of the second. At the time the patient also had adenovirus and norovirus. Further-
more, engraftment occurred on the day of the second sample. It seems likely that
this change was driven by either the change in antibiotic regime or the engraftment.

Second microbiome composition shift

The patient had an ongoing norovirus infection. Engraftment occurred on day 16,
followed by engraftment syndrome. However, while at day 16 the patient was taking
Meropenem (BR), Amikacin (GN), and Vancomycin (GP), by day 37 they were only
taking Phenoxymethylpenicillin (GP). This may have contributed to a permissive
environment for these three Gram negative bacteria to become dominant once again.
The engraftment and the change in antibiotic regime seem likely to have at least
partially caused this change.

Third microbiome composition shift

The patient had a mild reactivation of adenovirus infection and an ongoing, and
worsening, norovirus infection. They were no longer taking Phenoxymethylpeni-
cillin (GP), but Pip-taz (BR), and had also taken Amikacin (GN). It is not clear
what caused this change, though the change in antibiotics may have had an effect as
Enterococcus has been shown to become predominant after antibiotic administration
(Dubin and Pamer 2014; Taur, Xavier, et al. 2012) and the norovirus infection may
have affected stool composition.

Fourth microbiome composition shift

By the time of the latter sample the patient was only taking Azithromycin (BR). It
could be that this reduction in antibiotic load allowed the diversification of the gut
microbiome. They also had upper and lower gut GvHD during this period which
was treated with steroids.Therefore antibiotic change or gutGvHD seems likely to
have affected changes in microbiome composition.
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Fifth microbiome composition shift

The patient was no longer taking Azithromycin (BR), but had been taking it for
some time. Azithromycin (BR) use has been reported to trigger C. difficile infections
(which can lead to diarrhoea) (Wieczorkiewicz et al. 2016; Gorenek et al. 1999). The
patient had an ongoing norovirus infection, and may have still been recovering from
GvHD. While the norovirus infection or GvHD may have had an impact, it seems
likely that this shift was a result of the antibiotics.

Sixth microbiome composition shift

The latter sample composition resembled earlier samples, especially days 1, 37, 58,
and 120. It is not clear what caused this return to the earlier composition. The
patient still had their ongoing norovirus infection, which was likely to be worsening,
but no further antibiotic treatment was recorded. Therefore it is unknown what
caused this change, though the norovirus infection may have had a role, possibly
through the diarrhoea it caused.

CVG042

Patient CVG042 was a 4 year old female ALL who received a stem cell transplant
from the bone marrow of an unrelated living donor (9/10 HLA matching). They had
lower gut GvHD (state I grade II) from day 33, and was treated from day 40 with
steroids for month. They responded well to this treatment. Neutrophil engraftment
was recorded as occurring on day 26 after transplant. This patient had mucositis,
and stool output was not increased in association with norovirus. They had atypical
gut GvHD symptoms with only 1-3 stools per day, but with big clots. They had
a persistent adenovirus infection which was detectable in stool, urine, and blood.
This patient survived for at least 258 days after their transplant, died within the
following month.

This patient tested positive for norovirus (group 1), adenovirus, and sapovirus
through PCR monitoring. They had an equivocal result (CT = 42) for sapovirus
87 days after transplant, which is a day before their third sample. Adenovirus was
first detected in this patient 4 days after their transplant (CT = 31), and then was
detected in every sample excluding one. The final available sample was from 192
days after transplant (CT = 19). The intermediate CT values ranged between 17
and 36 with the average being 24. This indicates a sustained adenovirus infection.
Finally, norovirus (group 1) was detected in every available sample but one from
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this patient, covering from 11 days before transplant (CT = 27) to 192 days post
transplant (CT = 24) with the average CT value being 25. This suggests that this
patient also had a long term norovirus infection.

First microbiome composition shift

This patient had adenovirus and norovirus infections, though stool output was not
increased. There were several changes in the antibiotic regime, particularly the
addition of Meropenem (BR) and Vancomycin (GP). One of the two commonest
Enterococci, Enterococcus faecium, is uniformly resistant to Meropenem (BR) (J. R.
Edwards 1995) so this effect may be attributable to Vancomycin (GP). However,
resistance to this antibiotic has also been reported (Cetinkaya et al. 2000). If the
Enterococci in this sample were susceptible to either of these new antibiotics, this
may have opened up some ecological niches in the microbiome, as this sample was
more diverse. Therefore the cause of this change is not clear, though the viral in-
fections and antibiotic changes are possible contributors.

Second microbiome composition shift

Neutrophil engraftment occurred between the collection of these two samples. The
patient still had the ongoing norovirus and adenovirus infections, although stool
output was not increased as a result. There was also a change in antibiotics: they
started two new antibiotics that day, and had taken a course of Phenoxymethylpeni-
cillin (GP) recently. They were not taking other antibiotics. This recent course
of Phenoxymethylpenicillin may have reduced the Staphylococcus and facilitated a
niche for Haemophilus. Shortly before the second of these samples were collected,
the patient was also diagnosed with gut GvHD. Therefore, the change in antibiotics
may well have driven this change, although the neutrophil engraftment and the gut
GvHD may also have had a role.

Third microbiome composition shift

The patient still had both norovirus and adenovirus infections. They had also been
diagnosed with atypical gut GvHD on day 33. While they had had courses of
nine antibiotics since the earlier sample (day 34), by day 88 they were only taking
Phenoxymethylpenicillin (GP). Therefore it seems likely that some combination of
antibiotic change and the gut GvHD is likely to have effected the microbiome com-
position shift.
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CVG046

Patient CVG046 was a 14 month old male with Perforin deficient HLH, receiving an
HSCT through peripheral blood (apheresis) from a parent (haplo matching). Skin
GvHD (stage III) was noted 29 days after this patient’s transplant, and improved
after day 31. Neutrophil engraftment occurred 11 days after transplant. They had
increased stool output during their skin GvHD, and also had diarrhoea associated
with their norovirus infection. This patient survived for at least 320 days after
transplant, but died after the study period.

Norovirus (group 2) was the only virus detected through PCR monitoring in this
patient. It was not seen in the first sample, 21 days before transplant. It was then
detected with a CT of 24 in the next sample, 2 days before transplant. Norovirus
(group 2) was then consistently detected in all following samples, the final of which
was collected 347 days after the transplant (CT = 14). In the intervening time the
CT values ranged between 14 and 23 (average was 16.72). This demonstrates a
sustained norovirus infection.

First microbiome composition shift

Some Lactococci species and strains been reported as anti-inflammatory in the gut,
and as possibly protective against mucositis caused by chemotherapy drugs (M. Liu
et al. 2019; Carvalho et al. 2018). No evidence of mucositis was reported in this
patient, and although it is not possible to be definitive, it may be that the Lac-
tococcus population conferred some protection to this patient’s gut. At the time
of both samples the patient had diarrhoea associated with norovirus. There were
also several changes in antibiotics in this time interval. Meropenem (BR), Amikacin
(GN), Vancomycin (GP), Pip-taz (BR), and Phenoxymethylpenicillin (GP) were all
given to the patient before or by the second of the samples, but not at the first. Of
these, high levels of resistance to Meropenem (J. R. Edwards 1995) and Vancomycin
(Cetinkaya et al. 2000) have been reported in Enterococcus. Therefore if the change
was due to antibiotics, Pip-taz (BR) and/or Phenoxymethylpenicillin (GP) seem
most likely to have been the cause. However, the engraftment, or the diarrhoea may
also have had an effect.
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Second microbiome composition shift

During this time the patient had increased stool output associated with their skin
GvHD. The patient still had a serious norovirus infection, and diarrhoea, which is
likely to have affected the composition of the sample. The antibiotic regime changed
again, with the addition of Teicoplanin and the re-addition of Co-trimoxazole (BR).
Lactococci species have been reported to be susceptible to Co-trimoxazole (BR)
(Temmerman et al. 2003) and to Teicoplanin (Devirgiliis et al. 2013). Therefore
it seems likely that the change in antibiotics may have diminished the Lactococcus
population, and given Enterococcus an opportunity to flourish, especially due to the
ongoing diarrhoea and ability of Enterococcus to relatively increase following antibi-
otic administration (Dubin and Pamer 2014; Taur, Xavier, et al. 2012). Therefore,
the combination of antibiotic change and diarrhoea is likely to have caused this
change in microbiome community composition.

CVG047

Patient CVG047 was a 3 year old female being treated for secondary MDS/AML,
and the stem cells for transplant came from the bone marrow of an unrelated living
donor (10/10 HLA matching). There were no known GvHD or gastrointestinal com-
plications for this patient. Neutrophil engraftment occurred 24 days post transplant.
Ciprofloxacin resistant coliforms were detected in this patient’s stool (indicating
colonisation, not infection), and Ciprofloxacin was only given briefly pre-transplant.
This patient died after the study period, though they survived for at least 242 days
after transplant. This patient had no known GvHD or gastrointestinal complica-
tions, suggesting that changes in stool consistency are likely to have had little impact
on the sample results.

Only one virus-monitoring PCR sample, 38 days after transplant, returned a
positive result for this patient, which was with norovirus (group 2). This was an
equivocal result (CT = 38).

First microbiome composition shift

Blautia, which Jenq et al. (2015) suggest is associated with lower mortality from
GvHD, and Lachnoclostridium, lower levels of which have been associated with com-
promised gut health (Youssef et al. 2018; Jenq, Taur, et al. 2015). Between these
times Amikacin (GN) and Pip-taz (BR) appear. Jenq et al. (2015) present data
showing Blautia loss following treatment with Pip-taz (BR) in adult HSCT patients.
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Therefore it seems likely that this shift in composition was affected by the antibiotic
change, and specifically likely due to Pip-taz (Jenq, Taur, et al. 2015).

Second microbiome composition shift

Between the collection of these samples neutrophil engraftment occurred. The pa-
tient was still taking Pip-taz (BR), and started taking Meropenem (BR) shortly
before the day 25 sample. Although evidence had been presented that Blautia may
decrease with the use of Pip-taz (BR) (Jenq, Taur, et al. 2015), by this time it
seemed to have increased despite continued use of Pip-taz (BR). The introduction
of Meropenem (BR) may also have affected the composition. Therefore it seems
likely that this shift was caused by some combination of engraftment and antibiotic
changes.

Third microbiome composition shift

In these four days the patient had stopped taking Amikacin (GN) and Meropenem
(BR), and also started taking Phenoxymethylpenicillin (GP). They had also briefly
taken Co-trimoxazole (BR) This change brought the gut composition to almost en-
tirely Gram negative. Therefore, the most likely cause of this shift in composition
is the antibiotic regimen.

Fourth microbiome composition shift

There were some antibiotic changes between this time, particularly the addition of
Co-trimoxazole (BR) and Phenoxymethylpenicillin (GP). No other health or status
changes were known. Therefore, antibiotic changes seem to be the most likely driver
of change between these samples.

CVG048

There were 3 samples from patient CVG048, who was an 8 year old male with AML.
They received stem cells derived from the bone marrow of an unrelated living donor
with 9/10 HLA matching. This patient had stage I skin GvHD, which resolved
with topical steroids. Neutrophil engraftment happened 18 days after transplant.
There were no recorded gastrointestinal complications for this patient. Reactivation
of CMV led to detectable CMV viraemia between 20 to 50 days after transplant,

794



which was treated with antivirals. This patient survived for at least 330 days after
transplant.

Though there appeared to be two major shifts in microbiome composition in
patient CVG048, they were not examined owing to low read count.

Adenovirus was detected after this patient’s transplant, though it was not consis-
tently detected. The first occurrence was an equivocal reading (CT = 38) five days
after the transplant, followed by a CT of 36 in the sample 12 days after transplant.
Adenovirus was not detected in the next sample (34 days post transplant) but was
in sample afterwards (CT = 29) 54 days post transplant. It was then not detected
again until 301 days after the transplant. These results are indicative of an ongoing
moderate or mild adenovirus infection.

CVG052

Patient CVG052 was a 2 year old female with resistant AML, receiving stem cells
from the bone marrow of an unrelated living donor (10/10 HLA matching). Skin
GvHD (grade III) was seen in this patient from 17 days post transplant, which re-
solved by day 31. Neutrophil engraftment occurred 26 days following transplant.
They had moderate mucositis requiring total parenteral nutrition, which was halted
27 days after transplant. They also had low level CMV viraemia from day 11, though
this remained below treatment threshold. This patient survived for at least 115 days
after transplant.

Adenovirus was the only virus detected through PCR in this patient. It was first
detected at an equivocal level (CT = 39) 4 days after transplant, and increased to
CT = 28 by 18 days after transplant. The final PCR sample available was collected
24 days after transplant and the CT has increased to 22.

First microbiome composition shift

Over this time the patient had diarrhoea, and both samples were collected from
nappies. They were also, at the times of both samples, receiving total parenteral
nutrition due to mucositis. The addition of Vancomycin (GP) was the main antibi-
otic difference between the time points. This may have shifted the balance in the
gut to more Gram-negative bacteria. Therefore the most likely contributors to this
change was antibiotic change and mucositis.
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Second microbiome composition shift

By the latter sample the patient was not known to be taking antibiotics, though
they had taken several different ones since the last sample. Neutrophil engraftment
had also occurred. The patient had also had mild/moderate adenovirus and CMV
(below treatment threshold) infections. They were also no longer receiving total
parenteral nutrition. It is difficult to see a clear cause of microbiome composition
change in this pair of samples, but it seems likely to be some combination of antibi-
otics, engraftment, cessation of diarrhoea, and change in diet.

CVG054

Patient CVG054 was a 6 month old male being treated for AML. They received
stem cells derived from the cord blood of an unrelated living donor with 9/10 HLA
matching. This patient had stage III skin GvHD 12 days after transplant, and had a
partial response to topical steroids. They had systemic steroids from day 23 to day
44, and after this remained on oral steroids. Neutrophil engraftment occurred 20
days after transplant. They had moderate mucositis, which required total parenteral
nutrition. There was a small increase in stool output associated with norovirus in-
fection. Nausea and vomiting were not associated with this infection. This patient
survived for at least 28 days after transplant.

The only virus detected in this patient was norovirus (group 2). It was first
detected at quite high levels (CT = 17) 10 days before the transplant and remained
at fairly high levels (CT between 14 and 21) for the remaining samples, 56 days
after transplant.

First microbiome composition shift

The patient had an ongoing moderate norovirus from before the transplant which
persisted. There were also several changes in the antibiotic regimen between the
samples. The addition of Pip-taz (BR) and Teicoplanin (GP) (which are effective
against some Streptococci (Jenq, Taur, et al. 2015)) may be particularly pertinent.
Therefore it seems likely that both the norovirus infection and the changes in an-
tibiotics had a role in this composition change.This patient had mucositis requiring
total parenteral nutrition, which may have also impacted microbiome composition.
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Summary of major microbiome shifts

Major changes between samples were defined as a 50% or higher change in the com-
position of the genera between a pair of consecutive samples, provided that both
samples had at least 1000 reads. The various factors which may have contributed
to a change were considered, and the likeliest cause(s) presented. These factors in-
cluded: the transplant (including conditioning), neutrophil engraftment, antibiotic
regimen (including change), GvHD, diarrhoea (or diarrhoea cessation, due to viral
infection or other causes), and inpatient/outpatient status.
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Appendix T

Full analysis of CDR3 and DCR
sequence differences

Below is the full analysis of the DCR and CDR3 sequences seen in Chapter 5.

Sample 1

Five sequences from five samples were randomly selected to examine the different
DCR clonotypes making up CDR3 clonotypes.

The first of these was the CD4 patient QULβ sample from week 12. There were
1,675 DCR clonotypes and 1,540 CDR3 clonotypes, so 135 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes.
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Table T.1: Five sequences from patient QUL β CD4 sample from week 12

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CASSFTG
AYEQYF

15 14 TRBV12-4 TRBJ2-7 3 2 CACAGG
GG

1 TRBV6-1 TRBJ2-7 5 2 TTCACA
GGGG

CASSLAV
RFTEAF
F

14 13 TRBV7-2 TRBJ1-1 0 4 TGTACG
GTT

1 TRBV7-3 TRBJ1-1 2 4 GCTGTA
CGGTT

CASSLEG
RFPKAF
F

13 12 TRBV12-4 TRBJ1-1 1 9 AGGGGC
GGTTCC
CCA

1 TRBV6-5 TRBJ1-1 4 9 TAGAGG
GGCGGT
TCCCCA

CSAEGP
GQGAFG
ETQYF

13 12 TRBV29-1 TRBJ2-5 7 5 CTGAGG
GTCCGG
GACAGG
GGGCGT
TCGGG

1 TRBV29-1 TRBJ2-5 7 5 CTGAGG
GTCCGG
GGCAGG
GGGCGT
TCGGG

C A S S Y A
GTVGSK
LFF

8 1 TRBV6-5 TRBJ1-4 2 10 GCCGGG
ACAGTG
GGCTC

1 TRBV6-9 TRBJ1-4 3 10 CGCCGG
GACAGT
GGGCTC

6 TRBV12-4 TRBJ1-4 4 10 ACGCCG
GGACAG
TGGGCT
C

Sample 1: Sequence 1

The first sequence comes from two different DCR clonotypes. Both have the same
J regions and same size J deletions, and differ in the size of the V deletion, the V
region and the insert sequence.
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The first DCR has the sequence: gatgctggagttatccagtcaccccggcacgaggtgacaga-
gatgggacaagaagtgact ctgagatgtaaaccaatttcaggacacgactaccttttctggtacagacagaccatgatg
cggggactggagttgctcatttactttaacaacaacgttccgatagatgattcagggatg cccgaggatcgattctcagc-
taagatgcctaatgcatcattctccactctgaagatccag ccctcagaacccagggactcagctgtgtacttctgtgcc
agcagttt CACAGGGG cctacgagcagtacttcgggccgggcaccaggctcacggtcacag

Which results in the AA sequence: DAGVIQSPRHEVTEMGQEVTLRCKPI
SGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPEDRFSAKMPNASFSTL
KIQPSEPRDSAVYFCASSFTGAYEQYFGPGTRLTVT

And includes the open reading frame:

MGQEVTLRCKPISGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPE
DRFSAKMPNASFSTLKIQPSEPRDSAVYFCASSFTGAYEQYFGPGTRLTVT

The second DCR has the sequence: aatgctggtgtcactcagaccccaaaattccaggtcct-
gaagacaggacagagcatgaca ctgcagtgtgcccaggatatgaaccataactccatgtactggtatcgacaagac-
ccaggc atgggactgaggctgatttattactcagcttctgagggtaccactgacaaaggagaagtc cccaatggcta-
caatgtctccagattaaacaaacgggagttctcgctcaggctggagtcg gctgctccctcccagacatctgtgtacttct-
gtgccagcagt TTCACAGGGG cctacgagcagtacttcgggccgggcaccaggctcacggtcacag

Which results in the AA sequence: NAGVTQTPKFQVLKTGQSMTLQCAQD
MNHNSMYWYRQDPGMGLRLIYYSASEGTTDKGEVPNGYNVSRLNKREFSL
RLESAAPSQTSVYFCASSFTGAYEQYFGPGTRLTVT

And includes the open reading frame:

MTLQCAQDMNHNSMYWYRQDPGMGLRLIYYSASEGTTDKGEVPNGYN
VSRLNKREFSLRLESAAPSQTSVYFCASSFTGAYEQYFGPGTRLTVT

These two AA sequences are not the same sequence, and nor are the two open
reading frames. It appears that this CDR3 clonotype comes from at least two sep-
arate TCR recombination events.

Sample 1: Sequence 2

The second sequence also comes from two different DCR clonotypes. Both have the
same J regions and same size J deletions, and differ in the size of the V deletion,
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the V region and the insert sequence, as in the sequence above.

The first DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacaga-
gaagggaaaggatgtagag ctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgggg
cagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctg cccagtgatcgcttctct-
gcagagaggactgggggatccgtctccactctgacgatccag cgcacacagcaggaggactcggccgtgtatctctgt-
gccagcagcttagc TGTACGGTT cactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCASSLAVRFTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: ggtgctggagtctcccagacccccagtaacaaggtcacag
agaagggaaaatatgtagagctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacaaagcctgg
ggcagggcccagagtttctaatttacttccaaggcacgggtgcggcagatgactcagggctgcccaacgatcggttct
ttgcagtcaggcctgagggatccgtctctactctgaagatccagcgcacagagcggggggactcagccgtgtatctct
gtgccagcagcttaac GCTGTACGGTT cactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQTPSNKVTEKGKYVELRCDPIS
GHTALYWYRQSLGQGPEFLIYFQGTGAADDSGLPNDRFFAVRPEGSVSTLK
IQRTERGDSAVYLCASSLTLYGSLKLSLDKAPDSQL

And includes the open reading frame:

These two DCRs give rise to different AA sequences, neither of which have a
start codon within the sequence. This indicates that this CDR3 clonotype arose
from at least two separate TCR recombination events.

Sample 1: Sequence 3

The third sequence also comes from two different DCR clonotypes. Both have the
same J regions and same size J deletions, and differ in the size of the V deletion,
the V region and the insert sequence, as in the sequence above.
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The first DCR has the sequence: gatgctggagttatccagtcaccccggcacgaggtgacagaga
tgggacaagaagtgactctgagatgtaaaccaatttcaggacacgactaccttttctggtacagacagaccatgatgc
ggggactggagttgctcatttactttaacaacaacgttccgatagatgattcagggatgcccgaggatcgattctcagc
taagatgcctaatgcatcattctccactctgaagatccagccctcagaacccagggactcagctgtgtacttctgtgcc
agcagtttag AGGGGCGGTTCCCCA aagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DAGVIQSPRHEVTEMGQEVTLRCKPI
SGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPEDRFSAKMPNASFSTL
KIQPSEPRDSAVYFCASSLEGRFPKAFFGQGTRLTVV

And includes the open reading frame:

MGQEVTLRCKPISGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPE
DRFSAKMPNASFSTLKIQPSEPRDSAVYFCASSLEGRFPKAFFGQGTRLTVV

The second DCR has the sequence: aatgctggtgtcactcagaccccaaaattccaggtcct-
gaagacaggacagagcatgaca ctgcagtgtgcccaggatatgaaccatgaatacatgtcctggtatcgacaagac-
ccaggc atggggctgaggctgattcattactcagttggtgctggtatcactgaccaaggagaagtc cccaatggcta-
caatgtctccagatcaaccacagaggatttcccgctcaggctgctgtcg gctgctccctcccagacatctgtgtacttct-
gtgccagcagtt TAGAGGGGCGGTTCCCCA aagctttctttggacaaggcaccagactcacagttg-
tag

Which results in the AA sequence: NAGVTQTPKFQVLKTGQSMTLQCAQD
MNHEYMSWYRQDPGMGLRLIHYSVGAGITDQGEVPNGYNVSRSTTEDFPL
RLLSAAPSQTSVYFCASSLEGRFPKAFFGQGTRLTVV

And includes the open reading frame:

MTLQCAQDMNHEYMSWYRQDPGMGLRLIHYSVGAGITDQGEVPNGYN
VSRSTTEDFPLRLLSAAPSQTSVYFCASSLEGRFPKAFFGQGTRLTVV

The full AA sequences and open reading frames of these two DCR sequences are
different, indicating that they arose from at least two separate TCR recombination
events.

Sample 1: Sequence 4

The fourth of these sequences comes from two DCR clonotypes, but these have the
same V and J regions, the same V and J deletions, and differ only in the insert
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sequence.

The first DCR has the sequence: agtgctgtcatctctcaaaagccaagcagggatatctgt
caacgtggaacctccctgacgatccagtgtcaagtcgatagccaagtcaccatgatgttctggtaccgtcagcaac
ctggacagagcctgacactgatcgcaactgcaaatcagggctctgaggccacatatgagagtggatttgtcattg
acaagtttcccatcagccgcccaaacctaacattctcaactctgactgtgagcaacatgagccctgaagacagca
gcatatatctctgcagcg CTGAGG GTCCGG GACAGG GGGCGT TCGGG gagac-
ccagtacttcgggccaggcacgcggctcctggtgctcg

Which results in the AA sequence: SAVISQKPSRDICQRGTSLTIQCQVDSQ
VTMMFWYRQQPGQSLTLIATANQGSEATYESGFVIDKFPISRPNLTFSTLTV
SNMSPEDSSIYLCSAEGPGQGAFGETQYFGPGTRLLVL

And include the open reading frame:

MMFWYRQQPGQSLTLIATANQGSEATYESGFVIDKFPISRPNLTFSTLTV
SNMSPEDSSIYLCSAEGPGQGAFGETQYFGPGTRLLVL

The second DCR has the sequence: agtgctgtcatctctcaaaagccaagcagggatatct
gtcaacgtggaacctccctgacgatccagtgtcaagtcgatagccaagtcaccatgatgttctggtaccgtcagca
acctggacagagcctgacactgatcgcaactgcaaatcagggctctgaggccacatatgagagtggatttgtcat
tgacaagtttcccatcagccgcccaaacctaacattctcaactctgactgtgagcaacatgagccctgaagacagc
agcatatatctctgcagcg CTGAGG GTCCGG GGCAGG GGGCGT TCGGG gagac-
ccagtacttcgggccaggcacgcggctcctggtgctcg

Which results in the AA sequence: SAVISQKPSRDICQRGTSLTIQCQVDSQ
VTMMFWYRQQPGQSLTLIATANQGSEATYESGFVIDKFPISRPNLTFSTLTV
SNMSPEDSSIYLCSAEGPGQGAFGETQYFGPGTRLLVL

And includes the open reading frame:

MMFWYRQQPGQSLTLIATANQGSEATYESGFVIDKFPISRPNLTFSTLTV
SNMSPEDSSIYLCSAEGPGQGAFGETQYFGPGTRLLVL

These two AA sequences are identical, indicating that these two DCR clonotypes
are functionally the same. This CDR3 clonotype may have arisen from very similar
recombination processes, or could be a biologically inaccurate separation due to a
sequencing error.

803



Sample 1: Sequence 5

The fifth CDR3 sequence comes from three different DCRs utilizing the same J re-
gion and J deletion, but different V regions, V deletions, and inserts.

The first DCR has the sequence: aatgctggtgtcactcagaccccaaaattccaggtcctgaa-
gacaggacagagcatgaca ctgcagtgtgcccaggatatgaaccatgaatacatgtcctggtatcgacaagacccaggc
atggggctgaggctgattcattactcagttggtgctggtatcactgaccaaggagaagtc cccaatggctacaatgtctcca-
gatcaaccacagaggatttcccgctcaggctgctgtcg gctgctccctcccagacatctgtgtacttctgtgccagcagt-
tac GCCGGG ACAGTG GGCTC aaaactgttttttggcagtggaacccagctctctgtcttgg

Which results in the AA sequence: NAGVTQTPKFQVLKTGQSMTLQCAQD
MNHEYMSWYRQDPGMGLRLIHYSVGAGITDQGEVPNGYNVSRSTTEDFPL
RLLSAAPSQTSVYFCASSYAGTVGSKLFFGSGTQLSVL

And includes the open reading frame:

MTLQCAQDMNHEYMSWYRQDPGMGLRLIHYSVGAGITDQGEVPNGYN
VSRSTTEDFPLRLLSAAPSQTSVYFCASSYAGTVGSKLFFGSGTQLSVL

The second DCR has the sequence: aatgctggtgtcactcagaccccaaaattccacatcct-
gaagacaggacagagcatgaca ctgcagtgtgcccaggatatgaaccatggatacttgtcctggtatcgacaagac-
ccaggc atggggctgaggcgcattcattactcagttgctgctggtatcactgacaaaggagaagtc cccgatggcta-
caatgtatccagatcaaacacagaggatttcccgctcaggctggagtca gctgctccctcccagacatctgtatacttct-
gtgccagcagtta CGCCGG GACAGT GGGCTC aaaactgttttttggcagtggaacccagctctct-
gtcttgg

Which results in the AA sequence: NAGVTQTPKFHILKTGQSMTLQCAQD
MNHGYLSWYRQDPGMGLRRIHYSVAAGITDKGEVPDGYNVSRSNTEDFPL
RLESAAPSQTSVYFCASSYAGTVGSKLFFGSGTQLSVL

And includes the open reading frame:

MTLQCAQDMNHGYLSWYRQDPGMGLRRIHYSVAAGITDKGEVPDGYN
VSRSNTEDFPLRLESAAPSQTSVYFCASSYAGTVGSKLFFGSGTQLSVL

The third DCR has the sequence: gatgctggagttatccagtcaccccggcacgaggtgacaga
gatgggacaagaagtgactctgagatgtaaaccaatttcaggacacgactaccttttctggtacagacagaccatgat
gcggggactggagttgctcatttactttaacaacaacgttccgatagatgattcagggatgcccgaggatcgattctc
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agctaagatgcctaatgcatcattctccactctgaagatccagccctcagaacccagggactcagctgtgtacttctgt
gccagcagtt ACGCCG GGACAG TGGGCT C aaaactgttttttggcagtggaacccagctctct-
gtcttgg

Which results in the AA sequence: DAGVIQSPRHEVTEMGQEVTLRCKPI
SGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPEDRFSAKMPNASFSTL
KIQPSEPRDSAVYFCASSYAGTVGSKLFFGSGTQLSVL

And includes the open reading frame:

MGQEVTLRCKPISGHDYLFWYRQTMMRGLELLIYFNNNVPIDDSGMPE
DRFSAKMPNASFSTLKIQPSEPRDSAVYFCASSYAGTVGSKLFFGSGTQLSV
L

All three of these AA sequences are different to each other, as were the open
reading frames. This is indicative of at least three different recombination processes
leading to this CDR3 clonotype.

Sample 2

The second of these samples was the CD8 patient QUKβ sample from week 150.
There were 5,192 DCR clonotypes and 4,937 CDR3 clonotypes, so 255 of the DCR
clonotypes originally identified were agglomerated into the CDR3 clonotypes.

Table T.2: Five sequences from patient QUK β CD8 sample from week 150

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CARLQG
TEAFF

651 1 TRBV7-8 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV4-1 TRBJ1-1 15 5 TGCCAG
ATTACA
GGGG

1 TRBV27 TRBJ1-1 9 5 ATTACA
GGGG

Continued on next page
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Table T.2 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

2 TRBV7-2 TRBJ1-1 9 14 ATTACA
GGGGAC
TGAAGC
G

1 TRBV11-1 TRBJ1-1 9 5 ATTACA
GGGG

2 TRBV6-1 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 14 ATTACA
GGGGAC
TGAAGC
A

1 TRBV28 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 5 ACTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 8 ATTACA
GGGGAC
C

1 TRBV7-3 TRBJ1-1 9 5 ATTACA
GGGG

637 TRBV7-2 TRBJ1-1 9 5 ATTACA
GGGG

1 TRBV7-2 TRBJ1-1 9 5 ATTGCA
GGGG

CASSLTG
GHTEAF
F

1150 1 TRBV7-9 TRBJ1-1 2 8 ACAGGG
GGCCAC
ACG

1 TRBV7-9 TRBJ1-1 6 3 TTTAAC
AGGGGG
CC

Continued on next page

806



Table T.2 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

11 TRBV5-5 TRBJ1-1 2 3 AACAGG
GGGCC

1 TRBV13 TRBJ1-1 2 3 ACAGGG
GGCC

2 TRBV7-9 TRBJ1-1 12 3 TAGCAG
CTTAAC
AGGGGG
CC

1 TRBV7-9 TRBJ1-1 9 3 TAGCTT
AACAGG
GGGCC

2 TRBV7-9 TRBJ1-1 12 3 GAGCAG
CTTAAC
AGGGGG
CC

1127 TRBV7-9 TRBJ1-1 2 3 ACAGGG
GGCC

1 TRBV28 TRBJ1-1 6 3 CTTAAC
AGGGGG
CC

1 TRBV7-9 TRBJ1-1 2 11 ACAGGG
GGCCAC
ACTGAG

2 TRBV7-2 TRBJ1-1 2 3 ACAGGG
GGCC

CASSEYS
NQPQHF

2 1 TRBV2 TRBJ1-5 6 0 CGAATA

1 TRBV2 TRBJ1-5 2 0 TA

Continued on next page
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Table T.2 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CASSPRT
APPYEK
LFF

55 1 TRBV7-8 TRBJ1-4 5 6 CCTCGA
ACAGCC
CCTCCA
T

54 TRBV7-8 TRBJ1-4 5 6 CCTCGG
ACAGCC
CCTCCA
T

CASSSTR
NVTGSG
ANVLTF

298 1 TRBV28 TRBJ2-6 4 7 CTACCC
GTAACG
TAACAG
GGTCCG
GT

1 TRBV28 TRBJ2-6 4 13 CTACCC
GTAACG
TAACAG
GGTCCG
GGGCCA
AT

1 TRBV28 TRBJ2-6 4 10 CTACCC
GTAACG
TAACAG
GGTCCG
GGGCT

295 TRBV28 TRBJ2-6 4 4 CTACCC
GTAACG
TAACAG
GGTCC

Sample 2: Sequence 1

The first sequence comes from 13 different DCR clonotypes. These all had the same
J region, but the V region, deletions, and insert sequence varied.
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The first DCR has the sequence: ggtgctggagtctcccagtcccctaggtacaaagtcgcaaaga
gaggacaggatgtagctctcaggtgtgatccaatttcgggtcatgtatcccttttttggtaccaacaggccctggggca
ggggccagagtttctgacttatttccagaatgaagctcaactagacaaatcggggctgcccagtgatcgcttctttgca
gaaaggcctgagggatccgtctccactctgaagatccagcgcacacagcaggaggactccgccgtgtatctctgtgcc
ag ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence:GAGVSQSPRYKVAKRGQDVALRCDPIS
GHVSLFWYQQALGQGPEFLTYFQNEAQLDKSGLPSDRFFAERPEGSVSTLK
IQRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: actgaagttacccagacaccaaaacacctggtcatgggaat-
gacaaataagaagtctttg aaatgtgaacaacatatggggcacagggctatgtattggtacaagcagaaagctaagaag
ccaccggagctcatgtttgtctacagctatgagaaactctctataaatgaaagtgtgcca agtcgcttctcacctgaat-
gccccaacagctctctcttaaaccttcacctacacgccctg cagccagaagactcagccctgtatctctg TGCCAG
ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: TEVTQTPKHLVMGMTNKKSLKCEQH
MGHRAMYWYKQKAKKPPELMFVYSYEKLSINESVPSRFSPECPNSSLLNLH
LHALQPEDSALYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

MGMTNKKSLKCEQHMGHRAMYWYKQKAKKPPELMFVYSYEKLSINES
VPSRFSPECPNSSLLNLHLHALQPEDSALYLCARLQGTEAFFGQGTRLTVV

The third DCR has the sequence: gaagcccaagtgacccagaacccaagatacctcatcacagtg
actggaaagaagttaacagtgacttgttctcagaatatgaaccatgagtatatgtcctggtatcgacaagacccaggg
ctgggcttaaggcagatctactattcaatgaatgttgaggtgactgataagggagatgttcctgaagggtacaaagtc
tctcgaaaagagaagaggaatttccccctgatcctggagtcgcccagccccaaccagacctctctgtacttctgtgcca
g ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: EAQVTQNPRYLITVTGKKLTVTCSQNM
NHEYMSWYRQDPGLGLRQIYYSMNVEVTDKGDVPEGYKVSRKEKRNFPLI
LESPSPNQTSLYFCARLQGTEAFFGQGTRLTVV
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And includes the open reading frame:

MNHEYMSWYRQDPGLGLRQIYYSMNVEVTDKGDVPEGYKVSRKEKRN
FPLILESPSPNQTSLYFCARLQGTEAFFGQGTRLTVV

The fourth DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacaga-
gaagggaaaggatgtagag ctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgggg
cagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctg cccagtgatcgcttctct-
gcagagaggactgggggatccgtctccactctgacgatccag cgcacacagcaggaggactcggccgtgtatctctgt-
gccag ATTACA GGGGAC TGAAGC G ttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The fifth DCR has the sequence: gaagctgaagttgcccagtcccccagatataagattacagaga
aaagccaggctgtggctttttggtgtgatcctatttctggccatgctaccctttactggtaccggcagatcctgggacag
ggcccggagcttctggttcaatttcaggatgagagtgtagtagatgattcacagttgcctaaggatcgattttctgcag
agaggctcaaaggagtagactccactctcaagatccagcctgcagagcttggggactcggccatgtatctctgtgcca
g ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: EAEVAQSPRYKITEKSQAVAFWCDPIS
GHATLYWYRQILGQGPELLVQFQDESVVDDSQLPKDRFSAERLKGVDSTLK
IQPAELGDSAMYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCARLQGTEAFFGQGTRLTVV

The sixth DCR has the sequence: aatgctggtgtcactcagaccccaaaattccaggtcctgaag
acaggacagagcatgacactgcagtgtgcccaggatatgaaccataactccatgtactggtatcgacaagacccagg
catgggactgaggctgatttattactcagcttctgagggtaccactgacaaaggagaagtccccaatggctacaatgt
ctccagattaaacaaacgggagttctcgctcaggctggagtcggctgctccctcccagacatctgtgtacttctgtgcc
ag ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag
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Which results in the AA sequence: NAGVTQTPKFQVLKTGQSMTLQCAQD
MNHNSMYWYRQDPGMGLRLIYYSASEGTTDKGEVPNGYNVSRLNKREFSL
RLESAAPSQTSVYFCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

MTLQCAQDMNHNSMYWYRQDPGMGLRLIYYSASEGTTDKGEVPNGYN
VSRLNKREFSLRLESAAPSQTSVYFCARLQGTEAFFGQGTRLTVV

The seventh DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacag
agaagggaaaggatgtagagctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgg
ggcagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctgcccagtgatcgcttctc
tgcagagaggactgggggatccgtctccactctgacgatccagcgcacacagcaggaggactcggccgtgtatctctg
tgccag ATTACA GGGGAC TGAAGC A ttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The eighth DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccag
ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence:
DVKVTQSSRYLVKRTGEKVFLECVQDMDHENMFWYRQDPGLGLRLIY

FSYDVKMKEKGDIPEGYSVSREKKERFSLILESASTNQTSMYLCARLQGTEA
FFGQGTRLTVV

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCARLQGTEAFFGQGTRLTVV
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The ninth DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacaga-
gaagggaaaggatgtagag ctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgggg
cagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctg cccagtgatcgcttctct-
gcagagaggactgggggatccgtctccactctgacgatccag cgcacacagcaggaggactcggccgtgtatctctgt-
gccag ACTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The tenth DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacaga-
gaagggaaaggatgtagag ctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgggg
cagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctg cccagtgatcgcttctct-
gcagagaggactgggggatccgtctccactctgacgatccag cgcacacagcaggaggactcggccgtgtatctctgt-
gccag ATTACA GGGGAC C gaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The eleventh DCR has the sequence: ggtgctggagtctcccagacccccagtaacaaggtcaca
gagaagggaaaatatgtagagctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacaaagcctg
gggcagggcccagagtttctaatttacttccaaggcacgggtgcggcagatgactcagggctgcccaacgatcggttc
tttgcagtcaggcctgagggatccgtctctactctgaagatccagcgcacagagcggggggactcagccgtgtatctct
gtgccag ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQTPSNKVTEKGKYVELRCDPIS
GHTALYWYRQSLGQGPEFLIYFQGTGAADDSGLPNDRFFAVRPEGSVSTLK
IQRTERGDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

812



No start codon in this sequence.

The twelfth DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcacag
agaagggaaaggatgtagagctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgg
ggcagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctgcccagtgatcgcttctc
tgcagagaggactgggggatccgtctccactctgacgatccagcgcacacagcaggaggactcggccgtgtatctctg
tgccag ATTACA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The thirteenth DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtca
cagagaagggaaaggatgtagagctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcc
tggggcagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctgcccagtgatcgct
tctctgcagagaggactgggggatccgtctccactctgacgatccagcgcacacagcaggaggactcggccgtgtatc
tctgtgccag ATTGCA GGGG actgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: GAGVSQSPSNKVTEKGKDVELRCDPIS
GHTALYWYRQSLGQGLEFLIYFQGNSAPDKSGLPSDRFSAERTGGSVSTLTI
QRTQQEDSAVYLCARLQGTEAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

Five of the 13 DCRs had start codons within the AA sequence. Seven of the
DCRs (1, 2, 3, 5, 6, 8, and 11) are unique within this CDR3 clonotype. The other
six DCRs (4, 7, 9, 10, 12, and 13) all produced the same AA sequence. This indi-
cates that there were many recombination events leading to the production of this
TCR clonotype, some of which produced the same AA sequence, while many also
produced varied AA sequences.
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Sample 2: Sequence 2

The second sequence comes from 11 different DCR clonotypes. These also all had
the same J region, but the V region, deletions, and insert sequence varied.

The first DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaaa-
gaggggacagaatgtaact ttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgggg
cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctg ctcagtgatcggttctct-
gcagagaggcctaagggatctttctccaccttggagatccag cgcacagagcagggggactcggccatgtatctctgt-
gccagcagctta ACAGGGGGCCACACG gaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The second DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaa
agaggggacagaatgtaactttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgg
ggcagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctgctcagtgatcggttct
ctgcagagaggcctaagggatctttctccaccttggagatccagcgcacagagcagggggactcggccatgtatctct
gtgccagcag TTTAACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The third DCR has the sequence: gacgctggagtcacccaaagtcccacacacctgatcaaaacg
agaggacagcaagtgactctgagatgctctcctatctctgggcacaagagtgtgtcctggtaccaacaggtcctgggt
caggggccccagtttatctttcagtattatgagaaagaagagagaggaagaggaaacttccctgatcgattctcagct
cgccagttccctaactatagctctgagctgaatgtgaacgccttgttgctgggggactcggccctgtatctctgtgccag
cagctt AACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag
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Which results in the AA sequence:
DAGVTQSPTHLIKTRGQQVTLRCSPISGHKSVSWYQQVLGQGPQFIFQY

YEKEERGRGNFPDRFSARQFPNYSSELNVNALLLGDSALYLCASSLTGGHTE
AFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

The fourth DCR has the sequence: gctgctggagtcatccagtccccaagacatctgatcaaaga
aaagagggaaacagccactctgaaatgctatcctatccctagacacgacactgtctactggtaccagcagggtccagg
tcaggacccccagttcctcatttcgttttatgaaaagatgcagagcgataaaggaagcatccctgatcgattctcagct
caacagttcagtgactatcattctgaactgaacatgagctccttggagctgggggactcagccctgtacttctgtgcca
gcagctta ACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: AAGVIQSPRHLIKEKRETATLKCYPIPR
HDTVYWYQQGPGQDPQFLISFYEKMQSDKGSIPDRFSAQQFSDYHSELNMS
SLELGDSALYFCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MQSDKGSIPDRFSAQQFSDYHSELNMSSLELGDSALYFCASSLTGGHTEA
FFGQGTRLTVV

The fifth DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaaag
aggggacagaatgtaactttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgggg
cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctgctcagtgatcggttctctg
cagagaggcctaagggatctttctccaccttggagatccagcgcacagagcagggggactcggccatgtatctctgtg
c TAGCAGCTTAACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The sixth DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaaa-
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gaggggacagaatgtaact ttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgggg
cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctg ctcagtgatcggttctct-
gcagagaggcctaagggatctttctccaccttggagatccag cgcacagagcagggggactcggccatgtatctctgt-
gccag TAGCTTAACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The seventh DCR has the sequence: gatactggagtctcccagaaccccagacacaagatca-
caaagaggggacagaatgtaact ttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagacc-
ctgggg cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctg ctcagtgatcg-
gttctctgcagagaggcctaagggatctttctccaccttggagatccag cgcacagagcagggggactcggccatgtatctct-
gtgc GAGCAGCTTAACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttg-
tag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The eighth DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaaa-
gaggggacagaatgtaact ttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgggg
cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctg ctcagtgatcggttctct-
gcagagaggcctaagggatctttctccaccttggagatccag cgcacagagcagggggactcggccatgtatctctgt-
gccagcagctta ACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:
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MYLCASSLTGGHTEAFFGQGTRLTVV

The ninth DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccagcag
CTTAACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DVKVTQSSRYLVKRTGEKVFLECVQD
MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERFSLI
LESASTNQTSMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCASSLTGGHTEAFFGQGTRLTVV

The tenth DCR has the sequence: gatactggagtctcccagaaccccagacacaagatcacaaa-
gaggggacagaatgtaact ttcaggtgtgatccaatttctgaacacaaccgcctttattggtaccgacagaccctgggg
cagggcccagagtttctgacttacttccagaatgaagctcaactagaaaaatcaaggctg ctcagtgatcggttctct-
gcagagaggcctaagggatctttctccaccttggagatccag cgcacagagcagggggactcggccatgtatctctgt-
gccagcagctta ACAGGGGGCCACACTGAG gctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence: DTGVSQNPRHKITKRGQNVTFRCDPIS
EHNRLYWYRQTLGQGPEFLTYFQNEAQLEKSRLLSDRFSAERPKGSFSTLEI
QRTEQGDSAMYLCASSLTGGHTEAFFGQGTRLTVV

And includes the open reading frame:

MYLCASSLTGGHTEAFFGQGTRLTVV

The eleventh DCR has the sequence: ggagctggagtctcccagtcccccagtaacaaggtcaca-
gagaagggaaaggatgtagag ctcaggtgtgatccaatttcaggtcatactgccctttactggtaccgacagagcctgggg
cagggcctggagtttttaatttacttccaaggcaacagtgcaccagacaaatcagggctg cccagtgatcgcttctct-
gcagagaggactgggggatccgtctccactctgacgatccag cgcacacagcaggaggactcggccgtgtatctctgt-
gccagcagctta ACAGGGGGCC acactgaagctttctttggacaaggcaccagactcacagttgtag

Which results in the AA sequence:
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GAGVSQSPSNKVTEKGKDVELRCDPISGHTALYWYRQSLGQGLEFLIYF
QGNSAPDKSGLPSDRFSAERTGGSVSTLTIQRTQQEDSAVYLCASSLTGGHT
EAFFGQGTRLTVV

And includes the open reading frame:

No start codon in this sequence.

Seven of the DCRs (1, 2, 5, 6, 7, 8, and 10) within this CDR3 clonotype pro-
duced the same AA sequence, indicating that they are functionally the same. The
other four DCRs (3, 4, 9, and 11) all produced unique AA sequences. Again, this is
indicative that this CDR3 clonotype was achieved through multiple recombination
events.

Sample 2: Sequence 3

The third sequence comes from two different DCR clonotypes. Both have the same J
regions, V regions, and same size J deletions, and differ in the size of the V deletion
and the insert sequence.

The first DCR has the sequence: gaacctgaagtcacccagactcccagccatcaggtcacaca-
gatgggacaggaagtgatc ttgcgctgtgtccccatctctaatcacttatacttctattggtacagacaaatcttgggg
cagaaagtcgagtttctggtttccttttataataatgaaatctcagagaagtctgaaata ttcgatgatcaattctcagttgaaag-
gcctgatggatcaaatttcactctgaagatccgg tccacaaagctggaggactcagccatgtacttctgtgccagcag
CGAATA tagcaatcagccccagcattttggtgatgggactcgactctccatcctag

Which results in the AA sequence:
EPEVTQTPSHQVTQMGQEVILRCVPISNHLYFYWYRQILGQKVEFLVSF

YNNEISEKSEIFDDQFSVERPDGSNFTLKIRSTKLEDSAMYFCASSEYSNQPQ
HFGDGTRLSIL

And includes the open reading frame:

MGQEVILRCVPISNHLYFYWYRQILGQKVEFLVSFYNNEISEKSEIFDDQF
SVERPDGSNFTLKIRSTKLEDSAMYFCASSEYSNQPQHFGDGTRLSIL

The second DCR has the sequence: gaacctgaagtcacccagactcccagccatcaggtcacaca-
gatgggacaggaagtgatc ttgcgctgtgtccccatctctaatcacttatacttctattggtacagacaaatcttgggg
cagaaagtcgagtttctggtttccttttataataatgaaatctcagagaagtctgaaata ttcgatgatcaattctcagttgaaag-
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gcctgatggatcaaatttcactctgaagatccgg tccacaaagctggaggactcagccatgtacttctgtgccagcagt-
gaa TA tagcaatcagccccagcattttggtgatgggactcgactctccatcctag

Which results in the AA sequence: EPEVTQTPSHQVTQMGQEVILRCVPIS
NHLYFYWYRQILGQKVEFLVSFYNNEISEKSEIFDDQFSVERPDGSNFTLKIR
STKLEDSAMYFCASSEYSNQPQHFGDGTRLSIL

And includes the open reading frame:

MGQEVILRCVPISNHLYFYWYRQILGQKVEFLVSFYNNEISEKSEIFDDQF
SVERPDGSNFTLKIRSTKLEDSAMYFCASSEYSNQPQHFGDGTRLSIL

These two AA sequences did not match, and only one had open reading frame
within the sequence. This indicates that this clonotype comes from at least two
different T cell populations.

Sample 2: Sequence 4

The fourth sequence comes from two different DCR clonotypes. Both have the same
J regions, V regions, and same size deletions, and differ in the insert sequence.

The first DCR has the sequence: ggtgctggagtctcccagtcccctaggtacaaagtcgcaaaga-
gaggacaggatgtagct ctcaggtgtgatccaatttcgggtcatgtatcccttttttggtaccaacaggccctgggg caggggcca-
gagtttctgacttatttccagaatgaagctcaactagacaaatcggggctg cccagtgatcgcttctttgcagaaaggc-
ctgagggatccgtctccactctgaagatccag cgcacacagcaggaggactccgccgtgtatctctgtgccagcagc CCTC-
GAACAGCCCCTCCAT atgaaaaactgttttttggcagtggaacccagctctctgtcttgg

Which results in the AA sequence: GAGVSQSPRYKVAKRGQDVALRCDPIS
GHVSLFWYQQALGQGPEFLTYFQNEAQLDKSGLPSDRFFAERPEGSVSTLK
IQRTQQEDSAVYLCASSPRTAPPYEKLFFGSGTQLSVL

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: ggtgctggagtctcccagtcccctaggtacaaagtcgcaaa-
gagaggacaggatgtagct ctcaggtgtgatccaatttcgggtcatgtatcccttttttggtaccaacaggccctgggg
caggggccagagtttctgacttatttccagaatgaagctcaactagacaaatcggggctg cccagtgatcgcttctttgca-
gaaaggcctgagggatccgtctccactctgaagatccag cgcacacagcaggaggactccgccgtgtatctctgtgccagcagc
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CCTCGGACAGCCCCTCCAT atgaaaaactgttttttggcagtggaacccagctctctgtcttgg

Which results in the AA sequence: GAGVSQSPRYKVAKRGQDVALRCDPIS
GHVSLFWYQQALGQGPEFLTYFQNEAQLDKSGLPSDRFFAERPEGSVSTLK
IQRTQQEDSAVYLCASSPRTAPPYEKLFFGSGTQLSVL

And includes the open reading frame:

No start codon in this sequence.

These two AA sequences are identical, indicating that they are functionally the
same. This suggests that they either result from two very similar recombination
processes or may come from one T cell population and have been separated by se-
quencing error.

Sample 2: Sequence 5

The fifth sequence comes from four different DCR clonotypes. Both have the same J
regions, V regions, and same size V deletions, and differ in the size of the J deletion
and the insert sequence.

The first DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccagcagtt
CTACCCGTAACGTAACAGGGTCCGGT gccaacgtcctgactttcggggccggcagcaggctgac-
cgtgctgg

Which results in the AA sequence: DVKVTQSSRYLVKRTGEKVFLECVQD
MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERFSLI
LESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

The second DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
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ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccagcagtt
CTACCCGTAACGTAACAGGGTCCGGGGCCAAT gtcctgactttcggggccggcagcaggct-
gaccgtgctgg

Which results in the AA sequence: DVKVTQSSRYLVKRTGEKVFLECVQD
MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERFSLI
LESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

The third DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccagcagtt
CTACCCGTAACGTAACAGGGTCCGGGGCT aacgtcctgactttcggggccggcagcaggct-
gaccgtgctgg

Which results in the AA sequence: DVKVTQSSRYLVKRTGEKVFLECVQD
MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERFSLI
LESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

The fourth DCR has the sequence: gatgtgaaagtaacccagagctcgagatatctagtcaaaag-
gacgggagagaaagttttt ctggaatgtgtccaggatatggaccatgaaaatatgttctggtatcgacaagacccaggt
ctggggctacggctgatctatttctcatatgatgttaaaatgaaagaaaaaggagatatt cctgaggggtacagtgtctc-
tagagagaagaaggagcgcttctccctgattctggagtcc gccagcaccaaccagacatctatgtacctctgtgccagcagtt
CTACCCGTAACGTAACAGGGTCC ggggccaacgtcctgactttcggggccggcagcaggctgac-
cgtgctgg

Which results in the AA sequence: DVKVTQSSRYLVKRTGEKVFLECVQD
MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERFSLI
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LESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

And includes the open reading frame:

MDHENMFWYRQDPGLGLRLIYFSYDVKMKEKGDIPEGYSVSREKKERF
SLILESASTNQTSMYLCASSSTRNVTGSGANVLTFGAGSRLTVL

All four of these DCR clonotypes result in the same AA sequence (and the same
open reading frame). They also only differ in the nucleotides used in the inser-
tion sequence. This is suggestive either of at least four very similar recombination
processes or may come from fewer T cell populations and have been separated by
sequencing error.

Sample 3

The third of these was the CD8 patient QUTα sample from week 0. There were
2,392 DCR clonotypes and 2,223 CDR3 clonotypes, so 169 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes.

Table T.3: Five sequences from patient QUT α CD8 sample from week 0

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAMREA
SFSGGYN
KLIF

324 1 TRAV14/
DV4

TRAJ4 6 2 GGAGGC
TTCC

317 TRAV14/
DV4

TRAJ4 1 2 CTTCC

1 TRAV29/
DV5

TRAJ4 7 2 ATGAGA
GAGGCT
TCC

1 TRAV14/
DV4

TRAJ4 1 1 CTTC

Continued on next page

822



Table T.3 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

1 TRAV14/
DV4

TRAJ43 1 20 CTTCCT
TTTCTG
GTGGCT
ACAATA
AGCTAA
TT

1 TRAV14/
DV4

TRAJ4 3 2 AGCTTC
C

2 TRAV14/
DV4

TRAJ43 1 20 CTTCCT
TTTCTG
GTGGCT
ACAATA
AACTGA
TT

CAVLDS
NYQLIW

16 3 TRAV1-2 TRAJ33 6 0 TC

3 TRAV1-2 TRAJ33 6 0 CT

2 TRAV1-2 TRAJ33 5 0 T

2 TRAV1-2 TRAJ33 5 0 C

1 TRAV1-2 TRAJ33 6 0 TT

3 TRAV1-2 TRAJ33 6 0 CC

1 TRAV1-2 TRAJ33 5 2 CTC

1 TRAV1-2 TRAJ33 6 0 AT

CAVANY
GNNRLA
F

74 1 TRAV8-3 TRAJ7 4 7 CGAATT
AC

1 TRAV8-3 TRAJ7 9 4 CGTGGC
GAAT

1 TRAV8-6 TRAJ7 5 4 GCGAAT

70 TRAV8-3 TRAJ7 4 4 CGAAT

Continued on next page
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Table T.3 – continued from previous page

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

1 TRAV8-3 TRAJ7 4 10 CGAATT
ATGGA

CALTQS
NDYKLS
F

5 1 TRAV20 TRAJ20 7 2 CTGACC
CAA

4 TRAV9-2 TRAJ20 4 2 CCCAA

CATDGA
GGSYIPT
F

41 1 TRAV17 TRAJ6 2 5 TGGAG

40 TRAV17 TRAJ6 0 5 GAG

Sample 3: Sequence 1

The first sequence comes from seven different DCR clonotypes. These clonotypes
differ by every measure: V region, J region, deletion sizes, and insert sequences.

The first DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgtgcaggaaaag-
gaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc agcagtggggaaat-
gatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttccagaaggcaa-
gaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgag GGAGGC
TTCC ttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

The second DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgt-
gcaggaaaaggaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc
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agcagtggggaaatgatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttcca-
gaaggcaagaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgaga-
gagg CTTCC ttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

The third DCR has the sequence: agtcaacagaagaatgatgaccagcaagttaagcaaaattcac-
catccctgagcgtccag gaaggaagaatttctattctgaactgtgactatactaacagcatgtttgattatttccta tg-
gtacaaaaaataccctgctgaaggtcctacattcctgatatctataagttccattaag gataaaaatgaagatggaa-
gattcactgtcttcttaaacaaaagtgccaagcacctctct ctgcacattgtgccctcccagcctggagactctgcagt-
gtacttctgtgca ATGAGA GAGGCT TCC ttttctggtggctacaataagctgatttttggagcagggaccaggctg-
gctgtacacccat

Which results in the AA sequence: SQQKNDDQQVKQNSPSLSVQEGRISILN
CDYTNSMFDYFLWYKKYPAEGPTFLISISSIKDKNEDGRFTVFLNKSAKHLS
LHIVPSQPGDSAVYFCAMREASFSGGYNKLIFGAGTRLAVHP
And includes the open reading frame:

MFDYFLWYKKYPAEGPTFLISISSIKDKNEDGRFTVFLNKSAKHLSLHIV
PSQPGDSAVYFCAMREASFSGGYNKLIFGAGTRLAVHP

The fourth DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgt-
gcaggaaaaggaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc
agcagtggggaaatgatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttcca-
gaaggcaagaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgaga-
gagg CTTC gttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLAVHP
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And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

The fifth DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgtgcaggaaaag-
gaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc agcagtggggaaat-
gatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttccagaaggcaa-
gaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgagagagg CTTCCT
TTTCTG GTGGCT ACAATA AGCTAA TT tttggagcagggaccagactgacagtaaaaccaa

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLTVKP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLTVKP

The sixth DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgtgcaggaaaag-
gaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc agcagtggggaaat-
gatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttccagaaggcaa-
gaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgagaga AGCTTC
C ttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

The seventh DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgt-
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gcaggaaaaggaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc
agcagtggggaaatgatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttcca-
gaaggcaagaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgaga-
gagg CTTCCT TTTCTG GTGGCT ACAATA AACTGA TT tttggagcagggacca-
gactgacagtaaaaccaa

Which results in the AA sequence: AQKITQTQPGMFVQEKEAVTLDCTYD
TSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQNATEGRYSLNFQKARKSANL
VISASQLGDSAMYFCAMREASFSGGYNKLIFGAGTRLTVKP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLTVKP

Four of these seven DCRs (1, 2, 4, and 6) produced the same AA sequence. Two
of the remaining DCRs (5 and 7) produce an AA sequence which is different to
those four, but the same as each other. The final DCR (3) produces a unique AA
sequence in this CDR3 clonotype. This suggests that multiple recombination events
led to this CDR3 clonotype.

Sample 3: Sequence 2

The second sequence comes from eight different DCR clonotypes. Both have the
same J regions and V regions, and differ in the size of the V and J deletions, and
the insert sequence.

The first DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacggaag-
gtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc gaag-
cacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtctaaagggtacagt-
tacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt TC tggatagcaactatcagt-
taatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP
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And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The second DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt CT tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The third DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgtg T tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The fourth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgtg C tggatag-
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caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The fifth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt TT tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The sixth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt CC tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
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GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The seventh DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgtg CTC gatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

The eighth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt AT tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence:
GQNIDQPTEMTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSY

NVLDGLEEKGRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWG
AGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVLDSNYQLIWGAGTKLIIKP

All eight of these DCR clonotypes result in the same AA sequence. This suggests
that all the DCRs are functionally the same. This suggests either that a number of
separate but similar recombination events produced these different DCRs, or that
this CDR3 clonotype comes from less T cells originally has been artificially separated
by the sequencing process. It could also be a combination of both of these processes.
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Sample 3: Sequence 3

The third sequence comes five different DCRs, and the J region is constant between
all three, but the V region, both deletions, and the insert vary.

The first DCR has the sequence: gcccagtcagtgacccagcctgacatccacatcactgtctct-
gaaggagcctcactggag ttgagatgtaactattcctatggggcaacaccttatctcttctggtatgtccagtccccc ggc-
caaggcctccagctgctcctgaagtacttttcaggagacactctggttcaaggcatt aaaggctttgaggctgaatttaa-
gaggagtcaatcttccttcaatctgaggaaaccctct gtgcattggagtgatgctgctgagtacttctgtgctgtgg CGAAT-
TAC gggaacaacagactcgcttttgggaaggggaaccaagtggtggtcataccaa

Which results in the AA sequence: AQSVTQPDIHITVSEGASLELRCNYSYG
ATPYLFWYVQSPGQGLQLLLKYFSGDTLVQGIKGFEAEFKRSQSSFNLRKP
SVHWSDAAEYFCAVANYGNNRLAFGKGNQVVVIP

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: gcccagtcagtgacccagcctgacatccacatcactgtctct-
gaaggagcctcactggag ttgagatgtaactattcctatggggcaacaccttatctcttctggtatgtccagtccccc ggc-
caaggcctccagctgctcctgaagtacttttcaggagacactctggttcaaggcatt aaaggctttgaggctgaatttaa-
gaggagtcaatcttccttcaatctgaggaaaccctct gtgcattggagtgatgctgctgagtacttctgtgc CGTGGC
GAAT tatgggaacaacagactcgcttttgggaaggggaaccaagtggtggtcataccaa

Which results in the AA sequence: AQSVTQPDIHITVSEGASLELRCNYSYG
ATPYLFWYVQSPGQGLQLLLKYFSGDTLVQGIKGFEAEFKRSQSSFNLRKP
SVHWSDAAEYFCAVANYGNNRLAFGKGNQVVVIP

And includes the open reading frame:

No start codon in this sequence.

The third DCR has the sequence: gcccagtcagtgacccagcctgacatccacatcactgtctct-
gaaggagcctcactggag ttgagatgtaactattcctatggggcaacaccttatctcttctggtatgtccagtccccc ggc-
caaggcctccagctgctcctgaagtacttttcaggagacactctggttcaaggcatt aaaggctttgaggctgaatttaa-
gaggagtcaatcttccttcaatctgaggaaaccctct gtgcattggagtgatgctgctgagtacttctgtgctgtg GC-
GAAT tatgggaacaacagactcgcttttgggaaggggaaccaagtggtggtcataccaa
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Which results in the AA sequence: AQSVTQPDIHITVSEGASLELRCNYSYG
ATPYLFWYVQSPGQGLQLLLKYFSGDTLVQGIKGFEAEFKRSQSSFNLRKP
SVHWSDAAEYFCAVANYGNNRLAFGKGNQVVVIP
And includes the open reading frame:

No start codon in this sequence.

The fourth DCR has the sequence: gcccagtcagtgacccagcctgacatccacatcactgtctct-
gaaggagcctcactggag ttgagatgtaactattcctatggggcaacaccttatctcttctggtatgtccagtccccc ggc-
caaggcctccagctgctcctgaagtacttttcaggagacactctggttcaaggcatt aaaggctttgaggctgaatttaa-
gaggagtcaatcttccttcaatctgaggaaaccctct gtgcattggagtgatgctgctgagtacttctgtgctgtgg CGAAT
tatgggaacaacagactcgcttttgggaaggggaaccaagtggtggtcataccaa

Which results in the AA sequence: AQSVTQPDIHITVSEGASLELRCNYSYG
ATPYLFWYVQSPGQGLQLLLKYFSGDTLVQGIKGFEAEFKRSQSSFNLRKP
SVHWSDAAEYFCAVANYGNNRLAFGKGNQVVVIP

And includes the open reading frame:

No start codon in this sequence.

The fifth DCR has the sequence: gcccagtcagtgacccagcctgacatccacatcactgtctct-
gaaggagcctcactggag ttgagatgtaactattcctatggggcaacaccttatctcttctggtatgtccagtccccc ggc-
caaggcctccagctgctcctgaagtacttttcaggagacactctggttcaaggcatt aaaggctttgaggctgaatttaa-
gaggagtcaatcttccttcaatctgaggaaaccctct gtgcattggagtgatgctgctgagtacttctgtgctgtgg CGAATT
ATGGA aacaacagactcgcttttgggaaggggaaccaagtggtggtcataccaa

Which results in the AA sequence:
AQSVTQPDIHITVSEGASLELRCNYSYGATPYLFWYVQSPGQGLQLLLK

YFSGDTLVQGIKGFEAEFKRSQSSFNLRKPSVHWSDAAEYFCAVANYGNNR
LAFGKGNQVVVIP

And includes the open reading frame:

No start codon in this sequence.

All five of these DCRs resulting in the same AA sequences, showing that they are
functionally equivalent. This suggests this is a result of either a number of separate
but similar recombination events produced these different DCRs, or that this CDR3
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clonotype comes from less T cells originally has been artificially separated by the
sequencing process.

Sample 3: Sequence 4

The fourth sequence comes from two different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied.

The first DCR has the sequence: gaagaccaggtgacgcagagtcccgaggccctgagactccaggaggga-
gagagtagcagt cttaactgcagttacacagtcagcggtttaagagggctgttctggtataggcaagatcct gggaaag-
gccctgaattcctcttcaccctgtattcagctggggaagaaaaggagaaagaa aggctaaaagccacattaacaaa-
gaaggaaagctttctgcacatcacagcccctaaacct gaagactcagccacttatctctgtgct CTGACCCAA
tctaacgactacaagctcagctttggagccggaaccacagtaactgtaagagcaa

Which results in the AA sequence: EDQVTQSPEALRLQEGESSSLNCSYTVS
GLRGLFWYRQDPGKGPEFLFTLYSAGEEKEKERLKATLTKKESFLHITAPK
PEDSATYLCALTQSNDYKLSFGAGTTVTVRA

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: ggaaattcagtgacccagatggaagggccagtgactctctca-
gaagaggccttcctgact ataaactgcacgtacacagccacaggatacccttcccttttctggtatgtccaatatcct gga-
gaaggtctacagctcctcctgaaagccacgaaggctgatgacaagggaagcaacaaa ggttttgaagccacataccg-
taaagaaaccacttctttccacttggagaaaggctcagtt caagtgtcagactcagcggtgtacttctgtgctctga CC-
CAA tctaacgactacaagctcagctttggagccggaaccacagtaactgtaagagcaa

Which results in the AA sequence: GNSVTQMEGPVTLSEEAFLTINCTYTA
TGYPSLFWYVQYPGEGLQLLLKATKADDKGSNKGFEATYRKETTSFHLEK
GSVQVSDSAVYFCALTQSNDYKLSFGAGTTVTVRA

And includes the open reading frame:

MEGPVTLSEEAFLTINCTYTATGYPSLFWYVQYPGEGLQLLLKATKAD
DKGSNKGFEATYRKETTSFHLEKGSVQVSDSAVYFCALTQSNDYKLSFGAG
TTVTVRA
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These two DCRs produced different AA sequences, indicating that this CDR3
clonotype is the result of at least two different recombination processes.

Sample 3: Sequence 5

The fifth sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, and J deletion, but the V deletion and insert sequence
varied.

The first DCR has the sequence: agtcaacagggagaagaggatcctcaggccttgagcatccaggagggt-
gaaaatgccacc atgaactgcagttacaaaactagtataaacaatttacagtggtatagacaaaattcaggt agag-
gccttgtccacctaattttaatacgttcaaatgaaagagagaaacacagtggaaga ttaagagtcacgcttgacacttc-
caagaaaagcagttccttgttgatcacggcttcccgg gcagcagacactgcttcttacttctgtgctacgga TGGAG
caggaggaagctacatacctacatttggaagaggaaccagccttattgttcatccgt

Which results in the AA sequence: SQQGEEDPQALSIQEGENATMNCSYKT
SINNLQWYRQNSGRGLVHLILIRSNEREKHSGRLRVTLDTSKKSSSLLITASR
AADTASYFCATDGAGGSYIPTFGRGTSLIVHP

And includes the open reading frame:

MNCSYKTSINNLQWYRQNSGRGLVHLILIRSNEREKHSGRLRVTLDTSK
KSSSLLITASRAADTASYFCATDGAGGSYIPTFGRGTSLIVHP

The second DCR has the sequence: agtcaacagggagaagaggatcctcaggccttgagcatccaggagggt-
gaaaatgccacc atgaactgcagttacaaaactagtataaacaatttacagtggtatagacaaaattcaggt agag-
gccttgtccacctaattttaatacgttcaaatgaaagagagaaacacagtggaaga ttaagagtcacgcttgacacttc-
caagaaaagcagttccttgttgatcacggcttcccgg gcagcagacactgcttcttacttctgtgctacggacg GAG
caggaggaagctacatacctacatttggaagaggaaccagccttattgttcatccgt

Which results in the AA sequence: SQQGEEDPQALSIQEGENATMNCSYKT
SINNLQWYRQNSGRGLVHLILIRSNEREKHSGRLRVTLDTSKKSSSLLITASR
AADTASYFCATDGAGGSYIPTFGRGTSLIVHP

And includes the open reading frame:

MNCSYKTSINNLQWYRQNSGRGLVHLILIRSNEREKHSGRLRVTLDTSK
KSSSLLITASRAADTASYFCATDGAGGSYIPTFGRGTSLIVHP
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These two DCRs produced identical AA sequences, suggesting either that several
very similar recombination processes led to this CDR3 clonotype, or that the small
nucleotide difference between these DCR clonotypes may be a result of sequencing
error.

Sample 4

The fourth of these was the CD8 patient QUTα sample from week 12. There were
873 DCR clonotypes and 794 CDR3 clonotypes, so 79 of the DCR clonotypes origi-
nally identified were agglomerated into the CDR3 clonotypes.

835



Table T.4: Five sequences from patient QUT α CD8 sample from week 12

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAPISGG
YNKLIF

23 1 TRAV6 TRAJ4 15 3 GCTGTG
CTCCCA

1 TRAV12-3 TRAJ4 8 3 TCCCA
21 TRAV6 TRAJ4 6 3 CCA

CAVMDS
NYQLIW

38 2 TRAV1-2 TRAJ33 6 0 TA

6 TRAV1-2 TRAJ33 6 0 CA
21 TRAV1-2 TRAJ33 4 0
1 TRAV1-2 TRAJ33 12 0 CGCTGT

GA
1 TRAV1-2 TRAJ33 9 0 GGTCA
1 TRAV1-2 TRAJ33 9 0 CGTCA
6 TRAV1-2 TRAJ33 6 0 AA

CAMREA
SFSGGYN
KLIF

33 32 TRAV14/
DV4

TRAJ4 1 2 CTTCC

1 TRAV14/
DV4

TRAJ4 1 2 CCTCC

CAVTGV
GNMDSS
YKLIF

66 65 TRAV8-2 TRAJ12 10 2 CTGTGA
CCGGAG
TGGGTA
AC

1 TRAV8-6 TRAJ12 4 2 CCGGAG
TGGGTA
AC

CALKYP
GAGSYQ
LTF

4 1 TRAV16 TRAJ28 4 14 AGTATC
CTGGGG
CC

3 TRAV16 TRAJ28 4 6 AGTATC

Sample 4: Sequence 1

The first sequence comes from three different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied.

The first DCR has the sequence: agccaaaagatagaacagaattccgaggccctgaacattcaggagggtaaaacg-
gccacc ctgacctgcaactatacaaactattccccagcatacttacagtggtaccgacaagatcca ggaagaggcc-
ctgttttcttgctactcatacgtgaaaatgagaaagaaaaaaggaaagaa agactgaaggtcacctttgataccacc-
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cttaaacagagtttgtttcatatcacagcctcc cagcctgcagactcagctacctacc GCTGTG CTCCCA
tttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: SQKIEQNSEALNIQEGKTATLTCNYTN
YSPAYLQWYRQDPGRGPVFLLLIRENEKEKRKERLKVTFDTTLKQSLFHIT
ASQPADSATYRCAPISGGYNKLIFGAGTRLAVHP

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: cagaaggaggtggagcaggatcctggaccactcagtgttcca-
gagggagccattgtttct ctcaactgcacttacagcaacagtgcttttcaatacttcatgtggtacagacagtattcc agaaaag-
gccctgagttgctgatgtacacatactccagtggtaacaaagaagatggaagg tttacagcacaggtcgataaatccagcaag-
tatatctccttgttcatcagagactcacag cccagtgattcagccacctacctctgtgc TCCCA tttctggtggc-
tacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: QKEVEQDPGPLSVPEGAIVSLNCTYSNS
AFQYFMWYRQYSRKGPELLMYTYSSGNKEDGRFTAQVDKSSKYISLFIRDS
QPSDSATYLCAPISGGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MWYRQYSRKGPELLMYTYSSGNKEDGRFTAQVDKSSKYISLFIRDSQPS
DSATYLCAPISGGYNKLIFGAGTRLAVHP

The third DCR has the sequence: agccaaaagatagaacagaattccgaggccctgaacattcaggagggtaaaacg-
gccacc ctgacctgcaactatacaaactattccccagcatacttacagtggtaccgacaagatcca ggaagaggcc-
ctgttttcttgctactcatacgtgaaaatgagaaagaaaaaaggaaagaa agactgaaggtcacctttgataccacc-
cttaaacagagtttgtttcatatcacagcctcc cagcctgcagactcagctacctacctctgtgctc CCA tttctg-
gtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence: SQKIEQNSEALNIQEGKTATLTCNYTN
YSPAYLQWYRQDPGRGPVFLLLIRENEKEKRKERLKVTFDTTLKQSLFHIT
ASQPADSATYLCAPISGGYNKLIFGAGTRLAVHP

And includes the open reading frame:
No start codon in this sequence.
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All three of these DCRs produce different AA sequences, though two of them
only differ by one AA. This suggests that multiple recombination events let to this
CDR3 clonotype.

Sample 4: Sequence 2

The second sequence comes from seven different DCR clonotypes. These also all had
the same J region, V region, and J deletion, but the V deletion and insert sequence
varied.

The first DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacggaag-
gtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc gaag-
cacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtctaaagggtacagt-
tacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt TA tggatagcaactatcagt-
taatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

The second DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt CA tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP
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The third DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgtga tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

The fourth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctg CGCTGT GA tg-
gatagcaactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence:
GQNIDQPTEMTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSY

NVLDGLEEKGRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIW
GAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

The fifth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgc GGTCA tg-
gatagcaactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
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SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

The sixth DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgc CGTCA tg-
gatagcaactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence:
GQNIDQPTEMTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSY

NVLDGLEEKGRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIW
GAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

The seventh DCR has the sequence: ggacaaaacattgaccagcccactgagatgacagctacg-
gaaggtgccattgtccagatc aactgcacgtaccagacatctgggttcaacgggctgttctggtaccagcaacatgctggc
gaagcacccacatttctgtcttacaatgttctggatggtttggaggagaaaggtcgtttt tcttcattccttagtcggtc-
taaagggtacagttacctccttttgaaggagctccagatg aaagactctgcctcttacctctgtgctgt AA tggatag-
caactatcagttaatctggggcgctgggaccaagctaattataaagccag

Which results in the AA sequence: GQNIDQPTEMTATEGAIVQINCTYQT
SGFNGLFWYQQHAGEAPTFLSYNVLDGLEEKGRFSSFLSRSKGYSYLLLKEL
QMKDSASYLCAVMDSNYQLIWGAGTKLIIKP

And includes the open reading frame:

MTATEGAIVQINCTYQTSGFNGLFWYQQHAGEAPTFLSYNVLDGLEEK
GRFSSFLSRSKGYSYLLLKELQMKDSASYLCAVMDSNYQLIWGAGTKLIIKP
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These seven DCRs all produce the same AA sequence. This suggests that they
are all functionally the same, and either have arisen from multiple highly similar
recombination events, or that sequencing error has led to this high degree of sepa-
ration. This sequence is very similar to sequence two from sample 3 (which comes
from the same individual), in which there are eight DCRs producing the same AA
sequence. The same V and J genes are used in both of these CDR3s, but the dif-
ference (in the junction area) is conserved in all the DCRs of both sequences. This
may make the hypothesis of multiple recombination events leading to the same AA
more likely than many small-scale sequencing errors.

Sample 4: Sequence 3

The third sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, J deletion, and V deletion, but the insert sequence
varied.

The first DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgtgcaggaaaag-
gaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc agcagtggggaaat-
gatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttccagaaggcaa-
gaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgagagagg CTTCC
ttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat

Which results in the AA sequence:
AQKITQTQPGMFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLI

YQGSYDQQNATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFS
GGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

The second DCR has the sequence: gcccagaagataactcaaacccaaccaggaatgttcgt-
gcaggaaaaggaggctgtgact ctggactgcacatatgacaccagtgatccaagttatggtctattctggtacaagcagccc
agcagtggggaaatgatttttcttatttatcaggggtcttatgaccagcaaaatgcaaca gaaggtcgctactcattgaatttcca-
gaaggcaagaaaatccgccaaccttgtcatctcc gcttcacaactgggggactcagcaatgtacttctgtgcaatgaga-
gagg CCTCC ttttctggtggctacaataagctgatttttggagcagggaccaggctggctgtacacccat
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Which results in the AA sequence:
AQKITQTQPGMFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLI

YQGSYDQQNATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFS
GGYNKLIFGAGTRLAVHP

And includes the open reading frame:

MFVQEKEAVTLDCTYDTSDPSYGLFWYKQPSSGEMIFLIYQGSYDQQN
ATEGRYSLNFQKARKSANLVISASQLGDSAMYFCAMREASFSGGYNKLIFG
AGTRLAVHP

These two DCRs produced the same AA sequences, making them functionally
the same. This indicates that they wither came from from at least two highly simi-
lar recombination events, or that sequencing error has led to this artificial separation.

Sample 4: Sequence 4

The fourth sequence comes from two different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied.

The first DCR has the sequence: gcccagtcggtgacccagcttgacagccacgtctctgtctct-
gaaggaaccccggtgctg ctgaggtgcaactactcatcttcttattcaccatctctcttctggtatgtgcaacacccc aa-
caaaggactccagcttctcctgaagtacacatcagcggccaccctggttaaaggcatc aacggttttgaggctgaatt-
taagaagagtgaaacctccttccacctgacgaaaccctca gcccatatgagcgacgcggctgagtacttctgtg CT-
GTGA CCGGAG TGGGTA AC atggatagcagctataaattgatcttcgggagtgggaccagact-
gctggtcaggcctg

Which results in the AA sequence:
AQSVTQLDSHVSVSEGTPVLLRCNYSSSYSPSLFWYVQHPNKGLQLLLK

YTSAATLVKGINGFEAEFKKSETSFHLTKPSAHMSDAAEYFCAVTGVGNM
DSSYKLIFGSGTRLLVRP

And includes the open reading frame:

MSDAAEYFCAVTGVGNMDSSYKLIFGSGTRLLVRP

The second DCR has the sequence: gcccagtctgtgacccagcttgacagccaagtccctgtctttgaa-
gaagcccctgtggag ctgaggtgcaactactcatcgtctgtttcagtgtatctcttctggtatgtgcaatacccc aac-
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caaggactccagcttctcctgaagtatttatcaggatccaccctggttgaaagcatc aacggttttgaggctgaatttaa-
caagagtcaaacttccttccacttgaggaaaccctca gtccatataagcgacacggctgagtacttctgtgctgtga CCG-
GAG TGGGTA AC atggatagcagctataaattgatcttcgggagtgggaccagactgctggtcaggcctg

Which results in the AA sequence:
AQSVTQLDSQVPVFEEAPVELRCNYSSSVSVYLFWYVQYPNQGLQLLLK

YLSGSTLVESINGFEAEFNKSQTSFHLRKPSVHISDTAEYFCAVTGVGNMDS
SYKLIFGSGTRLLVRP

And includes the open reading frame:

MDSSYKLIFGSGTRLLVRP

These two DCRs produce different AA sequences. This suggests that multiple
recombination events led to this CDR3 clonotype.

Sample 4: Sequence 5

The fifth sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, and V deletion, but the J deletion and insert sequence
varied.

The first DCR has the sequence: gcccagagagtgactcagcccgagaagctcctctctgtctt-
taaaggggccccagtggag ctgaagtgcaactattcctattctgggagtcctgaactcttctggtatgtccagtactcc
agacaacgcctccagttactcttgagacacatctctagagagagcatcaaaggcttcact gctgaccttaacaaaggc-
gagacatctttccacctgaagaaaccatttgctcaagaggaa gactcagccatgtattactgtgctctaa AGTATC
CTGGGG CC gggagttaccaactcactttcgggaaggggaccaaactctcggtcataccaa

Which results in the AA sequence:
AQRVTQPEKLLSVFKGAPVELKCNYSYSGSPELFWYVQYSRQRLQLLLR

HISRESIKGFTADLNKGETSFHLKKPFAQEEDSAMYYCALKYPGAGSYQLT
FGKGTKLSVIP

And includes the open reading frame:

MYYCALKYPGAGSYQLTFGKGTKLSVIP

The second DCR has the sequence: gcccagagagtgactcagcccgagaagctcctctctgtctt-
taaaggggccccagtggag ctgaagtgcaactattcctattctgggagtcctgaactcttctggtatgtccagtactcc
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agacaacgcctccagttactcttgagacacatctctagagagagcatcaaaggcttcact gctgaccttaacaaaggc-
gagacatctttccacctgaagaaaccatttgctcaagaggaa gactcagccatgtattactgtgctctaa AGTATC
ctggggctgggagttaccaactcactttcgggaaggggaccaaactctcggtcataccaa

Which results in the AA sequence:
AQRVTQPEKLLSVFKGAPVELKCNYSYSGSPELFWYVQYSRQRLQLLLR

HISRESIKGFTADLNKGETSFHLKKPFAQEEDSAMYYCALKYPGAGSYQLT
FGKGTKLSVIP

And includes the open reading frame:

MYYCALKYPGAGSYQLTFGKGTKLSVIP

These two DCRs produced the same AA sequences, making them functionally
the same. This indicates that they either came from at least two highly similar
recombination events, or that sequencing error has led to this artificial separation.

Sample 5

The fifth of these was the CD4 patient QUKα sample from week 12. There were
9,886 DCR clonotypes and 9,491 CDR3 clonotypes, so 395 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes.

Using ExPASy the nucleotide sequences reading from 5’ to 3’ were translated
into amino acid sequences for comparison. The nucleotide region from the begin-
ning of the V region to the end of the J region was considered.

Sample 5: Sequence 1

The first of these sequences comes from two DCR clonotypes, which have the same
V and J regions, the same V deletion, and differ in the size of the J deletion and
the insert sequence.

The first DCR has the sequence: ggagagagtgtggggctgcatcttcctaccctgagtgtccaggagggt-
gacaactctattatcaactgtgcttattcaaacagcgcctcagactacttcatttggtacaagcaagaatctggaaaaggtcctcaattcattatagacattcgttcaaatatggacaaaaggcaaggccaaagagtcaccgttttattgaataagacagtgaaacatctctctctgcaaattgcagctactcaacctggagactcagctgtctacttttgtgcagagaata
TAGGC ggaaacacacctcttgtctttggaaagggcacaagactttctgtgattgcaa

Which results in the AA sequence:
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Table T.5: Five sequences from patient QUK α CD4 sample from week 12

Sequence CDR3
no.

DCR
no.

V region J region V
del

J
del

Insert

CAENIGG
NTPLVF

2 1 TRAV13-2 TRAJ29 0 8 TAGGC

1 TRAV13-2 TRAJ29 0 17 TAGGCG
GAAACA
CT

CAASPT
GTASKL
TF

3 1 TRAV27 TRAJ44 3 4 CATCTC
C

1 TRAV29/DV5TRAJ44 1 4 CC
1 TRAV13-1 TRAJ44 1 5 CCC

CAASRG
FGNVLH
C

4 3 TRAV13-1 TRAJ35 0 4 GG

1 TRAV13-1 TRAJ35 0 3 G
CAGDSG
GSNYKL
TF

5 1 TRAV25 TRAJ53 1 3 TG

2 TRAV27 TRAJ53 0 3
1 TRAV39 TRAJ53 6 3 GAG
1 TRAV25 TRAJ53 0 3 G

CAVVGG
SNYKLTF

3 1 TRAV20 TRAJ53 4 8 GTG

2 TRAV21 TRAJ53 4 11 CGTAGG
G
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GESVGLHLPTLSVQEGDNSIINCAYSNSASDYFIWYKQESGKGPQFIIDIR
SNMDKRQGQRVTVLLNKTVKHLSLQIAATQPGDSAVYFCAENIGGNTPLVF
GKGTRLSVIA

And includes the open reading frame:

MDKRQGQRVTVLLNKTVKHLSLQIAATQPGDSAVYFCAENIGGNTPLV
FGKGTRLSVIA

The second DCR has the sequence: ggagagagtgtggggctgcatcttcctaccctgagtgtccaggagggt-
gacaactctattatcaactgtgcttattcaaacagcgcctcagactacttcatttggtacaagcaagaatctggaaaaggtcctcaattcattatagacattcgttcaaatatggacaaaaggcaaggccaaagagtcaccgttttattgaataagacagtgaaacatctctctctgcaaattgcagctactcaacctggagactcagctgtctacttttgtgcagagaata
TAGGCGGAAACACT cctcttgtctttggaaagggcacaagactttctgtgattgcaa

Which results in the AA sequence:
GESVGLHLPTLSVQEGDNSIINCAYSNSASDYFIWYKQESGKGPQFIIDIR

SNMDKRQGQRVTVLLNKTVKHLSLQIAATQPGDSAVYFCAENIGGNTPLVF
GKGTRLSVIA

And includes the open reading frame:

MDKRQGQRVTVLLNKTVKHLSLQIAATQPGDSAVYFCAENIGGNTPLV
FGKGTRLSVIA

This open reading frame sequence is the same, so these two DCRs result in func-
tionally the same AA sequence. This indicates that they either came from at least
two highly similar recombination events, or that sequencing error has led to this
artificial separation.

Sample 5: Sequence 2

The second sequence comes three different DCRs, and the J region is constant be-
tween all three, but the V region, both deletions, and the insert vary.

The first DCR has the sequence: acccagctgctggagcagagccctcagtttctaagcatccaa-
gagggagaaaatctcact gtgtactgcaactcctcaagtgttttttccagcttacaatggtacagacaggagcctggg
gaaggtcctgtcctcctggtgacagtagttacgggtggagaagtgaagaagctgaagaga ctaacctttcagtttggt-
gatgcaagaaaggacagttctctccacatcactgcagcccag cctggtgatacaggcctctacctctgtgcag CATCTCC
accggcactgccagtaaactcacctttgggactggaacaagacttcaggtcacgctcg
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Which results in the AA sequence:
TQLLEQSPQFLSIQEGENLTVYCNSSSVFSSLQWYRQEPGEGPVLLVTVV

TGGEVKKLKRLTFQFGDARKDSSLHITAAQPGDTGLYLCAASPTGTASKLT
FGTGTRLQVTL

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: agtcaacagaagaatgatgaccagcaagttaagcaaaattcac-
catccctgagcgtccag gaaggaagaatttctattctgaactgtgactatactaacagcatgtttgattatttccta tg-
gtacaaaaaataccctgctgaaggtcctacattcctgatatctataagttccattaag gataaaaatgaagatggaa-
gattcactgtcttcttaaacaaaagtgccaagcacctctct ctgcacattgtgccctcccagcctggagactctgcagt-
gtacttctgtgcagcaagc CC taccggcactgccagtaaactcacctttgggactggaacaagacttcaggtcacgctcg

Which results in the AA sequence:
SQQKNDDQQVKQNSPSLSVQEGRISILNCDYTNSMFDYFLWYKKYPAEG

PTFLISISSIKDKNEDGRFTVFLNKSAKHLSLHIVPSQPGDSAVYFCAASPTGT
ASKLTFGTGTRLQVTL

And includes the open reading frame:

MFDYFLWYKKYPAEGPTFLISISSIKDKNEDGRFTVFLNKSAKHLSLHIV
PSQPGDSAVYFCAASPTGTASKLTFGTGTRLQVTL

The third DCR has the sequence: ggagagaatgtggagcagcatccttcaaccctgagtgtccaggaggga-
gacagcgctgtt atcaagtgtacttattcagacagtgcctcaaactacttcccttggtataagcaagaactt ggaaaag-
gacctcagcttattatagacattcgttcaaatgtgggcgaaaagaaagaccaa cgaattgctgttacattgaacaagacagc-
caaacatttctccctgcacatcacagagacc caacctgaagactcggctgtctacttctgtgcagcaagt CC accg-
gcactgccagtaaactcacctttgggactggaacaagacttcaggtcacgctcg

Which results in the AA sequence:
GENVEQHPSTLSVQEGDSAVIKCTYSDSASNYFPWYKQELGKGPQLIIDI

RSNVGEKKDQRIAVTLNKTAKHFSLHITETQPEDSAVYFCAASPPALPVNSP
LGLEQDFRSRS

And includes the open reading frame:

No start codon in this sequence.
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These sequences are all different, though they all contain the CDR3 sequence.
This suggests this CDR3 is likely to be the result of multiple recombination events.

Sample 5: Sequence 3

The third sequence comes from two different DCR clonotypes. Both have the same
V and J regions, the same V deletion, and differ in the size of the J deletion and
the insert sequence.

The first DCR has the sequence: ggagagaatgtggagcagcatccttcaaccctgagtgtccaggaggga-
gacagcgctgtt atcaagtgtacttattcagacagtgcctcaaactacttcccttggtataagcaagaactt ggaaaag-
gacctcagcttattatagacattcgttcaaatgtgggcgaaaagaaagaccaa cgaattgctgttacattgaacaagacagc-
caaacatttctccctgcacatcacagagacc caacctgaagactcggctgtctacttctgtgcagcaagta GG ggctttgggaat-
gtgctgcattgcgggtccggcactcaagtgattgttttaccac

Which results in the AA sequence:
GENVEQHPSTLSVQEGDSAVIKCTYSDSASNYFPWYKQELGKGPQLIIDI

RSNVGEKKDQRIAVTLNKTAKHFSLHITETQPEDSAVYFCAASRGFGNVLH
CGSGTQVIVLP

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: ggagagaatgtggagcagcatccttcaaccctgagtgtccaggaggga-
gacagcgctgtt atcaagtgtacttattcagacagtgcctcaaactacttcccttggtataagcaagaactt ggaaaag-
gacctcagcttattatagacattcgttcaaatgtgggcgaaaagaaagaccaa cgaattgctgttacattgaacaagacagc-
caaacatttctccctgcacatcacagagacc caacctgaagactcggctgtctacttctgtgcagcaagta G aggctttgggaat-
gtgctgcattgcgggtccggcactcaagtgattgttttaccac

Which results in the AA sequence:
GENVEQHPSTLSVQEGDSAVIKCTYSDSASNYFPWYKQELGKGPQLIIDI

RSNVGEKKDQRIAVTLNKTAKHFSLHITETQPEDSAVYFCAASRGFGNVLH
CGSGTQVIVLP

And includes the open reading frame:
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No start codon in this sequence.

These two AA sequences are the same, so the two DCRs are functionally the
same. This suggests that they either came from at least two highly similar recom-
bination events, or that sequencing error has led to this artificial separation.

Sample 5: Sequence 4

The fourth CDR3 sequence comes from four different DCRs utilizing the same J
region and J deletion, but different V regions, V deletions, and inserts.

The first DCR has the sequence: ggacaacaggtaatgcaaattcctcagtaccagcatgtacaa-
gaaggagaggacttcacc acgtactgcaattcctcaactactttaagcaatatacagtggtataagcaaaggcctggt
ggacatcccgtttttttgatacagttagtgaagagtggagaagtgaagaagcagaaaaga ctgacatttcagtttgga-
gaagcaaaaaagaacagctccctgcacatcacagccacccag actacagatgtaggaacctacttctgtgcagg TG
atagtggaggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
GQQVMQIPQYQHVQEGEDFTTYCNSSTTLSNIQWYKQRPGGHPVFLIQ

LVKSGEVKKQKRLTFQFGEAKKNSSLHITATQTTDVGTYFCAGDSGGSNY
KLTFGKGTLLTVNP

And includes the open reading frame:

MQIPQYQHVQEGEDFTTYCNSSTTLSNIQWYKQRPGGHPVFLIQLVKSG
EVKKQKRLTFQFGEAKKNSSLHITATQTTDVGTYFCAGDSGGSNYKLTFG
KGTLLTVNP

The second DCR has the sequence: acccagctgctggagcagagccctcagtttctaagcatc-
caagagggagaaaatctcact gtgtactgcaactcctcaagtgttttttccagcttacaatggtacagacaggagcctggg
gaaggtcctgtcctcctggtgacagtagttacgggtggagaagtgaagaagctgaagaga ctaacctttcagtttggt-
gatgcaagaaaggacagttctctccacatcactgcagcccag cctggtgatacaggcctctacctctgtgcaggag atagtg-
gaggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
TQLLEQSPQFLSIQEGENLTVYCNSSSVFSSLQWYRQEPGEGPVLLVTVV

TGGEVKKLKRLTFQFGDARKDSSLHITAAQPGDTGLYLCAGDSGGSNYKL
TFGKGTLLTVNP
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And includes the open reading frame:

No start codon in this sequence.

The third DCR has the sequence: gagctgaaagtggaacaaaaccctctgttcctgagcatgca
ggagggaaaaaactataccatctactgcaattattcaaccacttcagacagactgtattggtacaggcaggatcctgg
gaaaagtctggaatctctgtttgtgttgctatcaaatggagcagtgaagcaggagggacgattaatggcctcacttga
taccaaagcccgtctcagcaccctccacatcacagctgccgtgcatgacctctctgccacctacttctgtgccg GAG
atagtggaggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
ELKVEQNPLFLSMQEGKNYTIYCNYSTTSDRLYWYRQDPGKSLESLFVL

LSNGAVKQEGRLMASLDTKARLSTLHITAAVHDLSATYFCAGDSGGSNYKL
TFGKGTLLTVNP

And includes the open reading frame:

MQEGKNYTIYCNYSTTSDRLYWYRQDPGKSLESLFVLLSNGAVKQEGR
LMASLDTKARLSTLHITAAVHDLSATYFCAGDSGGSNYKLTFGKGTLLTVN
P

The fourth DCR has the sequence: ggacaacaggtaatgcaaattcctcagtaccagcatgtac
aagaaggagaggacttcaccacgtactgcaattcctcaactactttaagcaatatacagtggtataagcaaaggcctg
gtggacatcccgtttttttgatacagttagtgaagagtggagaagtgaagaagcagaaaagactgacatttcagtttg
gagaagcaaaaaagaacagctccctgcacatcacagccacccagactacagatgtaggaacctacttctgtgcaggg
G atagtggaggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
GQQVMQIPQYQHVQEGEDFTTYCNSSTTLSNIQWYKQRPGGHPVFLIQ

LVKSGEVKKQKRLTFQFGEAKKNSSLHITATQTTDVGTYFCAGDSGGSNY
KLTFGKGTLLTVNP

And includes the open reading frame:

MQIPQYQHVQEGEDFTTYCNSSTTLSNIQWYKQRPGGHPVFLIQLVKSG
EVKKQKRLTFQFGEAKKNSSLHITATQTTDVGTYFCAGDSGGSNYKLTFG
KGTLLTVNP

Two of these four DCRs produce exactly the same AA sequence. The other
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two produced unique AA sequences. One of these produced an open reading frame
within the sequence which was different to the other two, and the fourth did not
have and open reading frame within the sequence. This indicates that this CDR3 is
likely to be the result of multiple recombination events.

Sample 5: Sequence 5

The fifth CDR3 sequence comes from two different DCRs utilizing the same J region
and V deletion, but different V regions, J deletions, and inserts.

The first DCR has the sequence: gaagaccaggtgacgcagagtcccgaggccctgagactccag
gagggagagagtagcagtcttaactgcagttacacagtcagcggtttaagagggctgttctggtataggcaagatcct
gggaaaggccctgaattcctcttcaccctgtattcagctggggaagaaaaggagaaagaaaggctaaaagccacatt
aacaaagaaggaaagctttctgcacatcacagcccctaaacctgaagactcagccacttatctctgtgctgtg GTG
ggaggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
EDQVTQSPEALRLQEGESSSLNCSYTVSGLRGLFWYRQDPGKGPEFLFT

LYSAGEEKEKERLKATLTKKESFLHITAPKPEDSATYLCAVVGGSNYKLTF
GKGTLLTVNP

And includes the open reading frame:

No start codon in this sequence.

The second DCR has the sequence: aaacaggaggtgacgcagattcctgcagctctgagtgtc
ccagaaggagaaaacttggttctcaactgcagtttcactgatagcgctatttacaacctccagtggtttaggcaggac
cctgggaaaggtctcacatctctgttgcttattcagtcaagtcagagagagcaaacaagtggaagacttaatgcctcg
ctggataaatcatcaggacgtagtactttatacattgcagcttctcagcctggtgactcagccacctacctctgtgctgt
CGTAGGG ggtagcaactataaactgacatttggaaaaggaactctcttaaccgtgaatccaa

Which results in the AA sequence:
KQEVTQIPAALSVPEGENLVLNCSFTDSAIYNLQWFRQDPGKGLTSLLLI

QSSQREQTSGRLNASLDKSSGRSTLYIAASQPGDSATYLCAVVGGSNYKLTF
GKGTLLTVNP

And includes the open reading frame:
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No start codon in this sequence.

These AA sequences are not the same, suggesting that this CDR3 clonotype is
likely to be the result of multiple recombination events.
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Appendix U

Analytical discussion of CDR3 and
DCR sequence differences

Below the full discussion of the DCR and CDR3 sequences seen in Chapter 5. This
can be seen condensed into a shorter discussion with an accompanying table in
Chapter 5.

Sample 1

The first sample was the CD4 patient QULβ sample from week 12. There were
1,675 DCR clonotypes and 1,540 CDR3 clonotypes, so 135 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes. The summary of
the DCR attributes can be seen in Table 5.4.

Sample 1

Sample 1: Sequence 1

The first CDR3 sequence comes from two different DCR clonotypes. Both have the
same J regions and same size J deletions, and differ in the size of the V deletion,
the V region and the insert sequence. The two AA sequences produced are not the
same sequence, and nor are the two open reading frames. It appears that this CDR3
clonotype originates from at least two separate V(D)J recombination events.
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Sample 1: Sequence 2

The second sequence from this sample also comes from two different DCR clono-
types. Both have the same J regions and same size J deletions, and differ in the size
of the V deletion, the V region and the insert sequence, as in the sequence above.
These two DCRs give rise to different AA sequences, neither of which have a start
codon within the sequence. This indicates that this CDR3 clonotype arose from at
least two separate V(D)J recombination events.

Sample 1: Sequence 3

The third sequence also comes from two different DCR clonotypes. Both have the
same J regions and same size J deletions, and differ in the size of the V deletion, the
V region and the insert sequence, as in the sequence above. The full AA sequences
and open reading frames of these two DCR sequences are different, indicating that
they arose from at least two separate V(D)J recombination events.

Sample 1: Sequence 4

The fourth of these sequences comes from two DCR clonotypes, but these have the
same V and J regions, the same V and J deletions, and differ only in the insert
sequence. The two AA sequences produced are identical, indicating that these two
DCR clonotypes are functionally the same. This CDR3 clonotype may have arisen
from very similar recombination processes, or could be a biologically inaccurate sep-
aration due to a laboratory sequencing error.

Sample 1: Sequence 5

The fifth CDR3 sequence comes from three different DCRs utilizing the same J re-
gion and J deletion, but different V regions, V deletions, and inserts. All three of
the AA sequences produced are different from each other, as were the open reading
frames. This is indicative of at least three different recombination events leading to
this CDR3 clonotype.

Sample 2

The second of these samples was the CD8 patient QUKβ sample from week 150.
There were 5,192 DCR clonotypes and 4,937 CDR3 clonotypes, so 255 of the DCR
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clonotypes originally identified were agglomerated with other DCR clonotypes, to
form their CDR3 clonotype counterparts.

Sample 2: Sequence 1

The first sequence comes from 13 different DCR clonotypes. These all had the same
J region, but the V region, deletions, and insert sequence varied. Five of the 13
DCRs had start codons within the AA sequence. Seven of the DCRs (1, 2, 3, 5,
6, 8, and 11) are unique within this CDR3 clonotype. The other six DCRs (4, 7,
9, 10, 12, and 13) all produced the same AA sequence. This indicates that there
were many recombination events leading to the production of this TCR clonotype,
some of which produced the same AA sequence, while many also produced varied
AA sequences.

Sample 2: Sequence 2

The second sequence comes from 11 different DCR clonotypes. These also all had
the same J region, but the V region, deletions, and insert sequence varied. Seven of
the DCRs (1, 2, 5, 6, 7, 8, and 10) within this CDR3 clonotype produced the same
AA sequence, indicating that they are functionally the same. The other four DCRs
(3, 4, 9, and 11) all produced unique AA sequences. Again, this is indicative that
this CDR3 clonotype arose through multiple recombination events.

Sample 2: Sequence 3

The third sequence comes from two different DCR clonotypes. Both have the same J
regions, V regions, and same size J deletions, and differ in the size of the V deletion
and the insert sequence. These two AA sequences did not match, and only one had
open reading frame within the sequence. This indicates that this clonotype comes
from at least two different T cell populations.

Sample 2: Sequence 4

The fourth sequence comes from two different DCR clonotypes. Both have the same
J regions, V regions, and same size deletions, and differ in the insert sequence. These
two AA sequences are identical, indicating that they are functionally the same. This
suggests that they either result from two very similar recombination processes or
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may come from one T cell population and have been separated by laboratory se-
quencing error.

Sample 2: Sequence 5

The fifth sequence comes from four different DCR clonotypes. Both have the same J
regions, V regions, and same size V deletions, and differ in the size of the J deletion
and the insert sequence. All four of these DCR clonotypes result in the same AA
sequence (and the same open reading frame). They also only differ in the nucleotides
used in the insertion sequence. This is suggestive either of at least four very similar
recombination processes, or of fewer T cell populations with separation resulting
from sequencing error.

Sample 3

The third sample was the CD8 patient QUTα sample from week 0. There were
2,392 DCR clonotypes and 2,223 CDR3 clonotypes, so 169 of the clonotypes origi-
nally identified at DCR level were agglomerated with others when it comes to the
CDR3 clonotype level.

Sample 3: Sequence 1

The first sequence comes from seven different DCR clonotypes. These clonotypes
differ by every measure: V region, J region, deletion sizes, and insert sequences.
Four of these seven DCRs (1, 2, 4, and 6) produced the same AA sequence. Two of
the remaining DCRs (5 and 7) produce an AA sequence which is different to those
four, but the same as each other. The final DCR (3) produces a unique AA sequence
in this CDR3 clonotype. This suggests that multiple recombination events led to
this CDR3 clonotype.

Sample 3: Sequence 2

The second sequence comes from eight different DCR clonotypes. Both have the
same J regions and V regions, and differ in the size of the V and J deletions, and the
insert sequence. All eight of these DCR clonotypes result in the same AA sequence.
This suggests that all the DCRs are functionally equivalent. This suggests either
that a number of separate but similar recombination events produced these different
DCRs, or that this CDR3 clonotype originates from fewer T cell lines which were
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artificially separated by the sequencing process, likely through laboratory error. It
could also be a combination of both of these processes.

Sample 3: Sequence 3

The third sequence comes from five different DCRs, and the J region is constant
between the five, but the V region, both deletions, and the insert vary. All five
of these DCRs result in the same AA sequences, showing that they are function-
ally equivalent. This suggests that this clonotype is a result of either a number of
separate but similar recombination events produced these different DCRs, or that
this CDR3 clonotype comes from fewer T cells originally and has been artificially
separated by the sequencing process.

Sample 3: Sequence 4

The fourth sequence comes from two different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied. These two DCRs produced different AA sequences, indicating that this
CDR3 clonotype is the result of at least two different V(D)J recombination pro-
cesses.

Sample 3: Sequence 5

The fifth sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, and J deletion, but the V deletion and insert sequence
varied. These two DCRs produced identical AA sequences, suggesting either that
several very similar recombination processes led to this CDR3 clonotype, or that
the small nucleotide difference between these DCR clonotypes may be a result of
sequencing error.

Sample 4

The fourth of these was the CD8 patient QUTα sample from week 12. There were
873 DCR clonotypes and 794 CDR3 clonotypes, so 79 of the DCR clonotypes orig-
inally identified were agglomerated with other DCR clonotypes to form the CDR3
clonotypes.
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Sample 4: Sequence 1

The first sequence comes from three different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied. All three of these DCRs produce different AA sequences, though two of them
only differ by one AA. This suggests that multiple recombination events led to this
CDR3 clonotype.

Sample 4: Sequence 2

The second sequence comes from seven different DCR clonotypes. These also all
had the same J region, V region, and J deletion, but the V deletion and insert se-
quence varied. These seven DCRs all produce the same AA sequence. This suggests
that they are all functionally the same, and either have arisen from multiple highly
similar recombination events, or that sequencing error has led to this high degree of
separation. This sequence is very similar to sequence two from sample three (which
comes from the same individual), in which there are eight DCRs producing the same
AA sequence. The same V and J genes are used in both of these CDR3s, but the
difference (in the junction area) is conserved in all the DCRs of both sequences.
This may make the hypothesis of multiple recombination events leading to the same
AA more likely than many small-scale sequencing errors.

Sample 4: Sequence 3

The third sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, J deletion, and V deletion, but the insert sequence
varied. These two DCRs produced the same AA sequences, making them function-
ally the same. This indicates that they either came from at least two highly similar
recombination events, or that sequencing error has led to this artificial separation.

Sample 4: Sequence 4

The fourth sequence comes from two different DCR clonotypes. These also all had
the same J region and J deletion, but the V region, V deletion, and insert sequence
varied. These two DCRs produce different AA sequences. This suggests that mul-
tiple recombination events led to this CDR3 clonotype.
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Sample 4: Sequence 5

The fifth sequence comes from two different DCR clonotypes. These also all had
the same J region, V region, and V deletion, but the J deletion and insert sequence
varied. These two DCRs produced the same AA sequences, making them function-
ally the same. This indicates that they either came from at least two highly similar
recombination events, or that sequencing error has led to this artificial separation.

Sample 5

The fifth of these was the CD4 patient QUKα sample from week 12. There were
9,886 DCR clonotypes and 9,491 CDR3 clonotypes, so 395 of the DCR clonotypes
originally identified were agglomerated into the CDR3 clonotypes.

Sample 5: Sequence 1

The first of these sequences comes from two DCR clonotypes, which have the same
V and J regions, the same V deletion, and differ in the size of the J deletion and the
insert sequence. This open reading frame sequence is the same, so these two DCRs
result in functionally the same AA sequence. This indicates that they either came
from at least two highly similar recombination events, or that sequencing error has
led to this artificial separation.

Sample 5: Sequence 2

The second sequence comes three different DCRs, and the J region is constant
between all three, but the V region, both deletions, and the insert vary. These se-
quences are all different, though they all contain the CDR3 sequence. This suggests
this CDR3 is likely to be the result of multiple recombination events.

Sample 5: Sequence 3

The third sequence comes from two different DCR clonotypes. Both have the same
V and J regions, the same V deletion, and differ in the size of the J deletion and
the insert sequence. These two AA sequences are the same, so the two DCRs are
functionally the same. This suggests that they either came from at least two highly
similar recombination events, or that sequencing error has led to this artificial sep-
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aration.

Sample 5: Sequence 4

The fourth CDR3 sequence comes from four different DCRs utilizing the same J
region and J deletion, but different V regions, V deletions, and inserts. Two of these
four DCRs produce exactly the same AA sequence. The other two produced unique
AA sequences. One of these produced an open reading frame within the sequence
which was different to the other two, and the fourth did not have an open reading
frame within the sequence. This indicates that this CDR3 is likely to be the result
of multiple recombination events.

Sample 5: Sequence 5

The fifth CDR3 sequence comes from two different DCRs utilizing the same J re-
gion and V deletion, but different V regions, J deletions, and inserts. These AA
sequences are not the same, suggesting that this CDR3 clonotype is likely to be the
result of multiple recombination events.
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Appendix V

TCR repertoire subsampled to a
depth of 10,000 (CBT)

Samples from the UCB study in Chapter 6 were subsampled to assess the effect of
the variable sample sizes.

Subsampled to 10,000

In order to make an equal comparison across patients, those with enough reads were
all sampled to a depth of 10,000 (10x) using the Decombinator script RandomlySam-
ple.py. The plots below show side-by-side comparisons of subsampled and raw data
where this was possible.
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Figure V.1: Gini coefficient in raw and subsampled data of patient H. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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(b) Subsampled to 10,000 reads.

Figure V.2: Shannon entropy in raw and subsampled data of patient H. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.3: Gini coefficient in raw and subsampled data of patient I. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.4: Shannon entropy in raw and subsampled data of patient I. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.5: Gini coefficient in raw and subsampled data of patient L. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.6: Shannon entropy in raw and subsampled data of patient L. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.7: Gini coefficient in raw and subsampled data of patient P. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Figure V.8: Shannon entropy in raw and subsampled data of patient P. Subsampling
was to library size of 10,000 reads and was iterated 10 times.
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Appendix W

TCR repertoire subsampled to a
depth of 5,000 (PENTA)

Samples from the PENTA study in Chapter 6 were subsampled to assess the effect
of the variable sample sizes.

Subsampled to 5,000

In order to make an equal comparison across patients, those with enough reads were
all sample to a depth of 5,000 (10x) using the Decombinator script RandomlySam-
ple.py. The plots below show side-by-side comparisons of subsampled and raw data
in the CD8+ memory cells of three patients, where this was possible.
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(a) Raw data.
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Figure W.1: Gini coefficient in raw and subsampled data of patient E. Subsampling
was to library size of 5,000 reads and was iterated 10 times.
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(a) Raw data.
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Figure W.2: Shannon entropy in raw and subsampled data of patient E. Subsampling
was to library size of 5,000 reads and was iterated 10 times.
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(a) Raw data.
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(b) Subsampled to 5,000 reads.

Figure W.3: Gini coefficient in raw and subsampled data of patient K. Subsampling
was to library size of 5,000 reads and was iterated 10 times.
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(a) Raw data.
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Figure W.4: Shannon entropy in raw and subsampled data of patient K. Subsam-
pling was to library size of 5,000 reads and was iterated 10 times.
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(a) Raw data.
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(b) Subsampled to 5,000 reads.

Figure W.5: Gini coefficient in raw and subsampled data of patient L. Subsampling
was to library size of 5,000 reads and was iterated 10 times.
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(a) Raw data.
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Figure W.6: Shannon entropy in raw and subsampled data of patient L. Subsampling
was to library size of 5,000 reads and was iterated 10 times.
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Appendix X

TCR repertoire subsampled to a
within-patient minimum depth
(CBT)

Individual subsampling

Samples from the UCB study in Chapter 6 were subsampled to assess the effect of
the variable sample sizes.

Further to the subsampling to 10,000 library size seen in TCR repertoire subsam-
pled to a depth of 10,000 (CBT), patients were also individually subsampled to the
lowest level possible in each patient using the Decombinator script RandomlySam-
ple.py. The plots below show side-by-side comparisons of subsampled and raw data.
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Figure X.1: Gini coefficient in raw and subsampled data of patient A. Subsampling
was to library size of 3,682 reads and was iterated 10 times.
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(b) Subsampled to 3,682 reads.

Figure X.2: Shannon entropy in raw and subsampled data of patient A. Subsampling
was to library size of 3,682 reads and was iterated 10 times.
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(b) Subsampled to 11,770 reads.

Figure X.3: Gini coefficient in raw and subsampled data of patient B. Subsampling
was to library size of 11,770 reads and was iterated 10 times.
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Figure X.4: Shannon entropy in raw and subsampled data of patient B. Subsampling
was to library size of 11,770 reads and was iterated 10 times.
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(a) Raw data.
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Figure X.5: Gini coefficient in raw and subsampled data of patient C. Subsampling
was to library size of 3,887 reads and was iterated 10 times.
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(b) Subsampled to 3,887 reads.

Figure X.6: Shannon entropy in raw and subsampled data of patient C. Subsampling
was to library size of 3,887 reads and was iterated 10 times.
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Figure X.7: Gini coefficient in raw and subsampled data of patient D. Subsampling
was to library size of 1,935 reads and was iterated 10 times.
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(b) Subsampled to 1,935 reads.

Figure X.8: Shannon entropy in raw and subsampled data of patient D. Subsampling
was to library size of 1,935 reads and was iterated 10 times.
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(b) Subsampled to 2,993 reads.

Figure X.9: Gini coefficient in raw and subsampled data of patient E. Subsampling
was to library size of 2,993 reads and was iterated 10 times.
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(b) Subsampled to 2,993 reads.

Figure X.10: Shannon entropy in raw and subsampled data of patient E. Subsam-
pling was to library size of 2,993 reads and was iterated 10 times.
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(b) Subsampled to 11,639 reads.

Figure X.11: Gini coefficient in raw and subsampled data of patient F. Subsampling
was to library size of 11,639 reads and was iterated 10 times.
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(b) Subsampled to 11,639 reads.

Figure X.12: Shannon entropy in raw and subsampled data of patient F. Subsam-
pling was to library size of 11,639 reads and was iterated 10 times.
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(b) Subsampled to 34,634 reads.

Figure X.13: Gini coefficient in raw and subsampled data of patient G. Subsampling
was to library size of 34,634 reads and was iterated 10 times.
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(b) Subsampled to 34,634 reads.

Figure X.14: Shannon entropy in raw and subsampled data of patient G. Subsam-
pling was to library size of 34,634 reads and was iterated 10 times.
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(b) Subsampled to 1,511 reads.

Figure X.15: Gini coefficient in raw and subsampled data of patient H. Subsampling
was to library size of 1,511 reads and was iterated 10 times.
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(b) Subsampled to 1,511 reads.

Figure X.16: Shannon entropy in raw and subsampled data of patient H. Subsam-
pling was to library size of 1,511 reads and was iterated 10 times.
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(b) Subsampled to 26,685 reads.

Figure X.17: Gini coefficient in raw and subsampled data of patient I. Subsampling
was to library size of 26,685 reads and was iterated 10 times.
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(b) Subsampled to 26,685 reads.

Figure X.18: Shannon entropy in raw and subsampled data of patient I. Subsampling
was to library size of 26,685 reads and was iterated 10 times.
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(b) Subsampled to 17,792 reads.

Figure X.19: Gini coefficient in raw and subsampled data of patient J. Subsampling
was to library size of 17,792 reads and was iterated 10 times.
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(b) Subsampled to 17,792 reads.

Figure X.20: Shannon entropy in raw and subsampled data of patient J. Subsampling
was to library size of 17,792 reads and was iterated 10 times.
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(b) Subsampled to 46,996 reads.

Figure X.21: Gini coefficient in raw and subsampled data of patient K. Subsampling
was to library size of 46,996 reads and was iterated 10 times.
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Figure X.22: Shannon entropy in raw and subsampled data of patient K. Subsam-
pling was to library size of 46,996 reads and was iterated 10 times.
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(b) Subsampled to 10,673 reads.

Figure X.23: Gini coefficient in raw and subsampled data of patient L. Subsampling
was to library size of 10,673 reads and was iterated 10 times.
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(b) Subsampled to 10,673 reads.

Figure X.24: Shannon entropy in raw and subsampled data of patient L. Subsam-
pling was to library size of 10,673 reads and was iterated 10 times.
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(b) Subsampled to 5,881 reads.

Figure X.25: Gini coefficient in raw and subsampled data of patient M. Subsampling
was to library size of 5,881 reads and was iterated 10 times.
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(b) Subsampled to 5,881 reads.

Figure X.26: Shannon entropy in raw and subsampled data of patient M. Subsam-
pling was to library size of 5,881 reads and was iterated 10 times.
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(b) Subsampled to 37,473 reads.

Figure X.27: Gini coefficient in raw and subsampled data of patient N. Subsampling
was to library size of 37,473 reads and was iterated 10 times.
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(b) Subsampled to 37,473 reads.

Figure X.28: Shannon entropy in raw and subsampled data of patient N. Subsam-
pling was to library size of 37,473 reads and was iterated 10 times.
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(a) Raw data.
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(b) Subsampled to 9,873 reads.

Figure X.29: Gini coefficient in raw and subsampled data of patient O. Subsampling
was to library size of 9,873 reads and was iterated 10 times.
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(b) Subsampled to 9,873 reads.

Figure X.30: Shannon entropy in raw and subsampled data of patient O. Subsam-
pling was to library size of 9,873 reads and was iterated 10 times.
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(b) Subsampled to 1,595 reads.

Figure X.31: Gini coefficient in raw and subsampled data of patient P. Subsampling
was to library size of 1,595 reads and was iterated 10 times.
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Figure X.32: Shannon entropy in raw and subsampled data of patient P. Subsam-
pling was to library size of 1,595 reads and was iterated 10 times.
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Appendix Y

TCR repertoire subsampled to a
within-patient minimum depth
(PENTA)

Samples from the PENTA study in chapter 7 were subsampled to assess the effect
of the variable sample sizes.

Initially the samples were subsampled to a library size of 5,000 as was done in
Heather et al. (2016) for comparison, seen in Chapter 5. Due to the many sam-
ples with small library size, this was limited to three patients and CD8+ cell samples.

Further to the subsampling to 5,000 library size, patients were also individually
subsampled to the lowest level possible in each patient using the Decombinator script
RandomlySample.py. The plots below show side-by-side comparisons of subsampled
and raw data.
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QUK CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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QUK CD8: Gini coefficient (raw data)

(b) Raw data: CD8+ T cells

0.00

0.25

0.50

0.75

1.00

0 50 100 150
Week

G
in

i c
oe

ffi
ci

en
t

Chain

Alpha
Beta

QUK CD4: Gini coefficient (library size 3,583)

(c) Subsampled to 3,583 reads:
CD4+ T cells
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Figure Y.1: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data
of patient K. Subsampling was to library size of 3,583 reads (CD4+ T cells) and
13,035 reads (CD8+ T cells), and was iterated 10 times.

The subsampled samples from patient K are fairly similar to the raw data. The
subsampled data suggests there may be an increase in unevenness in the week 48
CD4+ samples, especially the alpha chain. The week 48 samples have the lowest
read count of the CD4+ patient K samples. The small change around week 12 in the
CD8+ cells is less pronounced in the subsampled data. The week 12 samples have
the largest library size of the CD8+ cell samples from this patient, so the decrease
in evenness is not likely to be due to under-sampling, but there may be larger clonal
expansions which are muted by the subsampling.
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(a) Raw data: CD4+ T cells
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QUK CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells

8

12

16

0 50 100 150
Week

S
ha

nn
on

 e
nt

ro
py

Chain

Alpha
Beta

QUK CD4: Shannon index (library size 3,583)

(c) Subsampled to 3,583 reads:
CD4+ T cells
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(d) Subsampled to 13,035 reads:
CD8+ T cells

Figure Y.2: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient K. Subsampling was to library size of 3,583 reads (CD4+ T cells) and
13,035 reads (CD8+ T cells), and was iterated 10 times.

The Shannon entropy results for patient K are very similar to each other, espe-
cially the CD8+ samples. The CD4+ samples follow the same pattern for both raw
and subsampled, though the pattern is less distinct in the subsampled data.
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QUL CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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(c) Subsampled to 2,319 reads:
CD4+ T cells
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(d) Subsampled to 5,614 reads:
CD8+ T cells

Figure Y.3: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data of
patient L. Subsampling was to library size of 2,319 reads (CD4+ T cells) and 5,614
reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 α sample (774
reads) was not included in subsampling due to low library size.
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(a) Raw data: CD4+ T cells
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QUL CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells
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QUL CD4: Shannon index (library size 2,319)

(c) Subsampled to 2,319 reads:
CD4+ T cells
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(d) Subsampled to 5,614 reads:
CD8+ T cells

Figure Y.4: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient L. Subsampling was to library size of 2,319 reads (CD4+ T cells) and
5,614 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 α
sample (774 reads) was not included in subsampling due to low library size.
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QUQ CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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QUQ CD4: Gini coefficient (library size 1,729)

(c) Subsampled to 1,729 reads:
CD4+ T cells
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(d) Subsampled to 2,762 reads:
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Figure Y.5: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data of
patient Q. Subsampling was to library size of 1,729 reads (CD4+ T cells) and 2,762
reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 β sample (199
reads) and CD4+ week 150 β sample (323 reads) were not included in subsampling
due to low library size.
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(a) Raw data: CD4+ T cells
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QUQ CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells
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QUQ CD4: Shannon index (library size 1,729)

(c) Subsampled to 1,729 reads:
CD4+ T cells
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(d) Subsampled to 2,762 reads:
CD8+ T cells

Figure Y.6: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient Q. Subsampling was to library size of 1,729 reads (CD4+ T cells) and
2,762 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 β
sample (199 reads) and CD4+ week 150 β sample (323 reads) were not included in
subsampling due to low library size.
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QUT CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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QUT CD4: Gini coefficient (library size 2,387)

(c) Subsampled to 2,387 reads:
CD4+ T cells
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(d) Subsampled to 1,102 reads:
CD8+ T cells

Figure Y.7: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data
of patient T. Subsampling was to library size of 2,387 reads (CD4+ T cells) and
1,102 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 150 β
sample (224 reads) and CD8+ week 48 α sample (551 reads) were not included in
subsampling due to low library size.
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(a) Raw data: CD4+ T cells
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QUT CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells
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QUT CD4: Shannon index (library size 2,387)

(c) Subsampled to 2,387 reads:
CD4+ T cells
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(d) Subsampled to 1,102 reads:
CD8+ T cells

Figure Y.8: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient T. Subsampling was to library size of 2,387 reads (CD4+ T cells) and
1,102 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 150 β
sample (224 reads) and CD8+ week 48 α sample (551 reads) were not included in
subsampling due to low library size.
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(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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(c) Subsampled to 12,346 reads:
CD4+ T cells
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Figure Y.9: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data
of patient E. Subsampling was to library size of 12,346 reads (CD4+ T cells) and
5,991 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 0 α sample
(174 reads) was not included in subsampling due to low library size.
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(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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(c) Subsampled to 12,346 reads:
CD4+ T cells
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Figure Y.10: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient E. Subsampling was to library size of 12,346 reads (CD4+ T cells) and
5,991 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 0 α sample
(174 reads) was not included in subsampling due to low library size.
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QUF CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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QUF CD4: Gini coefficient (library size 1,011)

(c) Subsampled to 1,011 reads:
CD4+ T cells
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(d) Subsampled to 1,942 reads:
CD8+ T cells

Figure Y.11: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data
of patient F. Subsampling was to library size of 1,011 reads (CD4+ T cells) and
1,942 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 α and
β samples (424 and 648 reads), and the CD8+ week 48 α and β samples (282 and
527 reads) were not included in subsampling due to low library size.
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QUF CD4: Shannon index (raw data)

(a) Raw data: CD4+ T cells
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QUF CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells
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QUF CD4: Shannon index (library size 1,011)

(c) Subsampled to 1,011 reads:
CD4+ T cells
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(d) Subsampled to 1,942 reads:
CD8+ T cells

Figure Y.12: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient F. Subsampling was to library size of 1,011 reads (CD4+ T cells) and
1,942 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 48 α and
β samples (424 and 648 reads), and the CD8+ week 48 α and β samples (282 and
527 reads) were not included in subsampling due to low library size.
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QUV CD4: Gini coefficient (raw data)

(a) Raw data: CD4+ T cells
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(b) Raw data: CD8+ T cells
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QUV CD4: Gini coefficient (library size 2,546)

(c) Subsampled to 2,546 reads:
CD4+ T cells
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(d) Subsampled to 1,156 reads:
CD8+ T cells

Figure Y.13: Gini coefficient in raw and subsampled CD4+ and CD8+ T cell data
of patient V. Subsampling was to library size of 2,546 reads (CD4+ T cells) and
1,156 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 0 α and β
samples (280 and 757 reads) and week 48 α sample (81 reads) were not included in
subsampling due to low library size.
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QUV CD4: Shannon index (raw data)

(a) Raw data: CD4+ T cells
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QUV CD8: Shannon index (raw data)

(b) Raw data: CD8+ T cells
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QUV CD4: Shannon index (library size 2,546)

(c) Subsampled to 2,546 reads:
CD4+ T cells
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(d) Subsampled to 1,156 reads:
CD8+ T cells

Figure Y.14: Shannon entropy in raw and subsampled CD4+ and CD8+ T cell data
of patient V. Subsampling was to library size of 2,546 reads (CD4+ T cells) and
1,156 reads (CD8+ T cells), and was iterated 10 times. The CD4+ week 0 α and β
samples (280 and 757 reads) and week 48 α sample (81 reads) were not included in
subsampling due to low library size.
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QUD CD4: Gini coefficient (raw data)

(a) Raw data.
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(b) Subsampled to 2,224 reads.

Figure Y.15: Gini coefficient in raw and subsampled CD4+ T cell data of patient
D. Subsampling was to library size of 2,224 reads, and was iterated 10 times. The
CD4+ week 0 α sample (606 reads) was not included in subsampling due to low
library size.
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QUD CD4: Shannon index (raw data)

(a) Raw data.
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QUD CD4: Shannon index (library size 2,224)

(b) Subsampled to 2,224 reads.

Figure Y.16: Shannon entropy in raw and subsampled CD4+ T cell data of patient
D. Subsampling was to library size of 2,224 reads, and was iterated 10 times. The
CD4+ week 0 α sample (606 reads) was not included in subsampling due to low
library size.
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QUP CD4: Gini coefficient (raw data)

(a) Raw data.
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(b) Subsampled to 3,083 reads.

Figure Y.17: Gini coefficient in raw and subsampled CD4+ T cell data of patient
P. Subsampling was to library size of 3,083 reads, and was iterated 10 times.
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QUP CD4: Shannon index (raw data)

(a) Raw data.
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QUP CD4: Shannon index (library size 3,083)

(b) Subsampled to 3,083 reads.

Figure Y.18: Shannon entropy in raw and subsampled CD4+ T cell data of patient
P. Subsampling was to library size of 3,083 reads, and was iterated 10 times. .
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Appendix Z

Most abundant CDR3 sequences
detected in CBT patients

The tables below show the most abundant CDR3 sequences found in the 20 patients
studied in Chapter 6, as well as any antigen matches from vdjDB.

Patient A

Across the 5 time points this included 31 α CDR3 regions and also 31 β CDR3
regions.

Table Z.1: The top CDR3 sequences in the α and β chain samples of patient A.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAMGSARQLTF CASSDSGYSNQPQHF

CAASSRYSSASKIIF CASSEAWDTNPSNYGYTF

CAASTGTALIF CASSETSTDTQYF CMV
(0)

CAATNFGNEKLTF CMV
(0)

CASSIQSSYNEQFF

CAFLTQGGSEKLVF CASSLDREKNIQYF

CAGNDMRF CASSLIDRDGYTF

CAGPFGNEKLTF CASSLLRGVAGYTF

CAGSGGSYIPTF CMV
(0)

CASSLPLTNQPQHF

Continued on next page
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Table Z.1 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CALGANSKLTF CASSLQGATEAFF CMV
(0)

CALGDNDMRF CASSLTGRTGDTTDTQYF

CALSSTSGNTPLVF CASSLVQGYNQPQHF

CAMRLYNAGNMLTF CASSLYNTEAFF

CASLTYNQGGKLIF CASSPDPGDWTEKNIQYF

CATAIRDDYKLSF CASSPQGGQPQHF

CAVANQAGTALIF CMV
(0)

CASSPSGRAGEQFF

CAVEDRPNDYKLSF CASSPTEPPYEQYF

CAVGARTGGFKTIF CASSQDWLAGTGELFF

CAVGETSYDKVIF CASSQGGGPYEQYF

CAVKGGGNKLTF CASSQGGSFQETQYF

CAVPDSGGGADGLTF CASSRAPGQVAKNIQYF

CAVPTGTASKLTF CASSSDRGQVDGELFF

CAVRDWGYQKVTF CASSSGEGDSTDTQYF

CAVRRSSASKIIF CASSSPAGGPSDEQFF

CAVTSSGGYNKLIF CASSSSTSGRDNEQFF

CAVTYNAGNMLTF CASSWGGEQFF

CAVYNQGGKLIF CMV
(0)

CATSGDSGRGYNEQFF

CAYIGLDMRF CSAGHSGANVLTF

CAYSEETGTASKLTF CSAPTGGASSEQYF

CIVTYSGGGADGLTF CSARAGGLQETQYF

CLVGDKRNTGGFKTIF CSARGSAGGPGETQYF

CVVRTGRRALTF CSAVSLNTEAFF

Patient B
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Table Z.2: The top CDR3 sequences in the α and β chain samples of patient B.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAASTGDDKIIF CAISRRNGAGNTIYF

CAFMKRARPFQGAQKLVF CASRHSTARIQYF

CAGYDRGSTLGRLYF CASSFGGWSPLHF

CALSEVFGRALTF CASSFVAAPAGELFF

CALTERDYGGSQGNLIF CASSGQGAEKLFF

CALYGSGNTGKLIF CASSHGQGNNQPQHF

CAMREPSGGGADGLTF CASSHSPRGTEAFF

CATQGGKLIF CASSLAQGSNSPLHF

CAVADGQKLLF CASSLGAGANVLTF CMV
(0)

CAVGSNYQLIW CMV
(0)

CASSLILGNTGELFF

CAVKNRDDKIIF CASSLIMSGTEAFF

CAVRAPGGGGYQKVTF CASSLWTGGYNEQFF

CAVRDYGGATNKLIF CASSLYGVTSGSVLTDTQYF

CAVRVTGGGNKLTF CASSLYLTGSNQPQHF

CAVYQGGSEKLVF CASSPQGDEKLFF

CILRDTHGSSNTGKLIF CASSPYGAGGLHNEQFF

CILSDQFYF CASSQEGYSNQPQHF

CIVLVWESGANNLFF CASSVARGGDSPLHF

CIVRVDSGTYKYIF CASSYRLAPTDTQYF

CSFNQAGTALIF CSAQRGDYNEQFF

Patient C
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Table Z.3: The top CDR3 sequences in the α and β chain samples of patient C.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAPGYGGSQGNLIF CASSDNYGYTF CMV
(0)

CAASIAGGSYIPTF CASSLAGGPDTQYF

CAENNNYGQNFVF CASSLAGTSTDTQYF

CALSEAPNDYKLSF CASSLDEAAYQETQYF

CAMREGGKAAGNKLTF CASSLDTYEQYF

CAMREGTAGANNLFF CASSLGQGYEQYF CMV
(0)

CAMSLYSTLTF CASSLGQGYGYTF

CAPTNAGKSTF CASSLLAGGTDTQYF CMV
(0)

CAVEDHYGGSQGNLIF CASSLQGYEQYF

CAVLNQAGTALIF CASSLRQGAGQPQHF

CAVNDYKLSF Influenza
A (0)

CASSLVPSGTSGANVLTF

CAVQGGSEKLVF CASSPGGNEQFF

CAVSSGSARQLTF CASSQDGGGPTDTQYF

CIVRVAGAAGNKLTF CASSQTGTSYEQYF

CIVRVAGNAGNMLTF CASSSTGELFF CMV
(0)

CLVGEDGGFKTIF CASSTGTANTGELFF

CVVTAYSSASKIIF CASSVDSGGTDTQYF

CASSYGDSGTEAFF

CASSYSGVGGVRGTQYF

CASSYSSGNTIYF CMV
(0)

CASTLAGEAFF

CASTPGTVSYEQYF

CSARDRDYEQYF

Continued on next page
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Table Z.3 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CSARYQSGSFTDTQYF

CSASEDRGWIQETQYF

CSASPITSGGPSWPDTQYF

CSVDRGYEQYF

CSVLQGDTQYF

Patient D

Across the 4 time points this included 42 α CDR3 regions and also 39 β CDR3
regions.

Table Z.4: The top CDR3 sequences in the α and β chain samples of patient D.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAILNRDDKIIF CALETQYF

CAAPNNNDMRF CASSADRANYGYTF

CAASDFGNEKLTF CASSEASLYSSYNEQFF

CAASNDNNDMRF CASSFGAGFEQFF

CAASRGVYSSASKIIF CASSFLQGMSEQFF

CAASYGNNRLAF CASSIGTHSEAFF

CALLHTGTASKLTF CASSLAGRSHEQYF

CALSDRTGGFKTIF CASSLAPQGRETQYF

CAMREGRGSYIPTF CASSLEEGVEAFF

CAMYHTDKLIF CASSLFLQGRKNIQYF

CAPSVDSSYKLIF CASSLGGTGDEKLFF

CATGDTGRRALTF CASSLGLAMAGEQFF

CAVAPGGYQKVTF CASSLIMSGTEAFF

CAVARYSTLTF CASSLNGGMYGEQYF

Continued on next page
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Table Z.4 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVDTGRRALTF Homo
sapiens
(0)

CASSLSSGYEQYF

CAVGGAGSYQLTF CASSLTSGPYEQYF

CAVGSSNDYKLSF CASSLYAGLQFF

CAVISGGGFKTIF CASSLYGVTSGSVLTDTQYF

CAVKKAGSARQLTF CASSPRLVPSYEQYF

CAVLDSNYQLIW CMV
(0)

CASSPSGGRNEKLFF

CAVLFYTDKLIF CASSPTYEQYF

CAVMDSNYQLIW CMV
(0)

CASSQSGGYNEQFF

CAVNFYGNNRLAF CASSQTHSSYEQYF

CAVSDPGGYQKVTF CASSRDRNQPQHF

CAVSDRRDDKIIF CASSSDRNQPQHF

CAVTPPPSSARQLTF CASSWGGHTDTQYF

CAVVDTDKLIF CASSWMYEQYF

CAVYSSASKIIF CMV
(0)

CASSYGGGGTDTQYF

CAYRGEYGNKLVF CASSYRLAPTDTQYF

CAYRSAGKDYGGSQGNLIF CASSYSGLAGREQFF

CAYRSGRDNDMRF CATTGRLNEKLFF

CGTADTGGFKTIF CSADDRGEADTQYF

CIVREGPSGGYQKVTF CSAREGVDNEQFF

CIVRVVNAGNMLTF CSATGQEAYEQYF

CLVSRGGYNKLIF CSVDGLNYGYTF

CPYNNNDMRF CSVEAGGVSYEQYF

CSAGGYNKLIF CSVESDTYEQYF

CVVIGGGYQKVTF CSVIWTGDYEQYF

Continued on next page
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Table Z.4 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CVVKRGSYIPTF

CVVNPAGNNRLAF

CVVSAILTGGGNKLTF

Patient E

Table Z.5: The top CDR3 sequences in the α and β chain samples of patient E.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAGGTGNTPLVF CASNRQLYGYTF

CAASDYYNAGNMLTF CASRDMVETGELFF

CAASMNTGFQKLVF CASSAGTSSTDTQYF

CAFMKHWEGGGADGLTF CASSDTSGSVTDTQYF

CAGSLYSGGGADGLTF CASSDYPGHTTDTQYF

CALRDNQGGKLIF CASSFWGEKKTQYF

CALSDRGSTLGRLYF CASSHRARQVYYGYTF

CATQGGKLIF CASSLGQSYEQYF

CAVDYSGYSTLTF CASSLQGNQPQHF Influenza
A (0)

CAVEAGYSSASKIIF CASSLRGGPNEQFF

CAVEASGNTPLVF CASSLVGGEPPYNEQFF

CAVEDRVGFNKFYF CASSLWLTANSPLHF

CAVEEDTGRRALTF HCV
(1)

CASSPGSSGGTDTQYF

CAVEEGNTGNQFYF CASSPTGNQPQHF

CAVESGGYQKVTF CASSQVGNYEQYF

CAVFTGNQFYF CASSSLSGSSYEQYF

CAVGAYTNAGKSTF CATSLGTYLYNEQFF

CAVGITGFQKLVF CAWSGDTPYNSPLHF

Continued on next page
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Table Z.5 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVLYSSASKIIF CAWTLGTAKNEQFF

CAVRSLSGGYNKLIF CSARDPGQGTYEQYF

CAVSGGSYIPTF CMV
(0)

CDSGYSTLTF

CILRDVTGANSKLTF

CIVSFGAGSYQLTF

CLVGDGGTGGYQKVTF

CVVRIYNQGGKLIF

CVVTPYGNTPLVF

Patient F

Across the four time points this included 39 α CDR3 regions and 39 β CDR3 regions.

Table Z.6: The top CDR3 sequences in the α and β chain samples of patient F.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAIPGSARQLTF CAISESFASGTDTQYF

CAALETSYDKVIF EBV
(0)

CAISVRSGTSGRVSYNEQFF

CAAMDSNYQLIW EBV
(0)

CASCGPRKNTEAFF

CAARAQTGANNLFF CASLGPIAKNIQYF

CAARTGTASKLTF CASREGGGPYEQYF

CAASAKDKLVF CASRSGPGWDEQFF

CAASANNQGGKLIF CASSEWGLAVSYNEQFF

CAASESRQLTF CASSFPSGYNEQFF

CAASETSYDKVIF EBV
(0)

CASSHIAGGPEYNEQFF

CAASRGTGKLIF CASSIDSSYEQYF

Continued on next page
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Table Z.6 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAEGYNQGGKLIF CASSLAGHYGYTF

CAENMNPGSARQLTF CASSLDGSSYNEQFF CMV
(0)

CAFMNPGGGADGLTF CASSLELAGADTQYF

CAGLSGTYKYIF CASSLGQLSPLHF

CAGPQTGANNLFF CASSLGTSGRRAYNEQFF

CAHSSPFGNEKLTF CASSLGYIQYF

CALGGTASKLTF CASSLRVNSPLHF

CALSDLNTGGFKTIF CASSLSGSSYEQYF

CALSEGVGGSEKLVF CASSLTGTETQYF

CALSGYSTLTF CASSLWWETGELFF

CAMNSGYSTLTF EBV
(0)

CASSPDRSSSYEQYF

CAMREGSTGGFKTIF CMV
(0)

CASSPHSGSLSGELFF

CAMRVYSSASKIIF CASSPNAQGMEYF

CAPQAQGYQKVTF CASSSPIGERGNSPLHF

CASHTGGGNKLTF CASSSRGFGYTF

CAVFSHSGYSTLTF CASSSTDRGAYEQYF

CAVGYSSGGYQKVTF CASSVGTGPFQPQHF

CAVHSGTYKYIF CASSVWSRGPGELFF

CAVIKLNDYKLSF CASSWDSSYEQYF CMV
(0)

CAVITYNTDKLIF CASSWGGPNNEQFF

CAVPNQAGTALIF EBV
(0)

CASSWTGTGAGELFF

CAVRDYGGSQGNLIF EBV
(0)

CASSYDSSYEQYF

CAVRPRSANQFYF CATLGPRGDSGNTIYF

Continued on next page
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Table Z.6 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAWLMDSSYKLIF CSAGGLASRVQETQYF

CAYRIYNFNKFYF CSANPKNTDTQYF

CILRAYNAGNMLTF CSARDGFYEQYF

CILRDGRKNGNKLVF CSARDHSGIAYEQYF

CILRGYNAGNMLTF CSARGGTPNTGELFF

CVVIPNTGGFKTIF CSVTRSGRDRAYNEQFF

Patient G

Table Z.7: The top CDR3 sequences in the α and β chain samples of patient G.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAGGGADGLTF CMV
(0)

CASRVAGLADTQYF

CAAIYGGSQGNLIF CASSEARRAPEQFF

CAANTGNQFYF EBV
(0)

CASSFTDTQYF CMV
(0)

CAASKGGSYIPTF CASSGRGGPSGANVLTF

CAASYSSASKIIF EBV
(0)

CASSHPLAGSEHGELFF

CAFLILTGGGNKLTF CASSLANSYEQYF

CATDPGGYQKVTF CASSLEETQYF M.tuberculosis
(2)

CAVGTGGYNKLIF CMV
(0)

CASSLGETQYF Homo
sapiens
(0)

CAVKETSGSRLTF CMV
(0)

CASSLGIERELFF

CAVMDSNYQLIW CMV
(0)

CASSLGQGNQPQHF CMV
(0)

Continued on next page
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Table Z.7 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVNGGYQKVTF CMV
(0)

CASSLGTDTQYF CMV
(0)

CAVNQAGTALIF CMV
(0)

CASSLGVGRNWDTDTQYF

CAVNTGGFKTIF Homo
sapiens
(0)

CASSSGHTDTQYF

CAVRRNQGGKLIF CASTEGIAVQETQYF

CAVRSNDYKLSF CMV
(0)

CATSDGYRGRATDTQYF

CAVSGGSYIPTF CMV
(0)

CSALGQGETQYF

CAVSGNQFYF CMV
(0)

CSARDNNQPQHF

CAVSSGGSYIPTF CSASLSTDTQYF

CAVTGGSYIPTF CMV
(0)

CSVEQGAGGDTQYF

CAVYNNNDMRF CMV
(0)

CSVGTANTGELFF

CIVRSDTGANSKLTF

CVVNNQAGTALIF

CVVNWGTALIF

CVVTWNSGNTPLVF

Patient H

Across the 6 time points this included 52 α CDR3 regions and 48 β CDR3 regions.
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Table Z.8: The top CDR3 sequences in the α and β chain samples of patient H.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAALGSGGYNKLIF CAFYGGDTDTQYF

CAALYSGAGSYQLTF CASNLPGGGTDTQYF

CAAPTGANNLFF Influenza
A (0)

CASNTEYSYNEQFF

CAARVGDWANNLFF CASRLTPSSYNEQFF

CAASIRGGSYIPTF CASSAGELQETQYF

CADQSGAAGNKLTF CASSDELAGDPEQFF

CAENMGFGNVLHC CASSEFNSPGTAYEQYF

CAENTDSSYKLIF CASSERGQGETQYF

CAETLYSSASKIIF CASSFAHINEQFF

CAETPPLVF CASSFVNTGELFF CMV
(0)

CAFLKLTF CASSFYEQYF CMV
(0)

CAFMKWGGGSQGNLIF CASSFYRVANYGYTF

CAGRGSTLGRLYF CASSKERDTGTFRHNEQFF

CAGSSVYTGNQFYF CASSLALAGDEQYF

CAITDSNYQLIW CASSLGVGTGELFF

CALARLMF CASSLNRDSSTDTQYF

CALNTGGFKTIF EBV
(0)

CASSLPLNTEAFF

CAMREGAGKLIF CASSLRGPTDTQYF

CAMREYGNKLVF CASSLSGSSYEQYF

CAPGMDTGRRALTF CASSLVQGSYEQYF

CAPRGGGYQKVTF CASSPLETGEEGEKLFF

CASANYGGSQGNLIF CASSPVINTGELFF

CATDGSGGSNYKLTF CASSPYGGGIGNTQYF

CATTNTGTASKLTF CASSQAIMNTEAFF

Continued on next page
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Table Z.8 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CATVQGAQKLVF CASSQDRGLSPLHF

CAVEAAGNKLTF EBV
(0)

CASSQEPRDITYTGELFF

CAVEASGTSGTYKYIF CASSQVGGGKGYTF

CAVEEGRRNQGGKLIF CASSREYSGGGNNEQFF

CAVILSDGQKLLF CASSRGFGNQPQHF

CAVLDNYGQNFVF CMV
(0)

CASSRSGTGAYNEQFF

CAVLSSGSRLTF CASSRVLPSPLHF

CAVMNTGFQKLVF CASSSGRDRGDHGYTF

CAVNLYGGATNKLIF CASSSSDTGTGERTDTQYF

CAVRDRRGSTLGRLYF CASSVDSYNEQFF

CAVRPRNNNDMRF CASSVGDYTGELFF

CAVRRSNTGNQFYF CASSVYGGGVQNIQYF

CAVSGDQKVTF CASSYNSGANVLTF

CAVSNMNSGYSTLTF CASSYSLYNEQFF

CAVTLTSSGGSYIPTF CASSYSTNYGYTF

CAVTRYNNNDMRF CASTGRREVYEKLFF

CAVVAGRNNDMRF CASTLTAKETQYF

CAYDPGTYKYIF CAWRADFYEQYF

CAYGGSGAGGTSYGKLTF CAWREGYEQYF

CAYKTSGSRLTF CSARGLDRAGKAFF

CAYRRKAGTALIF CSARHRTSGTDTQYF

CGTVRTGTASKLTF CSVATGGSYEQYF

CIVRNPGTASKLTF CSVEVGGPSGANVLTF

CIVRVAASNTGKLIF CSVGTGGYNEQFF

CLVANQAGTALIF

CLVGDRGGGFKTIF

CVVRRSGGSYIPTF

Continued on next page
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Table Z.8 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CVVSARGSSYKLIF

Patient I

Across the 4 time points this included 32 α CDR3 regions and 29 β CDR3 regions.

Table Z.9: The top CDR3 sequences in the α and β chain samples of patient I.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAALNYGGATNKLIF CAAGLVGPGELFF

CAASIPGGGNKLTF CAAGLVGPGERFF

CAATYSGGGADGLTF CMV
(0)

CAISDYWLQGVADTQYF

CAEKDGLTGGGNKLTF CASSAGTGLGGELFF

CAESDNQAGTALIF CASSFNPRTQYF

CAGDSGNTPLVF CASSFSEETQYF

CAGFPMNRDDKIIF CASSIGQIANYGYTF

CAGRGAGSYQLTF CASSLANTGELFF CMV
(0)

CALGANNQAGTALIF CASSLDPLGGRLGVINEQFF

CALNDYKLSF Influenza
A (1)

CASSLETRGEQYF

CALSEAANQAGTALIF CASSLGTLAYDEQFF

CALSGYNFNKFYF CASSLMLAGTNTGELFF

CALSPFSGNTPLVF CASSLTGNQPQHF

CAMRETRFSGGYNKLIF CASSLVGASYNEQFF

CAMSGSSNTGKLIF CASSPFSRGVDGYTF

CAPPSGSARQLTF CASSPGDGETGELFF

CATVLYNYGQNFVF CASSPRGLAGNNEQFF

CATVPAYNTDKLIF CASSPWDGTGELFF

Continued on next page
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Table Z.9 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVEEGGGSYIPTF CASSQAGKSYEQYF

CAVENQGGKLIF CASSQESGSTYEQYF

CAVERMETSGSRLTF CASSQGGGADNEAFF

CAVGFGNVLHC CASSQGGGADTEAFF

CAVGTSGGSYIPTF CASSQGQSSGNTIYF

CAVNGNDMRF CASSSGGSYEQYF CMV
(0)

CAVRGSGAGSYQLTF CASSYPTGKYF

CAVSEYNQGGKLIF CASSYTSSGAYNEQFF

CAVSNGNKLVF CASSYWRATGNGELFF

CAYRSPWGNEKLTF CATSDYGPGVVYSPLHF

CGGYYGGSQGNLIF CATSVQGNQPQHF

CGTEIFDSGAGSYQLTF

CGTPVITQGGSEKLVF

CVVNLYSSASKIIF

Patient J

Table Z.10: The top CDR3 sequences in the α and β chain samples of patient J.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAASAGFGNEKLTF CMV
(0)

CAIIRREGLNTQYF CMV
(0)

CAASEDARLMF CASGQGNTEAFF CMV
(0)

CAETSFSDGQKLLF CASGTGELFF

CAGARGMDTGRRALTF CASSDQDGGQQFF

CALARYNFNKFYF CASSEIAAYNEQFF

CALIRINAGKSTF CASSLAGAQETQYF

Continued on next page
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Table Z.10 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CALRDQAGTALIF CASSLAGTGDTQYF

CALSERGYQKVTF CASSLAGVQETQYF

CALSNSGGYQKVTF CASSLGILEETQYF

CALSPYNFNKFYF CASSLKSDTQYF

CAMRKYNQGGKLIF CASSLLSDDEQYF

CARGDQFYF CASSLSYEQYF

CASRFSDGQKLLF CASSLTSNEQFF

CAVDDGSSNTGKLIF CASSLTTSGSRTGELFF

CAVEGWGQKLLF CASSLYGGGNQPQHF

CAVIPMDSSYKLIF CMV
(0)

CASSPDSTDTQYF

CAVNGFGNVLHC CASSQDKVGWGRAFF

CAVNGNYGQNFVF CASSSPGPAREKLFF

CAVNRGTGRRALTF CASSWGAHADTQYF

CAVPRYTGFQKLVF CASSYVGRGLTSGNTIYF

CAVRDGNAGNMLTF Influenza
A (0)

CATSREEGRGQWNTEAFF

CAVRDTSSGNTPLVF CSAQDWKETQYF

CILRKWGSEKLVF CSASSSGVYSYEQYF

CVVNIYGQNFVF CMV
(0)

CSATASGRGAGELFF

CVVNYENDMRF CSVMEDTMNTEAFF

CVVSDRGFNKFYF CSVRGGRWYEQYF

Patient K
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Table Z.11: The top CDR3 sequences in the α and β chain samples of patient K.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAEGYGNKLVF CASGPGLAGGWIYNEQFF

CAAHSGYSTLTF CMV
(0)

CASMSSSGGDNEQFF

CAALPPRDNYGQNFVF CASRLRGTSYNEQFF

CAAPASGGSYIPTF CMV
(0)

CASRTSGVYEQYF

CAASNSPGTYKYIF CASSDLASENTGELFF

CAEKARGSTLGRLYF CASSEGAVYYGYTF

CAFMKHADNDMRF CASSENTEAFF

CALRGYGNQAGTALIF CASSLAGGGASPDTQYF

CALRSLRDSNYQLIW CASSLAHFAGGPVNEQFF

CALSAINTGKLIF CASSLGRGGQDEQYF

CALSDLYAGNMLTF CASSLSTGLAFF

CAMRPYSSASKIIF CASSLVGYEQYF

CAPPQGGSEKLVF CASSPGTVNTEAFF

CAVDIGGGADGLTF CMV
(0)

CASSPPTSGVTDTQYF

CAVQDNTGGFKTIF CASSQENLASGYEQFF

CAVRPPSNTGKLIF CASSQSGALTDTQYF

CAVRVDRGSTLGRLYF CASSQWTGITTNYGYTF

CAYRSAGIYNQGGKLIF CASSSGTNNSPLHF

CVASNTGKLIF CASSSSLDSAQYF

CVVSDRRRRDSNYQLIW CASSYASGGTDTQYF

CVVSGATNKLIF CSVEAQGSPYEQYF

CSVGGRSTDTQYF

Patient L

Across the 5 time points this included 25 α CDR3 regions and 21 β CDR3 regions.
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Table Z.12: The top CDR3 sequences in the α and β chain samples of patient L.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAASGGLKLVF CAISVSNTDTQYF

CAASIRTGGFKTIF CASAGLTGVRTSGRADEQYF

CAASSAGNQFYF CASELGLRQGLSYEQYF

CADQSGAAGNKLTF CASSDVRELETQYF

CAEKSSNDYKLSF CASSEFNSPGTAYEQYF

CAERGNTGTASKLTF CASSFYRVANYGYTF

CAETPPLVF CASSHPWPKNIQYF

CAFLKLTF CASSIVAGAPNEQYF

CAFMKPDRDDKIIF CASSLALAGDEQYF

CAFMKWGGGSQGNLIF CASSLGSGRTLLYEQYF

CAGQQGIGGSQGNLIF CASSLNRDSSTDTQYF

CAGRESSGDKLTF CASSLWVAGVNEQFF

CAGSSVYTGNQFYF CASSPLETGEEGEKLFF

CATDFDKIIF CASSRVLPSPLHF

CATPLQGAGTALIF CASSWTSGSEQYF

CAVAGFGNEKLTF CASSYRLAGERGELFF

CAVEASGTSGTYKYIF CASSYSFGDEQYF

CAVEYGNKLVF EBV
(0)

CASSYSTNYGYTF

CAVNERLSGAGSYQLTF CASSYVAGGTEAFF

CAVQAVSNDYKLSF CASTGDGETQYF

CAYKTSGSRLTF CSVGTGADTQYF

CGADNNAGNMLTF

CGTVRTGTASKLTF

CVVDMEYGNKLVF

CVVFYNQGGKLIF

Patient M

Across the 6 time points this included 67 α CDR3 regions and 52 β CDR3 regions.
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Table Z.13: The top CDR3 sequences in the α and β chain samples of patient M.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAAEFFSGGYNKLIF CAIQRTGSYEQYF

CAAGAYTGRRALTF CAISAGLAGSTDTQYF

CAAPTGANNLFF Influenza
A (0)

CASEGDRSYEQYF

CAAPTGGGNKLTF CMV
(0)

CASKSRDRVHEQYF

CAARNSGNTPLVF CASNIQETQYF

CAASAWGNNRLAF CASNTEYSYNEQFF

CAASDPGGGADGLTF CASRGGGSLDEQYF

CAASEGMYNAGNMLTF CASRLDPGLAGVNEQFF

CAASGGASYDKVIF CASRLTPSSYNEQFF

CAASGGDFGNEKLTF CASRPSEGAEETQYF

CAASILSNDYKLSF CASRPTGGQGDIQYF

CAASRMFAGNMLTF CASSDNGQGLNQPQHF

CAASSGGGADGLTF CMV
(0)

CASSEPGGLAKNIQYF

CAASVSFNKFYF CASSERGQGETQYF

CAATGGGSEKLVF CASSFEQFPREETQYF

CACDTVGIRINAGGTSYGKLTF CASSFGASGANVLTF

CAENRAAGNKLTF CASSGRTGSEQYF

CAERKGGSYIPTF CASSHWTVYGYTF

CAFMRGGYKLIF CASSIWESTDTQYF

CAGNTGGFKTIF CASSLAGGPIGELFF

CAGPNQAGTALIF CASSLGGPTGELFF

CAGQRSGGGADGLTF CASSLGQSSYNEQFF

CAGRDYGQNFVF CMV
(0)

CASSLGVLGNEEQYF

CAGRGSGGSNYKLTF CASSLSGLAGETQYF

Continued on next page
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Table Z.13 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAGSDTGTASKLTF CASSLSWGSVTDTQYF

CALRNNFNKFYF CASSPGLAGGPNTGELFF

CALSGSSNTGKLIF CASSPGTSVSSQYF

CALTNQAGTALIF CASSPSAGGSYNEQFF

CALYNYGQNFVF CASSQDLCARDRGSGNTIYF

CAMSAGAYNQGGKLIF CASSQEAGSYNEQFF

CAMSSGLRYNNNDMRF CASSQGHNQPQHF

CAPLNTGTASKLTF CASSSPDPGTGIYNEQFF

CATDGGSGTYKYIF CASSSRRGAYEQYF

CAVAGGSYIPTF CMV
(0)

CASSVGDYTGELFF

CAVGAASGGSYIPTF CASSVGLLAGSESQYF

CAVGGGSQGNLIF CMV
(0)

CASSWAGKQFF

CAVGNQAGTALIF CMV
(0)

CASSYTNTGELFF CMV
(0)

CAVGSSNTGKLIF CASTLTAKETQYF

CAVHNNNDMRF CAWSQYVAKNIQYF

CAVISNDYKLSF CMV
(0)

CSAHRASGKETQYF

CAVKRYTGNQFYF CSARDPPRGGYTF

CAVLDSNYQLIW CMV
(0)

CSARELGGYEQYF

CAVLSGNTPLVF CSARQGAQPQHF

CAVMDSNYQLIW CMV
(0)

CSARRVSSYNEQFF

CAVNAGDTGRRALTF CSASGGSSYNEQFF CMV
(0)

CAVNPAGATNKLIF CSASYSGRTDTQYF

Continued on next page
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Table Z.13 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVPPHSGAGSYQLTF CSQAGEVYNEQFF

CAVQAGGGSYIPTF CSVALAQSYEQYF

CAVRDAVKAAGNKLTF CSVENSGRGSGYTF

CAVRDSNYQLIW EBV
(0)

CSVGSGAREQYF

CAVRGAAGGSYIPTF CSVLDRNSYEQYF

CAVRGGSISNTGKLIF CSVTGKTQYF

CAVRGTYGGSQGNLIF

CAVSASGGSQGNLIF

CAVSDPNDYKLSF

CAVSEGNYGQNFVF

CAVSERDTGRRALTF

CAVSNAGGTSYGKLTF CMV
(0)

CAVTNNNDMRF

CAVVSSNDYKLSF

CAYRRYTGNQFYF

CAYRSAYAGGTSYGKLTF

CAYRTYNNNDMRF

CILRDRYSGGSNYKLTF

CIVRAPRSGNARLMF

CVVNENYGQNFVF

CVVNNQAGTALIF

Patient N
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Table Z.14: The top CDR3 sequences in the α and β chain samples of patient N.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAATTNSGYSTLTF CAISEAQETQYF

CAATTYTGGFKTIF CAISERGGLAGSYEQYF

CAAYSGGGADGLTF Homo
sapiens
(0)

CASKGGGTDTQYF

CAEPIYNQGGKLIF CASKGVGEKLFF

CAEPSYNQGGKLIF CASRDTGGSPLHF

CAGGPSDGQKLLF CASRLTGGTEAFF

CALEESDGQKLLF CASRRDRGALGYTF

CALGERAQGGSEKLVF CASRWTGGSEQFF

CALGNSGGYQKVTF CASSFFGPYSTGELFF

CALSEGFGNVLHC CASSLGGANEQFF

CALSGRCRSGKSTF CASSLLTTNNEQFF

CALSSGGYQKVTF CMV
(0)

CASSPESGLLVVTQYF

CALTPASGGSYIPTF CASSPLLDTQYF

CALVISGSARQLTF CASSPTRMNTEAFF

CAMSEDYGGSQGNLIF CASSRDRGGNQPQHF

CAPLNTGFQKLVF CASSRTLADTQYF

CATDGKGAQKLVF CASSSPDGYFQETQYF

CAVMDSNYQLIW CMV
(0)

CASSSTGTFIYTEAFF

CAVRHAGQKLLF CASSVAENTEAFF

CAVRPMVFGLGGGNKLTF CASSVGESSEAFF

CAVRSTLSGYSTLTF CASSYPYGLALADTQYF

CAVTLPNKAAGNKLTF CASTVGQAGISEQYF

CAVTLPRNNAGNMLTF CATGFQGAQGYTF

CAYRRGPGAQKLVF CATSDPLSLTGADTQYF

Continued on next page
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Table Z.14 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CIVRGGDDKIIF CATSTGSSYNEQFF

CIVRINYGQNFVF CAWRGGGNEQFF

CLPLISSGSARQLTF CAWSVPYSPLHF

CVVKLSPNTGGFKTIF CSARAYNSGGGEGYEQYF

CSARDLLLFTDTQYF

CSVEDWGAEAFF

CSVEGLRSSDGYTF

Patient O

Table Z.15: The top CDR3 sequences in the α and β chain samples of patient O.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAHGDSGGYQKVTF CASILDRGPTDTQYF

CAASGNYGQNFVF CASQGDSYEQYF

CAASPTTSGTYKYIF CASRGLNQPQHF

CAASRGNTGFQKLVF CASRVAGLADTQYF

CAENIPSSGGSYIPTF CASSEWIGGIRGETQYF

CAENSNAGNMLTF CASSFGAYEQYF

CAGPPTSGTYKYIF CASSFGTGEETQYF CMV
(0)

CALDTGRRALTF CMV
(0)

CASSFRTSRSEQYF

CAVGRNDYKLSF CASSGGSETQYF

CAVKGFQKLVF CASSLEVRGVEQYF

CAVKNTGNQFYF Influenza
A (0)

CASSLGQPQHF Influenza
A (0)

CAVKYNFNKFYF CASSLGTAVFNYGYTF

CAVPSGGYQKVTF CMV
(0)

CASSLRPGGPQETQYF

Continued on next page
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Table Z.15 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAWTGGSEKLVF CASSLSLSGPSTDTQYF

CAYRSADNARLMF CASSPSWVSYNEQFF

CAYRSATANYGGSQGNLIF CASSPTGGRTDTQYF

CAYRSPRRFYGNKLVF CASSQDQDREAFF

CILDTGNQFYF CASSSTLTRTEQFF

CVVNAAGAGKSTF CASSWGWAKNIQYF

CVVSARDVTGGYNKLIF CSARGAREKFGTQYF

CSVEDPFGTGYNEQFF

Patient P

Across the 7 time points this included 67 α CDR3 regions and 75 β CDR3 regions.

Table Z.16: The top CDR3 sequences in the α and β chain samples of patient P.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAAKAGGTSYGKLTF CAISEGGVRNQETQYF

CAAKGGNAGNMLTF CAISGQPDEQFF

CAAPGGDMRF CASIKGTTGELFF

CAASVGGTASKLTF CASNGGGTQYF

CAATPTGTASKLTF CASRGQGSTEAFF

CADLSVSGGYNKLIF CASRPDSYNEQFF CMV
(0)

CAEGGTGGFKTIF CASRSGQGFGELFF

CAESARTGANNLFF CASRTRDRGYTDTQYF

CAESIWEAAGNKLTF CASRWQGNHEQYF

CAEVSGATNKLIF CASRYSSYEQYF

CAFDRGSTLGRLYF CMV
(0)

CASSAGARTGELFF

CAFFLNAGKSTF CASSDRGGGSGELFF

Continued on next page
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Table Z.16 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAFMGGGADGLTF CASSEAGISYNEQFF

CAFMKHGSNRDDKIIF CASSEGQVPYNEQFF

CAFMKLNYGGATNKLIF CASSERLAGDTQYF

CAGPVAGGTSYGKLTF CASSFGGGGTEAFF

CAGVKGGGNKLTF CASSFGGWSPLHF

CALLGGSGTYKYIF CASSFGLAGYEQYF

CALPGQNFVF CASSFGVTGELFF

CALRDDKIIF CMV
(0)

CASSFRQSQEGTQYF

CALSEADAGGTSYGKLTF CMV
(0)

CASSGQGAEKLFF

CALSEAKEYGNKLVF CASSLAAGSGANVLTF

CALSGYSTLTF CASSLAIRGTEAFF

CALYRYGNNRLAF CASSLAPGHLYEQYF

CAMKGGFKTIF EBV
(0)

CASSLAQGSNSPLHF

CAMMDSSYKLIF CASSLDGGGLTEAFF

CAMRSNAGNMLTF CASSLGDREEAQYF

CATDDYKLSF CMV
(0)

CASSLGQTNTGELFF

CAVAGGFKTIF CASSLLGRGYYEQYF

CAVAKGYGNKLVF CASSLRFTGDEQYF

CAVDDGGFKTIF CASSLRLAGELFF

CAVDPNDYKLSF EBV
(0)

CASSLVGGDTQYF

CAVEWNFGNEKLTF CASSLVSTGELFF

CAVGASNAGNMLTF CASSPDFTDTQYF

CAVGGGSNDYKLSF CASSPGQGNPYGYTF

Continued on next page

920



Table Z.16 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAVGGSQGNLIF Influenza
A (0)

CASSPLAGGNEQFF

CAVGTGTASKLTF CMV
(0)

CASSPQGEGGYTF

CAVIQGGKLIF CASSPTGTREAFF

CAVKEDSNYQLIW CASSPYGAGGLHNEQFF

CAVKGNTGFQKLVF CASSQAGTGGYEQYF

CAVNDYKLSF Influenza
A (0)

CASSQAYTGELGEQYF

CAVNNTGGFKTIF CASSQGLATTDTQYF

CAVNRGMNTGFQKLVF CASSQTGIEQYF

CAVPRSYNTDKLIF CASSQTGNVKNIQYF

CAVRAGTNAGKSTF CASSRGGQETQYF

CAVRDLRSGGYQKVTF CASSRGQMNTEAFF

CAVRDPSGGSYIPTF CMV
(0)

CASSRGRTGELFF

CAVRPVENFNKFYF CASSRLAGFTDTQYF

CAVSANQAGTALIF CMV
(0)

CASSSGDTQYF

CAVSGGSQGNLIF CMV
(0)

CASSSLYREEKLFF

CAVSGNTGFQKLVF CASSSRWGQGPDTQYF

CAVSLDNAGNMLTF CASSSTRTGFGYTF

CAVTYNNNDMRF CASSVARGGDSPLHF

CAVTYNTDKLIF CASSVQSWDNPLAF

CAVVRDTGRRALTF CASSYGGGWYF

CAVWDGTASKLTF CASSYGQGGYEQYF

CAYGNYGGSQGNLIF CASSYGTDMNTEAFF

CAYRSANYGGSQGNLIF CASSYLGLTNTGELFF

Continued on next page
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Table Z.16 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CFVGGATNKLIF CASSYSGRTYEQYF

CIGTLNQAGTALIF CASSYSNAGELFF

CILRDLNSGGSNYKLTF CASSYWRATGNGELFF

CLRHGGSQGNLIF CASTPWTGRMYNEQFF

CLVGESGGFKTIF CATPEGTQYF

CLVVPPGSARQLTF CATSNAYGYTF

CVVNLPGYSTLTF CAWGLAGGLEQFF

CVVSPGEGNNRLAF CAWTSGISYEQYF

CVVTLYGQNFVF CSAGTRYEQYF

CSAPRGGGSTEAFF

CSARVGGDSYYEQYF

CSASRLQETQYF

CSGGGQPYNEQFF

CSVEGPGKTGELFF

CSVEIPWTGFMNTEAFF

CSVGIGGWQETQYF

CSVGIGHTYEQYF

Patient Q

Table Z.17: The top CDR3 sequences in the α and β chain samples of patient Q.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAALNFGNEKLTF CAISEAGGQETQYF

CAASSRGYNKLIF CARQGVDGYTF

CADKNAGTASKLTF CASKSLGDTQYF

CAFFRFISSGSARQLTF CASKVVGANYGYTF

CAFMSPPRNQFYF CASRGTLAGQETQYF

Continued on next page
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Table Z.17 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAFVSGTYKYIF CASSAGLAGGPSPQGEQYF

CAFYQDKIIF CASSEGQGAHGYTF

CALMEYGNKLVF CMV
(0)

CASSEIGSPNTGELFF

CALSEAHGNKLVF CASSESTGYGYTF

CAMREAFWAGSYQLTF CASSFGHGNTIYF

CAMREPWDTGFQKLVF CASSFLKEQYF

CAVEGRGNEKLTF CASSGRTAIDTQYF

CAVNPSGGYNKLIF CASSLAGGYEQYF CMV
(0)

CAVRSETSGSRLTF Influenza
A (0)

CASSLAGTDTQYF

CAVSGGSNYKLTF EBV
(0)

CASSLAPGQGSYEQYF

CAVTGGSYIPTF CMV
(0)

CASSLGGEQYF Influenza
A (1)

CAYNTGTASKLTF CMV
(0)

CASSLGGTQYF

CICRRGYQKVTF CASSLGRTHLRDTQYF

CLVGDFMNSGGYQKVTF CASSLGTSGTDTQYF

CLVGYTPGGFKTIF CASSLGVAGPYEQYF

CVVNRSGNTGKLIF CASSLGYEQYF CMV
(0)

CASSLIGLAGDEQFF

CASSLLGGLGYTF

CASSLNQETQYF

CASSLTRDEQFF

CASSLTSGSYEQYF

CASSLYSNQPQHF Influenza
A (0)

Continued on next page
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Table Z.17 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CASSNYSGRNEQFF

CASSPYGDTQYF

CASSQEWGGADTQYF

CASSQVRSEQYF

CASSRDSGSWSYEQYF

CASSRRTSGRTRGRGQFF

CASSVRGYLGDTQYF

CASSYHLGTPSAPGTDTQYF

CAWSVDRTSGIGGVQFF

CSARKRVTGELFF

CSASTADTQYF

CSAYGGTGVSQESNEKLFF

CSGPEAGAVNTQYF

CSVIADLAKNIQYF

CSVQTSPLYEQYF

CSVVDRAQPNTGELFF

Patient R

Table Z.18: The top CDR3 sequences in the α and β chain samples of patient R.

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CAASKGGSYIPTF CAISDSRYEQYF

CAASTWHTGNQFYF CAISEDQETQYF

CAESKGGFKTIF CAISELTDTQYF

CAGAPSQGNLIF CAISESSTSGRDTQYF

CAGRSGGSYIPTF CAISESTPMRDTQYF

CALDSNYQLIW CMV
(0)

CASGFLAGVDNEQFF

Continued on next page
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Table Z.18 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CALLTGNQFYF CASGRTSGANVLTF

CAMRDYNQGGKLIF CASRGHAMNTEAFF

CAMSARASGSRLTF CASRITGTHNEQFF

CAVAHAGNMLTF CASRPTGLGREQFF

CAVEEDTGRRALTF HCV
(1)

CASRTGTSVTGELFF

CAVEGSDGQKLLF CASRTSAYEQYF

CAVHGSSNTGKLIF CMV
(0)

CASRTSGTDTQYF

CAVIPGANSKLTF CASSAQLAGGKQFF

CAVMFGGSQGNLIF CASSAVGQGRNTEAFF

CAVMSNTGKLIF CASSELAAGTGELFF

CAVNRFSDGQKLLF CASSFAVNTGELFF

CAVQAQDNYGQNFVF CASSFDSGRAYEQYF

CAVRLTAGNMLTF CASSFEGQGYEQYF

CAVSGGSYIPTF CMV
(0)

CASSFLAKEQYF

CAVSLGGGFKTIF CASSFPPGEDTQYF

CAVSNDYKLSF CMV
(0)

CASSGALPNYEQYF

CAYMEYGNKLVF CASSGYNEQFF CMV
(0)

CAYRSANAGGTSYGKLTF CASSIGAGGSQETQYF

CAYRSGETSGSRLTF CASSLAGETQYF

CGTPPQGRGSTLGRLYF CASSLAGGYNEQFF

CVIHRDDKIIF CASSLAGSSYEQYF

CVVNNQAGTALIF CASSLAPSLGDEQFF

CASSLDNYEQYF MCMV
(1)

Continued on next page
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Table Z.18 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CASSLDRGYEQYF

CASSLDSSYEQYF CMV
(0)

CASSLGGSGNTIYF

CASSLGGTEAFF CMV
(0)

CASSLGPDTQYF

CASSLGPNYEQYF CMV
(0)

CASSLGQGGNQPQHF

CASSLGRYNSPLHF

CASSLGSYKEQFF

CASSLGTDTQYF CMV
(0)

CASSLGTSTDTQYF

CASSLGTSYNEQFF

CASSLGYEQYF CMV
(0)

CASSLIGETQYF

CASSLLGGTGELFF CMV
(0)

CASSLQGNQPQHF Influenza
A (0)

CASSLRGETQYF HIV-1
(1)

CASSLRWASPLHF

CASSLSYEQYF

CASSLTGGTDTQYF

CASSLTSGRETQYF

Continued on next page
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Table Z.18 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CASSLTSGSSYNEQFF CMV
(0)

CASSLTSGSYEQYF

CASSLWTGGYEQYF

CASSPDRGYHGYTF

CASSPHPGQGVIEAFF

CASSPLAGGPGEQYF

CASSPLAGQETQYF

CASSPPYADDQPQHF

CASSPRDFYNEQFF

CASSPTGRSNQPQHF

CASSQDLGAYEQYF

CASSQGLAGGPSTETQYF

CASSQGTSDYEQYF HIV-1
(1)

CASSQQGRYGYTF

CASSRGHANTGELFF

CASSRQGADTQYF

CASSRRVAHETQYF

CASSSATGANVLTF

CASSSFPRLTDTDTQYF

CASSSGTGKGNEQFF

CASSSGVVPPYEQYF

CASSSRDTQYF

CASSSRTSVDYNEQFF

CASSSSSGREETQYF

CASSTGTSPETQYF

CASSWDSSYEQYF CMV
(0)

Continued on next page
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Table Z.18 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CASSWGETQYF CMV
(0)

CASSYGGRPPGNNEQFF

CASSYGTRACYGYTF

CASSYQFLNTGELFF

CASSYRDYGYTF

CASSYSSGSFEQFF

CASSYSYEQYF Influenza
A (0)

CASTLGGYGYTF

CATSDLPSGNTGELFF

CATSDLVREGTDTQYF

CSAGTSGSYNEQFF

CSALTGGTDTEAFF

CSARAPDREDNSPLHF

CSARIRAMNTEAFF

CSARVGGTDTQYF

CSARVPGTGDEQYF

CSASFPGRVEAFF

CSLRLVGETQYF

CSVADRDYEQYF

CSVDREQETQYF

CSVDRQGRNEQFF

CSVEDETQYF

CSVEDSNQPQHF

CSVEGGPGAYGANVLTF

CSVESSGGTDTQYF

CSVGERATASYEQYF

CSVGKREAYNEQFF

Continued on next page
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Table Z.18 – continued from previous page

α-chain CDR3s Antigen
(score)

β-chain CDR3s Antigen
(score)

CSVKTGTGGNTEAFF

CSVRDSPLSGQFF
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Appendix AA

Individualised analysis of CBT
patients with fewer than four
samples

Individual patient results

Here the individual diversity, shared clonotype, and clonal expansion plots of the
CBT study patients from samples with less than four time points can be seen.
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Patient B
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Figure AA.1: Gini coefficient, Shannon index, and top clonotypes over time in
patient B. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with alpha
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient B are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Figure AA.1 show the most abundant clonotypes seen in patient B. Across the 2
time points this included 20 α CDR3 regions and also 20 beta CDR3 regions.
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Figure AA.2: Shared clonotypes over time in patient B (α chain)
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Figure AA.3: Shared clonotypes over time in patient B (β chain)

These time series (figures AA.2 and AA.3)shows the shared clonotypes seen in
patient B. There was a higher percentage of shared sequences between the α chain
samples than the beta chain samples.
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Patient C
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Figure AA.4: Gini coefficient, Shannon index, and top clonotypes over time in
patient C. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and beta chain coloured green. Top right figure shows Shannon index with
α chain samples coloured yellow, and beta chain coloured blue. The top 10 most
abundant CDR3 sequences in each month from patient C are shown in the middle
panel (α chain) and the lower panel (β chain). Clonotypes which appear in multiple
samples are linked by a line, and CDR3 sequences are differentiated by colour.
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Figure AA.5: Time series (α chain) for patient C. Left figure shows Cord and the
1st month 2 sample. Right figure shows Cord and the 2nd month 2 sample.
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(b) Patient C (Cord with 2nd month
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Figure AA.6: Time series (β chain) for patient C. Left figure shows Cord and the
1st month 2 sample. Right figure shows Cord and the 2nd month 1 sample.

The samples from the cord were much more even (as measured by the Gini coeffi-
cient) than the samples from month 2 (Figure AA.4), which showed high concordance
despite the difference in RNA input. This pattern was mirrored in the Shannon index
results with first time point showing much higher diversity than the month 2 results.
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The cord time point was compared with each of the month 2 samples. A very
low percentage of sharing was seen on both pairs and in both chains, and there were
comparatively larger clonal expansions in all the month 2 samples.

Figure AA.4 shows the most abundant clonotypes seen in patient C. Across the
2 time points this included 17 α CDR3 regions and also 28 β CDR3 regions.
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Figure AA.7: Gini coefficient, Shannon index, and top clonotypes over time in
patient E. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient E are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Figure AA.8: Shared clonotypes over time in patient E (α chain)
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Figure AA.9: Shared clonotypes over time in patient E (β chain)

The first sample from patient E (month 1) had low Gini coefficient and high Shannon
index, suggesting a a diverse and even sample (Fig AA.7). Following sample from
month 2 had much lower Shannon index, and much higher Gini coefficient in the α

chain (though not the β chain). The final sample from month 3 showed an increase
in Shannon index and a decrease in Gini coefficient (for the α chain, there was an
increase in the β chain).

The time series plots also were affected by the lower library size of month 2, in
which a higher proportion of sharing is seen. Again, a higher percentage of sharing
was seen in α chain compared to the β chain.
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Figure AA.7 shows the most abundant clonotypes seen in patient E. Across the
3 time points this included 27 α CDR3 regions and 20 β CDR3 regions.
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Figure AA.10: Gini coefficient, Shannon index, and top clonotypes over time in
patient G. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient G are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Figure AA.11: Shared clonotypes over time in patient G (α chain)
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Figure AA.12: Shared clonotypes over time in patient G (β chain)

Evenness and diversity (as measured by the Gini coefficient and Shannon index) gen-
erally increased over time in this patient (Figure AA.10). There was also a higher
percentage of sharing in the first time point compared to the second.

Figure AA.10 shows the most abundant clonotypes seen in patient G. Across the
2 time points this included 24 α CDR3 regions and 20 β CDR3 regions.
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Figure AA.13: Gini coefficient, Shannon index, and top clonotypes over time in
patient J. Top left figure shows Gini coefficient, with α chain samples coloured pink,
and β chain coloured green. Top right figure shows Shannon index with α chain
samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient J are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Patient J had 3 available samples, from months 1, 2, and 3. Diversity increased
over time (seen in the Shannon index), though unevenness increased in the final
sample (Gini coefficient) (Figure AA.13). Percentage of sharing decreased over time
(Figures AA.14 and AA.15).
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Figure AA.14: Shared clonotypes over time in patient J (α chain)
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Figure AA.15: Shared clonotypes over time in patient J (β chain)

Figure AA.13 shows the most abundant clonotypes seen in patient J Across the
3 time points this included 26 α CDR3 regions and 26 β CDR3 regions.
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Figure AA.16: Gini coefficient, Shannon index, and top clonotypes over time in
patient K. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient K are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Unevenness was highest in patient K in their sample from month 2, which also
showed a comparative loss of diversity in month 2 (Figure AA.16). Figures AA.17
and AA.18 showed fairly high percentage of sharing across samples, as well as mul-
tiple clonal expansions.
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Figure AA.17: Shared clonotypes over time in patient K (α chain)
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Figure AA.18: Shared clonotypes over time in patient K (β chain)

Figure AA.16 shows the most abundant clonotypes seen in patient K. Across the
3 time points this included 21 α CDR3 regions and 22 β CDR3 regions.
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Figure AA.19: Gini coefficient, Shannon index, and top clonotypes over time in
patient N. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient N are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Diversity and evenness generally increased over time in this patient, although there
was some discordance between their alpha and β chain evenness results (Figure
AA.19). There was a low percentage of sharing between samples, especially in the β

chain (Figures AA.20 and AA.21). Some relatively small clonal expansions can be
visually tracked over time despite the large time gap between the second and third
samples.
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Figure AA.20: Shared clonotypes over time in patient N (α chain)
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Figure AA.21: Shared clonotypes over time in patient N (β chain)

Figure AA.19 shows the most abundant clonotypes seen in patient N. Across the
3 time points this included 28 α CDR3 regions and 31 β CDR3 regions.
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Figure AA.22: Gini coefficient, Shannon index, and top clonotypes over time in
patient O. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient O are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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The samples from this patient were very different: one had fairly high diversity and
evenness, and the other had fairly low diversity and evenness (Figure AA.22).

While a very small percentage of the month 2 sample was shared with the month
12 sample in this patient, the opposite was not true, especially in the beta chain.
Approximately 15% of the month 12 α chain sample was shared, while over 50% of
the β chain was shared (Figures AA.23 and AA.24). This is unusual among these
patients, there is generally more sharing in the α chain. These shared portions are
almost entirely completely composed of large clonal expansions. In the α chain the
largest clonal expansion is over 10% of the month 12 sample, while in the β chain
the largest clonal expansion is over 20% of the sample.
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Figure AA.23: Shared clonotypes over time in patient O (α chain)
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Figure AA.24: Shared clonotypes over time in patient O (β chain)

Figure AA.22 shows the most abundant clonotypes seen in patient O. Across the
2 time points this included 20 α CDR3 regions and 21 β CDR3 regions.
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Figure AA.25: Gini coefficient, Shannon index, and top clonotypes over time in
patient Q. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient Q are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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There was a decrease in evenness over time in patient Q, and a decrease in diversity
in the α chain (β chain was consistent) (Figure AA.25). Figures AA.26 and AA.27
show the shared clonotypes, which have a very low percentage of clonotype sharing
despite the short amount of time elapsed.
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Figure AA.26: Shared clonotypes over time in patient Q (α chain)
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Figure AA.27: Shared clonotypes over time in patient Q (β chain)

Figure AA.25 shows the most abundant clonotypes seen in patient Q. Across the
2 time points this included 21 α CDR3 regions and 43 β CDR3 regions.
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Figure AA.28: Gini coefficient, Shannon index, and top clonotypes over time in
patient R. Top left figure shows Gini coefficient, with α chain samples coloured
pink, and β chain coloured green. Top right figure shows Shannon index with α
chain samples coloured yellow, and β chain coloured blue. The top 10 most abundant
CDR3 sequences in each month from patient R are shown in the middle panel (α
chain) and the lower panel (β chain). Clonotypes which appear in multiple samples
are linked by a line, and CDR3 sequences are differentiated by colour.
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Figure AA.29: Shared clonotypes over time in patient R (α chain)
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Figure AA.30: Shared clonotypes over time in patient R (β chain)

Figure AA.28 shows the changes in Gini coefficient and Shannon index of patient
R. Figures AA.29 and AA.30 show that there was a very low percentage of sharing
between the time points, similar to patient Q. In this patient, unlike patient Q, the
percentage or sharing was larger in the later sample.

Figure AA.28 shows the most abundant clonotypes seen in patient R. Across the
2 time points this included 28 α CDR3 regions and 105 β CDR3 regions.
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Top clonotypes

The top most abundant CDR3 sequences, by raw abundance, in the CBT study can
be seen in Table AA.1 (α-chain) and Table AA.2 (β-chain).

Table AA.1: Top 20 most abundant CDR3 α chain samples by raw abundance across
all samples

α chain
CDR3 sequence Total abundance
CAVNGNDMRF 18844
CGTVRTGTASKLTF 15628
CAYRSPWGNEKLTF 13946
CVVFYNQGGKLIF 13876
CAFLKLTF 12685
CAYKTSGSRLTF 12022
CAFMKWGGGSQGNLIF 11655
CASANYGGSQGNLIF 9111
CAGSSVYTGNQFYF 8865
CAVQAVSNDYKLSF 8180
CLVGDRGGGFKTIF 7088
CATVPAYNTDKLIF 5907
CAVEASGTSGTYKYIF 5189
CAVSGDQKVTF 5033
CAASGNYGQNFVF 4840
CAGDSGNTPLVF 4708
CAVKNTGNQFYF 4655
CAYRSADNARLMF 4493
CAVGETSYDKVIF 4082
CVVSARDVTGGYNKLIF 3811

The top most abundant CDR3 sequences, by relative abundance, in the CBT
study can be seen in Table AA.3.

Individual patient discussion

Patient B

The first sample (month 1) from patient B had a fairly low Gini coefficient (Figure
AA.1), and this increased in month 2 which is likely due to the larger clonal expan-
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Table AA.2: Top 20 most abundant CDR3 β chain samples by raw abundance across
all samples

β chain
CDR3 sequence Total abundance
CASSFYRVANYGYTF 23086
CASSPLETGEEGEKLFF 14398
CASSLALAGDEQYF 13015
CASTLTAKETQYF 12437
CAAGLVGPGELFF 12159
CASSRVLPSPLHF 10607
CASSFRTSRSEQYF 10143
CASSQGGGADTEAFF 8303
CASSEFNSPGTAYEQYF 7519
CASSQESGSTYEQYF 7001
CAISVSNTDTQYF 6804
CASSLNRDSSTDTQYF 5770
CASSYRLAGERGELFF 5389
CASTGRREVYEKLFF 4591
CSVGTGADTQYF 4587
CASSLWVAGVNEQFF 4279
CASSSGRDRGDHGYTF 4261
CASSQWTGITTNYGYTF 3892
CASELGLRQGLSYEQYF 3847
CASSEWIGGIRGETQYF 3742
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Table AA.3: Top 20 most abundant CDR3 α and β chain samples by relative abun-
dance across all samples

α β

CAAPTGANNLFF CAAGLVGPGELFF
CAFLKLTF CAISVSNTDTQYF
CAFMKWGGGSQGNLIF CASRVAGLADTQYF
CAGSSVYTGNQFYF CASSEFNSPGTAYEQYF
CALGANSKLTF CASSFRTSRSEQYF
CAPTNAGKSTF CASSFYRVANYGYTF
CASANYGGSQGNLIF CASSIQSSYNEQFF
CAVEDHYGGSQGNLIF CASSLALAGDEQYF
CAVGETSYDKVIF CASSLPGQLNQPQHF
CAVMDSNYQLIW CASSLPLTNQPQHF
CAVNGNDMRF CASSLRGPTDTQYF
CAVQAVSNDYKLSF CASSPLETGEEGEKLFF
CAVSGDQKVTF CASSQDGGGPTDTQYF
CAVSGGSQGNLIF CASSQESGSTYEQYF
CAYKTSGSRLTF CASSQGGGADTEAFF
CAYRSPWGNEKLTF CASSRVLPSPLHF
CGTVRTGTASKLTF CASTLTAKETQYF
CLVGDRGGGFKTIF CAWRADFYEQYF
CLVGEDGGFKTIF CSARYQSGSFTDTQYF
CVVFYNQGGKLIF CSASPGTGVSPLHF
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sions in month 2, which can be seen in the Figure AA.2 and AA.3. The Shannon
entropy decreased in both α and β chains from month 1 to month 2 (AA.1). This is
unlikely to be due to differences in read count: there were considerably more reads
and more clonotypes in the month 2 samples. This may well have also been a result
of the increase in clonal expansions.

There was a clonotype in each of the α and β chain samples which made up a
much higher proportion of the month 2 sample than the month 1 sample. Could
these have been paired?

Patient C

Samples from month 0 were more even and diverse (as measured by the Gini coef-
ficient and Shannon entropy) than the samples from month 2 (Figure AA.4). The
sample pairs showed high concordance despite the difference in RNA input. A low
percentage of sharing was seen both in sample pairs and in both chains, as well as
comparatively larger clonal expansions in the later samples. This may be indicative
of the changes induced by the transplant, or possibly disease progression.

Patient E

There was a dip in diversity in month 2 of this patient (Figure AA.7), particularly
in the α chain, though this is likely to at least be partially due to the lower read
count seen in month 2, although this lower read count was present in both chains.
This could also be seen in the time series (Figures AA.8 and AA.9). Despite this the
samples from this patient (especially months 1 and 3) were generally both diverse
and even.

Patient G

There were two samples available from this patient, from months 1 and 6. The Gini
coefficient was relatively low, and decreased over time. The Shannon entropy was
relatively high, and increased over the same time period (Figure AA.10). This is
generally indicative of a diverse and even repertoire becoming more so over time.

A low percentage of sharing was seen between this pair of samples, and it was
lower in the beta chain samples. The sharing was higher in the month 1 sample for
both chains, and there were several small clonal expansions which were not seen at
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month 6 (Figures AA.11 and AA.12). This suggests that there may have been some
infections or GvHD around month 1 that were resolving by month 6.

Patient J

Patient J had 3 available samples, from months 1, 2, and 3. The Shannon entropy
increased progressively, though the largest increase was seen between months 2 and
3 (Figure AA.13). The Gini coefficient decreased from month 1 to month 2, but
then increased by month 3, suggesting that despite the increase in clonotype rich-
ness, there was also a decrease in evenness.

Figures AA.14 and AA.15 show the shared clonotypes seen in patient J. There
was a higher percentage of sharing between months 1 and 2 than with 3 in both
chains. The increase decrease in evenness seen in the Gini coefficient results from
month 3 are likely the results of large clonal expansions in the sample which were
not detected in either of the previous two samples. This may have been a reaction
to this patient’s adenovirus infection or their GvHD.

Patient K

The Gini coefficient results for patient K were consistently fairly high, though this
peaked in the month 2 sample (Figure AA.16). This was mirrored in the Shannon
entropy results, thought they were fairly high. There were fairly similar numbers of
clonotypes across the samples.

The time series showed a fairly high percentage of sharing across samples, more
so than in patient J (Figures AA.17 and AA.18). As in other patients, there was
a higher percentage of sharing in the α chain samples. Several clonotypes could be
visibly tracked over time through the samples, and a number of the clonal expan-
sions made up a higher proportion in month 2.

Patient N

The Gini coefficient results generally suggested high evenness in most of the samples
(Figure AA.19). The Shannon entropy results increased progressively over the three
samples, indicating a general increase in repertoire diversity over time in this patient.
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The sample from month 1 had the highest percentage of sharing for both chains,
and there was more sharing between the α chain samples than the β chain samples
(Figures AA.20 and AA.21). The clonal expansion could also be seen more clearly
in the β chain samples as shared sequences took up such a small proportion of the
samples.

Patient O

There was a large disparity between the two samples from this patient, suggesting
that the sample had become much more uneven, and less diverse as well over time
(Figure AA.22). This is not surprising, as this patient’s transplant failed, and they
required a second transplant. This result is likely due to the immune consequences
of the failed transplant, or to the GvHD and viral infections the patient was expe-
riencing.

The time series showed very little sharing between the samples in the α chain,
though there was much more sharing between the beta chain samples (Figures AA.23
and AA.24). This is unusual, as there is a higher percentage of sharing in the alpha
chain samples in the majority of patients in this study. The shared portions of the
later samples are almost entirely completely composed of large clonal expansions.
This suggests either a major infection, or GvHD.

Patient Q

This patient’s Gini coefficient was much lower in month 0 than in week 3, suggest-
ing an increase in unevenness (Figure AA.25). The Shannon entropy also decreased,
although only in the α chain, indicating a possible decrease in diversity.

There was very little sharing between month 0 and month 0.75, despite their tem-
poral closeness, in both the α and beta chain results (Figures AA.26 and AA.27).
For both chains, the sharing was a greater percentage of the month 0 sample than
the month 0.75 sample.

Patient R

In this patient there was also large increase in unevenness (Gini coefficient) between
month 0 and month 1, in chains. There was a corresponding decrease in the diver-
sity (as measured by the Shannon entropy), especially in the α chain (Figure AA.28).
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As with the previous patient, there was only a very small percentage of sharing
between the month 1 and month 2 samples in both chains, although in this patient
the greater percentage of sharing was in the later sample (Figures AA.29 and AA.30
).
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Appendix AB

Sequential sharing plots from
continuously treated patients
(PENTA)

This section contains the sequential sampling plots of the continuously treated (CT)
patients from the PENTA study. If a sample contained less than 1,000 reads, it was
omitted. If this left only one sample for a given patient, sample type, and chain,
then no plot was generated. The corresponding plots for the planned treatment
interruption patients can be seen in Chapter 7.

970



Sequential clonotype sharing in CD4+ naïve T cells (CT)

D−150−b

D−0−b

100
Cumulative % of Sample

 

Shared Clonotypes

Figure AB.1: Sequential sharing plot showing the shared clonotypes over time in
Patient D’s CD4+ β chain sample. Each bar represents a sample, with the months
after transplant indicated on the left. The composition is presented as a percentage.
White space shows the percentage of the sample which is unique to that sample.
Coloured sections indicate clonotypes seen in at least two samples from the patient.
The grey joining lines show clonotypes which are shared between consecutive pairs
of samples.
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Figure AB.2: Sequential sharing plot showing the shared clonotypes over time in
Patient E’s CD4+ β chain sample.
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(b) Patient F β chain CD4.

Figure AB.3: Sequential sharing plot showing the shared clonotypes over time in
Patient F’s CD4+ samples; (a) shows α chain, (b) shows β chain.
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(a) Patient P α chain CD4.
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(b) Patient P β chain CD4.

Figure AB.4: Sequential sharing plot showing the shared clonotypes over time in
Patient P’s CD4+ samples; (a) shows α chain, (b) shows β chain.
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Sequential clonotype sharing in CD8+ memory T cells (CT)
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(a) Patient E α chain CD8.
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Shared Clonotypes

(b) Patient E β chain CD8.

Figure AB.5: Sequential sharing plot showing the shared clonotypes over time in
Patient E’s CD8+ samples; (a) shows α chain, (b) shows β chain.
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(a) Patient F α chain CD8.

F−150−b

F−0−b

40 50 60 70 80 90 100
Cumulative % of Sample

 

Shared Clonotypes

(b) Patient F β chain CD8.

Figure AB.6: Sequential sharing plot showing the shared clonotypes over time in
Patient F’s CD8+ samples; (a) shows α chain, (b) shows β chain.
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(a) Patient V α chain CD8.
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(b) Patient V β chain CD8.

Figure AB.7: Sequential sharing plot showing the shared clonotypes over time in
Patient V’s CD8+ samples; (a) shows α chain, (b) shows β chain.
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Appendix AC

Summary of findings across
projects

Summary of findings

Understanding the challenges and benefits of studying diversity is key to under-
standing the role of biological diversity in various aspects of disease and health.
This thesis has demonstrated the role of diversity and composition in these different
cell communities in children across immunodeficient states and in recovery. These
two main areas, human gut microbiome analysis and human T-cell receptor reper-
toire analysis, may initially appear to have little in common. One is an ecological
environment primarily made up of bacteria situated within humans, and the other is
a specific receptor found on the surface of a subset of human leukocytes. However,
there are many similarities in the nature of their diversity, the ways in which this di-
versity can be quantified, and how these communities interrelate with human health.

In Chapter 3 I thoroughly pre-processed a gut microbiome dataset with a par-
ticular focus on excluding contaminant taxa. Both positive and negative controls
were used. These guided the identification of contaminants, and provided guidelines
for downstream interpretation. There were indications that Staphylococcus abun-
dance may be overestimated, and Klebsiella abundance may be underestimated.
Some well-known gut microbiome residents including Bacteroides and Shigella were
implicated as possible contaminants, showing the importance of supervised contam-
inant removal. Through this chapter I developed criteria for removal or retention
of taxa, based on their likelihood of being a contaminant. This was tailored to the
nature of data from immunocompromised patients.

In Chapter 4 I characterised the gut microbiome composition and diversity of
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paediatric patients undergoing HSCT, from pre-transplant to over six months post-
transplant. I found that there was a prolonged reduction in diversity lasting over two
months after the transplant. This is longer than has been reported from two other
paediatric studies (Biagi, Zama, Nastasi, et al. 2015; Biagi, Zama, Rampelli, et al.
2019). I also used patient metadata to characterise the microbiome in the context
of concurrent conditions including viral infections, diarrhoea, as well as neutrophil
engraftment, and antibiotic use. Multiple factors are associated with and appear
to contribute to most of the major shifts in microbiome composition, though some
major shifts appeared to have a single most likely cause. Of the factors identified,
antibiotic use and viral infection (particularly associated with diarrhoea) were most
commonly linked with major shifts in microbiome composition. Greater predomi-
nance of a single taxon, both pre-transplant and in the next month, was associated
with more severe GvHD and higher mortality subsequently. Taxa were found to be
differentially abundant before and after transplant, between less and more severe
GvHD, before and after neutrophil engraftment, and according to the presence or
absence of diarrhoea. Finally, the taxa which were differentially abundant pre- and
post-transplant differed between those patients who died compared to those who
survived. Taken together, these patterns show that the microbiome is profoundly
affected by both HSCT and the associated conditions and medications, and that the
microbiome may in turn affect the overall health of the patient.

In Chapter 5 I explored the output of the pipeline Decombinator on TCR reper-
toire data. I characterised how the different stages related to each other, and how
diversity metrics estimated the diversity at different stages. I compared diversity
metrics, and showed how they captured different aspects of diversity. Therefore,
in the two following substantive chapters I used two diversity metrics together. I
compared the relationship between sequencing input and resulting reads to assess
whether biological factors, as well as technical ones, may be affecting library size in
these immunocompromised patients. I found that some conditions, such as naïve
CD4+ T cell count in HIV+ patients taking an ART interruption, did result in less
RNA and fewer reads, so that subsampling would potentially mask this phenomenon.
I examined the effect of library size variation on diversity estimation, and tested four
different approaches to mitigating the effect of library size. Combined with the pre-
vious investigation, this led to a decision to use raw or normalised libraries primarily
in the coming analyses, rather than subsampling. Finally, I compared two Decom-
binator data outputs, CDR3 and DCR, and showed that although they produced
similar diversity estimations, they represent different biological information. This
could be seen by examining individual CDR3 sequences, and discovering that they
came from multiple recombination events. Therefore this chapter gives more con-
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text to the following two studies, as well as giving further confirmation that CDR3
clonotypes may arise from several identical or non-identical recombination events,
and thus from multiple progenitor cells.

In Chapter 6 I studied the TCR repertoire of a cohort of paediatric patients fol-
lowing an HSCT from umbilical cord blood. Using the patient metadata for clinical
context, I characterised the individual patient repertoire diversity, clonal expan-
sion distribution, and the persistence of clonotypes over time. In many cases, a
link could be made between clinical events and TCR repertoire attributes. Com-
bined diversity metrics across the patients showed that despite individual variation,
most patients showed a relatively high level of repertoire diversity more than a year
post-transplant. Top clonotypes were tracked, and in some cases patterns matched
between α and β chains. The largest clonal expansions came from just four patients,
all of whom had serious viral infections which could have contributed towards these
expansions. Spectratyping showed good agreement with diversity estimation, de-
spite some outliers. Comparing CD3+, CD4+, CD4+ naïve, CD8+, and CD8+
naïve cell counts to age-matched healthy children, the patients showed variable suc-
cess of immune reconstitution, though all those with intermediate or good immune
reconstitution survived. The patients showed an elevated CD4/CD8 ratio after
transplant, in keeping with other UCB studies and in contrast to those using bone
marrow (Girdlestone et al. 2020). This study showed TCR repertoire sequencing to
be a useful tool to monitor immune reconstitution, and provided greater detail on
the TCR repertoire in children as they recover from UCB HSCT.

In Chapter 7 I assessed the TCR repertoire in HIV+ children enrolled in a
randomised controlled study to discover if there is any disadvantage to a planned
treatment interruption, and to monitor its effects. I found that the ART interruption
had a profound effect on the repertoire of those children having the interruption.
Both repertoire richness and evenness in the CD4+ naïve T cells were disrupted by
the interruption, though this had recovered by the time of the follow-up sample.
Clonality was shown to increase during the interruption, especially in the CD4+
naïve T cells. These observations were not seen in the CD8+ memory T cells, but
compared to the non-interrupted patients, there were indications that those who
had the interruption may had more clonality and less richness in CD8+ memory
T cells at follow-up. Despite the interruption, many clonotypes persisted over the
study period, and the most abundant CD8+ memory clonotypes showed stability
over the study period. Bioinformatic spectratyping indicated little change over the
interruption. The predominance of public clonotypes differed between patients, but
some were identified across all four interruption patients. Though some V and J gene
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segments are indicated to be differentially abundant between on- and off-treatment
samples in both cell populations, gene usage divergence shows that samples are gen-
erally most similar within-patient. Although this study is limited by size, profound
effects of ART interruption on the TCR repertoire were characterised, and there are
some indications that the interruption may have long term effects, though in most
ways the TCR repertoire of HIV+ children having a planned treatment interruption
shows little difference to those who do not after follow-up.
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