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Abstract  

Multiple myeloma(MM) remains an incurable cancer responsible for 2% of cancer 

deaths. Immune dysfunction is described in MM, with roles ascribed to regulatory 

T cells(Tregs), and co-inhibitory receptors such as PD-1 and LAG-3, providing 

the rationale for immunotherapies to restore T cell function. Hypothesising that 

defects in T cell immunity are evident at diagnosis and post autologous stem cells 

transplant(ASCT), and predictive of clinical outcomes, this thesis undertook 

detailed characterisation of T cell subsets from the bone marrow(BM) of newly 

diagnosed(ND) and post-ASCT patients by flow cytometry, and correlated with 

progression free survival(PFS). Additionally, a CyTOF panel was validated to be 

used for BM samples from MM patients. The ultimate aim is to understand 

immune suppressive factors in the BM microenvironment. 

This work identified Tregs and frequency of PD-1 on CD4 effectors to be 

associated with shorter PFS in ND patients. Analysis of T cell subsets revealed 

that low CD4 effector:Treg ratio, and increased frequency of PD-1 on CD4 

effectors(CD4effPD-1hi) were independent predictors of relapse in addition to 

conventional risk factors. Patients with CD4effPD-1hi displayed transcriptional 

and functional features of T cell dysfunction which may contribute to poor clinical 

outcomes. These findings support the possible use of Tregs and PD-1 on CD4 

effectors as biomarkers of risk and as potential targets for immunotherapeutic 

strategies.   

In post-ASCT patients, a high frequency of PD-1 on CD4 effectors, Ki-67 on CD8 

T cells, and high frequency of LAG-3 on CD4 effectors, CD8, and Tregs 

correlated with shorter PFS. This study identified a subset of patients with T cell 

phenotype indicative of exhaustion to have shorter PFS and prompt further 

functional studies to uncover immune drivers of disease progression post-ASCT. 

This work improves our understanding of immune suppressive factors in MM, 

which may help inform immunotherapeutic strategies in these patients.  
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Impact statement 

A better understanding of the immune suppressive factors in the myeloma (MM) 

microenvironment is vital for risk stratification and designing therapeutic 

strategies capable of inducing durable remissions. 

The findings in this thesis indicate the importance of CD4 effector cells in newly 

diagnosed MM patients. The correlation between T cell populations and disease 

progression has been investigated in mouse models, and this work points to 

Tregs and PD-1 on CD4 effectors as valuable therapeutic targets in MM patients, 

and as potential biomarkers for early relapse following frontline therapy. Both 

factors were independent variables for patient outcome, suggesting that beyond 

stage and genetic risk, the identification of key immune cells present in the tumour 

microenvironment could serve as a biomarker for inferior treatment outcomes, 

and allow identification of patients that could benefit from adjunctive immune-

directed therapies, such as Treg depletion or PD-1 blockade.  

High-dose melphalan with ASCT has been standard of care following induction 

therapy for young and fit MM patients. However, ASCT is not a curative treatment 

and most patients will eventually relapse with progressive disease. The mapping 

of clinically relevant co-inhibitory and co-stimulatory receptors provides insight 

into potential immune drivers of disease progression post-ASCT. Following 

validation in a larger cohort of patients, the post-ASCT study revealed potential 

immune biomarkers correlating with poor outcomes. The data suggest that using 

LAG-3 blocking antibody as a single agent or in combination with PD-1 blockade 

may be beneficial for a specific group of MM patients with exhausted T cells in 

the bone marrow microenvironment. Finally, the findings from both studies in 

newly diagnosed and post-ASCT patients highlighted the importance of looking 

at the immune landscape in the bone marrow microenvironment, rather than 

peripheral blood. Therefore, a CyTOF panel was optimised and validated to be 

used for BM samples from MM patients, which can help identify key immune 

populations at diagnosis and post-ASCT. This can potentially improve our 

understanding of the immune microenvironment, and inform rational design of 

immunotherapeutic strategies for MM. 
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In summary, these findings support the role of T cell subsets and immune 

checkpoints in immune dysregulation in MM, suggesting that immune profiles 

detected in the BM early in disease evolution and post-ASCT can predict clinical 

outcomes. This work will help to identify patients who are at higher risk of relapse, 

and can open up immunotherapeutic opportunities in these patients.  
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1. Introduction 

 

1.1 Overview of multiple myeloma 

Multiple myeloma (MM) is a plasma cell malignancy where malignant plasma 

cells accumulate in the bone marrow (BM). It represents around 10% of all 

haematological cancers and is preceded by the asymptomatic condition called 

monoclonal gammopathy of undetermined significance (MGUS). An 

intermediate asymptomatic premalignant stage known as smoldering multiple 

myeloma (SMM) can occur in some patients (Kyle and Rajkumar, 2008).  

 

1.1.1 Epidemiology 

MM accounts for 1% of all cancers, it is considered to be the second most 

common haematological malignancy after lymphoma. In the UK, an estimated 

4,300 people are diagnosed with MM annually. MM is a disease of elderly with 

median age of 70 years at diagnosis. MM is extremely rare in young 

populations (<30 years of age) (Howell et al., 2017; Kazandjian, 2016). 

The incidence of MM has been recognized to vary by ethnicity, with higher 

incidence rates in African American population, and lower incidence rate in 

Asian population(Samy et al., 2015). Incident rates are 1.5 times higher 

among males than among females (Turesson et al., 2010). 

 

1.1.2 Initiation and progression of myeloma 

MM is a heterogenous disease with the survival ranging from few months to 

10 years. As previously mentioned, MM cases are preceded by asymptomatic 

clonal plasma cell expansion known as MGUS and SMM. MGUS is defined 

as serum M-protein <3 g/dL with clonal plasma cell population in BM < 10%, 

and no evidence of end-organ damage. It is described to be present in over 

3% of white population over 50 years of age. The progression risk of MGUS 

to symptomatic MM is 1% per year. On the other hand, SMM carries higher 

risk of progression to MM with 10% per year the first 5 years, 3% per year for 

the following 5 years, and 1% for the next 10 years. SMM is defined as serum 

M-protein >3 g/dL, and presence of BM plasma cells >10% with no evidence 

of end-organ damage. The etiology of MGUS remains unclear, the incidence 

of MGUS is 2 to 3 times higher in African American population compared to 
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white population, and higher incidence in males compared to females. The 

basis of MGUS and SMM management is ‘watch and wait’ strategy.  The 

International Myeloma Working Group diagnostic criteria for MM includes BM 

plasma cells of ≥10% and one or more of the myeloma defining events. These 

include end organ damage that can be attributed to the underlying plasma cell 

proliferative disorder (hypercalcaemia, renal insufficiency, anaemia, and bone 

lesions), and one or more of the three biomarkers of malignancy, which are 

plasma cell infiltrate ≥60%, serum free light chain (FLC) ratio >100 (provided 

tumour FLC is > 100mg/L), and more than one focal lesion on MRI (Rajkumar 

et al., 2014). 

The revised International Staging System (R-ISS) uses serum beta-2-

microglobulin levels, serum albumin levels, and chromosomal abnormalities 

(Table 1.1) in which high genetic risk is defined as the presence of del(17p) 

and/or t(4;14) and/or t(14;16), and standard risk is the absence of high risk 

abnormalities(Palumbo et al., 2015). 
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Table 1.1: The revised International Staging System (R-ISS) in myeloma 

(Palumbo et al., 2015). 

R-ISS Stage Criteria 

I ISS stage I (serum beta 2-microglobulin level< 3.5 
mg/L and serum albumin level≥  3.5 g/dL), standard-
risk chromosomal abnormalities by iFISH and 
normal LDH 

II Not R-ISS stage I or III 

III ISS stage III (Serum beta-2-microglobulin ≥5.5mg/L) 
and either high-risk chromosomal abnormalities by 
iFISH or high LDH 

Abbreviations: iFISH, interphase fluorescent in situ hybridization; R-ISS, 
revised International Staging System; LDH, lactate dehydrogenase. 
 
 

MGUS is believed to originate from post-germinal-centre B cells. It is thought 

that the acquisition of genetic abnormalities contribute to the development of  

symptomatic MM. The transition through different stages requires the 

acquisition of genetic abnormalities, either primary or secondary genetic 

events (Figure 1.1). 

 

1.1.3.1. Primary genetic events 

The primary genetic events are translocations involving chromosome 14q and 

hyperdiploidy. Chromosomal translocations affecting the IgH locus on 

chromosome 14 are thought to be an early event in myeloma development. 

These translocations occur during class switch recombination or somatic 

hypermutation, which both occur in germinal centre B cells in the lymphoid 

germinal centre. Breakpoints occur in two switch regions on chromosome 14 

which are involved in class switch recombination. Enhancers are split onto the 

derivative chromosomes and lead to dysregulation of oncogenes on both 

derivative chromosomes. Therefore, it is most likely that myeloma is derived 

from a B cell that has undergone isotype class switching, VDJ recombination, 

and somatic hypermutation. Despite the importance of IgH translocations in 

the pathogenesis of myeloma, the effect of these translocations on plasma 

cell differentiation, MGUS development, and the establishment of myeloma 

remains unclear (Pratt, 2002). There are conflicting reports from mouse 
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models that generated controversy surrounding the cell of origin of myeloma. 

These studies demonstrated the engraftment of myeloma plasma cells into 

the human bone fragment in immunodeficient mice. The plasma cells grew in 

the human bone and were able to self-renew, generating disease in the host. 

Peripheral blood (PB) B cells were unable to engraft, suggesting that only 

mature plasma cells are clonogenic (Ghosh and Matsui, 2009). In contrast, a 

study reported that cells from the PB of patients with aggressive disease, or 

G-CSF mobilized PB from patients with minimal disease, were capable of 

engrafting immunodeficient mice, and tumour cells were transplanted into 

secondary recipients indicative of self-renewal (Pilarski et al., 2000). The 

same authors subsequently showed that circulating B cells were clonotypic, 

with an IgH VDJ sequence identical to that of plasma cells. These clonogenic 

B cells from an advanced myeloma patient were able to generate disease in 

immunodeficient mice (Pilarski et al., 2002). PB clonotypic cells which 

expressed memory B cell markers from MM patients were capable of 

producing MM in mice upon primary and secondary transplantation (Matsui et 

al., 2008). Therefore, these studies postulated that an early B cell progenitor 

acts as a cancer stem cell. 

The R-ISS incorporated t(4;14) and t(14;16) as a measure of adverse disease 

biology along with del(17p) (Palumbo et al., 2015). Meta-analysis of data from 

two UK multi-center phase III clinical trials reported that t(4;14,) t(14;16), and 

t(14;20) translocations were associated with shorter survival in newly 

diagnosed MM patients. In the era of novel agents, the survival of MM patients 

has improved. However, patients who have a double-hit (the presence of any 

two of the high risk markers t(4;14), (14;16), t(14;20), gain(1q) or del(17p)) 

have an especially poor prognosis, with a 19.7 month median progression free 

survival (PFS) on intensive treatment (Shah et al., 2018). 
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1.1.3.2. Secondary genetic events 

The secondary genetic events occur during the progression to symptomatic 

myeloma. These genetic events include deletions at 17p13, chromosome 1 

abnormalities (1p deletion and gain of 1q), c-MYC translocations, Ras 

mutation, and p16 methylation (Morgan, Walker and Davies, 2012; Fonseca 

et al., 2009). At end-stage of disease, the MM cells are not confined to growth 

in the BM and can be found in the extramedullary sites and rarely circulating 

plasma cell leukaemia, the abrrent clones at this stage of disease are 

substantially altered genetically (Morgan, Walker and Davies, 2012). 
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Figure 1.1: Initiation and progression of myeloma. Figure shows the 
transition through different states of myeloma from asymptomatic MGUS and 
smouldering myeloma which lacks clinical features, to symptomatic myeloma. 
Later in the disease progression, the myeloma plasma cells can be found at 
extramedullary sites and as circulating plasma cells. (Morgan, Walker and 
Davies, 2012). 
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     1.1.4 Current treatment approaches in myeloma  

The management of MM is rapidly evolving, with a spectrum of novel agents 

such as proteasome inhibitors (PIs) and immunomodulatory agents (IMiDs), 

and monoclonal antibodies which changed the approach to MM therapy 

(Scalzulli et al., 2018). 

Autologous stem cell transplantation (ASCT) is an established part of first line 

treatment for younger fit MM patients. The introduction of IMiDs and 

proteasome inhibitors have led to significant improvement in clinical outcomes 

of patients with MM. However, despite advances in its treatment strategies, 

MM remains incurable, with the majority of patients tending to relapse after 

treatment (Braga, Atanackovic and Colleoni, 2012). 

 

1.1.4.1 IMiDs 

The treatment of myeloma patients with IMiDs improved the outcome in MM 

patients and led to a higher response rates compared to those achieved with 

standard chemotherapeutic regimens.  

Thalidomide, which is first generation of IMiDs was introduced in the late 

1950s as a sedative used to prevent nausea during pregnancy. However, it 

was withdrawn in 1961 due to teratogenicity and neuropathy. In 1999, 

effectiveness against MM was reported. The second generation of IMiDs 

include lenalidomide and pomalidomide, these were subsequenty developed 

and both of them were shown to be more potent than thalidomide as anti-MM 

agents, with more anti-inflammatory and immunomodulatory activities 

compared to thalidomide. It has been described that IMiDs bind cereblon 

(CRBN) to alter the function of the E3 ubiquitin ligase complex (composed of 

CRBN, DDB1, and CUL4). The downstream effects of altered CRBN activity 

include cell-cycle arrest and downregulation of interferon regulatory factor 4 

(IRF4), which is a MM cell survival factor that targets critical genes including 

MYC. Additionally, IMiDs enhance the activation of T and NK cells, and inhibit 

the proliferation and suppressor function of Treg cells (Zhu, Kortuem and 

Stewart, 2013; Luptakova et al., 2012).  
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Pomalidomide is a second-generation IMiD with structure similar to 

lenalidomide and thalidomide. It exerts its antitumour activity by pro-apoptotic 

effects on myeloma plasma cells, and by immunomodulation of the bone 

marrow microenvironment through anti-angiogenic and anti-inflammatory 

effects and increase in T cells and NK cells activity. Pomalidomide is more 

potent than thalidomide in increasing T cell proliferations and enhancing IL-2 

and interferon γ (IFN γ) production (Zhu, Kortuem and Stewart, 2013).  

 

1.1.4.2 Glucocorticoids 

 Steroids have been used to treat MM for over 50 years, and have remained 

as one of the key components of drug treatments in MM. Indeed, 

dexamethasone is included in the vast majority of current treatment regimes. 

Glucocorticoids (GCs) induce MM apoptosis through the binding of their 

receptor (GR); upon binding of GCs to GR, the GR translocates to the nucleus 

and interacts with GC-response elements (GRE) to induce gene transcription 

(transactivation). There is a correlation between GRE transactivation and the 

induction of apoptosis in MM cells. The GCs binding to GR also results in 

down regulation of NFKB (transrepression), leading to inhibition of anti-

apoptotic NFKB targeted genes. However, NFKB inhibition is not essential for 

apoptosis in dexamethasone-treated MM cells (Sharma and Liechtenstein, 

2008). Glucocorticoid-induced leucine zipper (GILZ) was found to have an 

essential role in the dexamethasone induced cell death through the regulation 

of the Bcl-2 protein network (Kervoëlen et al., 2015). Pre-clinical studies 

demonstrated that treating MM cells with dexamethasone induced an 

increase in the expression of pro-apoptotic activator Bim (Matulis et al., 2016), 

and the silencing of Bim resulted in a strong reduction in cell apoptosis 

induced by dexamethasone (Kervoëlen et al., 2015). Finally, dexamethasone 

treatment of MM cells induced translational changes, including suppression 

of protein synthesis through the phosphorylation of eIF2α. This resulted in the 

upregulation of ATF4, promoting apoptosis. Moreover, dexamethasone 

promoted apoptosis through the repression of mTOR targets (Burwick et al., 

2017).  

As a single agent, dexamethasone demonstrated response rates of only 41% 

in newly diagnosed MM patients (Rajkumar et al., 2006), and 18% in relapsed 
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patients (Richardson et al., 2005). Dexamethasone is widely used in most 

treatment regimens in combination with PIs, IMIDs, and daratumumab for 

newly diagnosed (Moreau et al., 2016; Durie et al., 2017; Sidiqi et al., 2018) 

and relapsed patients (Stewart et al., 2015; Chari et al., 2017).  

The anti-myeloma effect of steroids must be balanced with their side effects. 

They have potent anti-inflammatory and immunosuppressive properties. 

Dexamethasone was found to affect the cell-mediated innate and adaptive 

immunity. Dexamethasone reduced the proliferation of CD4 T cells in vivo 

(Kim et al., 2017). The treatment with dexamethasone reduced splenic NK, 

CD4 and CD8 T cells, and increased Tregs in a dose-dependent matter 

(Chen, Jondal and Yakimchuk, 2018). The risk of infection is increased in 

patients receiving higher dose of dexamethasone. Other side effects include 

hyperglycemia, venous thromboembolism (Rajkumar et al., 2010), 

musculoskeletal pain, mood and sleep disturbances (Parsons et al., 2019). 

 

1.1.4.3 Proteasome inhibitors 

The ubiquitin proteasome pathway (UPP) is a complex protein degradation 

pathway present in all eukaryotic cells. It is essential for the regulation of 

intracellular protein degradation and described to be involved in cell apoptosis 

and survival, DNA repair, and antigen presentation. On the basis of the UPP 

role in protein turnover, the PIs were developed initially as agents with 

potential benefit in managing cancer related cachexia. Preclinical studies 

showed that PIs induce apoptosis in murine models of cancer and cultured 

cell lines, so their chemotherapeutic use was investigated, leading to the 

development of bortezomib, which is first-generation PI, and then the second-

generation PIs carfilzomib and ixazomib (Scalzulli et al., 2018). 

The response to treatment is assessed according to the critera listed in Table 

1.2. As previously mentioned, all of these novel agents improved survival in 

MM patients. Yet, MM remains incurable with majority of patients ultimately 

relapse and requiring continuous threptic interventions. MM is heterogenous 

at diagnosis, and during the course of disease more genetic modification are 

acquired. Subsequently, MM patients tend to become refractory to available 

drugs (Cetani, Boccadoro and Oliva, 2018). It has been proposed that cells 

phenotypically similar to mature B cells found in MM patients characterise the 
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proliferating compartment or tumour “stem cells” in MM (Matsui et al., 2004). 

It is well described that the myeloma microenvironment plays a very important 

role in drug resistant and survival of myeloma tumour cells. This will be 

discussed in section 1.5. 
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  Table 1.2: International Myeloma Working Group response criteria (Kumar et 

al., 2016).  

Response 

subcategory 

Response criteria 

Stringent 
complete 
response 

(sCR) 

CR as defined below plus normal FLC ratio and absence of 
clonal cells in BM biopsy by immunohistochemistry. 

Complete 
response 

(CR) 

Negative immunofixation on the serum and urine, and 
disappearance of any soft tissue plasmacytomas, and < 5% 
plasma cells in BM  aspirates. 

Very good 
partial 

response 
(VGPR) 

Serum and urine M-protein detectable by immunofixation but 
not on electrophoresis, or  ≥ 90% reduction in serum M-
protein plus urine M-protein level <100mg per 24 hour. 

Partial 
response 

(PR) 
  

≥ 50% reduction of serum M-protein and reduction in 24 hour 
urinary M-protein by ≥90% or to <200mg per 24 hour.  
If the serum and urine M-protein are unmeasurable, a ≥50% 
decrease in the difference between involved and uninvolved 
FLC levels is required in place of the M-protein criteria. 
If serum and urine M-protein are unmeasurable, and serum 
free light assay is also unmeasurable, ≥50% reduction in 
plasma cells is required in place of M-protein, provided 
baseline BM plasma cell percentage was ≥30%. 
Additionaly, if present at baseline, a  ≥50% reduction in the 
size (SPD) of soft tissue plasmacytomas is also required. 

Minimal 
response 

≥25% but ≤49% reduction of serum M-protein and reduction 
in 24 hour urine M-protein by 50–89%. Additionaly, if  present 
at baseline, a ≥50% reduction in the size (SPD) of  in the size 
of soft tissue plasmacytomas is also required. 

Stable 
disease (SD) 

Not meeting criteria for  complete response, very good partial 
response, partial response, minimal response, or 
progressive disease. 

Progressive 
disease (PD) 

Any one or more of the following criteria: 
25% increase from lowest confirmed response value in one 
or more of the following criteria: 
Serum M-protein (absolute increase must be ≥0·5 g/dL) 
Serum M-protein increase ≥1 g/dL, if the lowest M 
component was ≥5 g/dL 
Urine M-protein (absolute increase must be ≥200 mg/24 
hour) 
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Abbreviations: MRD: minimal residual disease. SPD: sum of the products of 
the maximal perpendicular diameters of measured lesions. 

  

In patients without measurable serum and urine M-protein 
levels, the difference between involved and uninvolved FLC 
levels (absolute increase should be >10 mg/dL) 
In patients without measurable serum and urine M-protein 
levels and without measurable involved FLC levels, BM 
plasma cell percentage irrespective of baseline status 
(absolute increase should be ≥10%) 
Appearance of a new lesion(s), ≥50% increase from nadir in 
SPD of >1 lesion, or ≥50% increase in the longest diameter 
of a previous lesion >1 cm in short axis; ≥50% increase in 
circulating plasma cells (minimum of 200 cells per μL) if this 
is the only measure of disease. 
 
 

Clinical 
relapse 

Requires one or more of the following criteria: 
Direct indicators of increasing disease and/or end organ 
dysfunction related to the clonal plasma-cell proliferative 
disorder.  
Development of new soft tissue plasmacytomas or bone 
lesions. 
A 50% (and ≥1 cm) increase in the size of existing 
plasmacytomas or bone lesions.  
Hypercalcaemia (>11 mg/dL). 
Decrease in haemoglobin of ≥2 g/dL not related to therapy or 
other non-myeloma-related conditions. 
Rise in serum creatinine by 2 mg/dL or more from the start 
of the therapy and attributable to myeloma. 
Hyperviscosity related to serum paraprotein 

Relapse from 
complete 
response 

Any one or more of the following criteria: 
Reappearance of serum or urine M-protein by  
electrophoresis or immunofixation. 
Development of ≥5% plasma cells in the BM. 
Appearance of any other sign of progression. 

Relapse from 
MRD 

negative 

Any one or more of the following criteria: 
Loss of MRD negative state. 
Reappearance of serum or urine M-protein by  
electrophoresis or immunofixation. 
Development of ≥5% clonal plasma cells in the BM. 
Appearance of any other sign of progression.  
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1.1.4.4 Monoclonal antibodies 

Monoclonal antibodies targeting antigens which are highly expressed on the 

surface of tumour cells have emerged as an important therapeutic strategy. 

Daratumumab is a human CD38 specific IgG1 antibody which has shown 

encouraging efficacy in patients with relapsed and refractory MM (Lonial et 

al., 2016; Lokhorst et al., 2015), and more recently, in newly diagnosed 

patients (Mateos et al., 2018; Moreau et al., 2019). CD38 is a type II 

transmembrane glycoprotein which is highly expressed on tumour cells in MM. 

Under normal conditions, CD38 is expressed at relatively low levels on 

lymphoid and myeloid cells. Functions ascribed to CD38 include modulating 

adhesion, and ectoenzymatic activities which contribute in mobilizing 

intracellular calcium for signalling events. Daratumumab is an antibody with 

unique cytotoxic activities. It was found to effectively kill MM tumour cells 

isolated from patients by antibody dependent cellular cytotoxicity (ADCC), 

antibody dependent cellular phagocytosis (ADCP), and complement 

dependent cytotoxicity (CDC) (de Weers et al., 2011). In addition, 

daratumumab has also been described to reduce immune suppressive cells; 

Bregs, MDSCs and Tregs and thus stimulate T cell effector function (Krejcik 

et al., 2016). 

Elotuzumab is another licensed antibody that targets CS1, a protein that is 

highly expressed on the surface of MM cells, and mediates the adhesion of 

MM cells to bone marrow stromal cells. Elotuzumab acts by activating NK cell-

mediated killing of MM cells via ADCC (Lonial et al., 2013). In phase III 

ELOQUENT-2 trial in  relapsed MM patients, elotuzumab in combination with 

lenalidomide and dexamethasone significantly prolonged survival compared 

with lenalidomide and dexamethasone alone (Lamb, 2018). 

 

1.1.4.5 Chimeric antigen receptors (CAR) T cells 

CAR T cells have demonstrated unprecedented responses across a broad 

range of haematological malignancies, especially leukemia (Maude et al., 

2014; Holzinger, Barden and Abken, 2016). CAR T cell therapies for patients 
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with MM are currently at an early stage of clinical development. B-cell 

maturation antigen (BCMA) is upregulated during B cell differentiation into 

plasma cells, and has been found to be essential for plasma cell survival. 

BCMA is exculusively expressed on the surface of plasmablasts and 

differentiated plasma cells, but not normal naïve or memory B cells and other 

normal tissue cells (Cho, Anderson and Tai, 2018). Variable expression of 

BCMA was reported on bone marrow plasma cells from patients with 

symptomatic MM. Thus, BCMA is a good potential target for 

immunotherapeutic strategies (Lee et al., 2016). To date, there are several 

early phase clinical trials using anti-BCMA CAR T cells in MM patients. 

However, there are challenges of antigen escape and low-target density, 

therefore, different strategies are currently being developed trying to address 

these challenges. One example is using dual antigen binding using a 

proliferation-inducing ligand interactor (APRIL) which is a natural ligand of 

both BCMA and calcium-modulator and cyclophilin ligand (TACI) that is 

expressed on MM cells (Lee et al., 2018). For maximizing the potential of CAR 

T cells in myeloma, a better understanding of myeloma biology and complex 

landscape of myeloma microenvironment is required to better understand how 

MM cells evade CAR T cells (Susanibar Adaniya, Cohen and Garfall, 2019). 

 

Clonal evolution has been described in MM. Most patients present with a 

complex subclonal structure at diagnosis, and diverse patterns of clonal 

evolution occur after treatment. Moreover, changes in the genome of the 

plasma cells may contribute to the ability of these cells to grow independently 

of the BM microenvironment resulting in extramedullary relapse (Bolli et al., 

2014). Corre et al. reported that relapse and chemoresistance could be 

induced by acquiring new mutations in myeloma drivers or subclonal 

mutations that are present before the treatment (Corre et al., 2018). A 

separate study of uniformly treated newly diagnosed MM patients suggested 

that early relapse is due either to the presence of treatment resistant dominant 

clones at presentation, or a change of clonal architecture in response to 

effective therapy. This indicates the importance of using combination 

treatment regimens at relapse, incorporating agents with different 

mechanisms of action to those used at diagnosis (Jones et al., 2019). The 
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management of patients with relapsed MM should take into account the 

patient’s fitness, age, treatment history, and aggressiveness of the disease 

(Laubach et al., 2016). Treatment side effects and toxicity increase with lines 

of treatment. Also, poor performance status increase with later lines of therapy 

that result in ending the treatment. The probability of receiving further lines of 

treatment is associated with several factors including the fitness of the patient 

and biology of the disease. Old age and adverse events have a negative 

impact on receiving next line of treatment, whereas young age, good fitness, 

and good responses to the previous line of treatment are positively associated 

with the continuation to a further line of therapy (Yong et al., 2016). 

 

The involvement of the immune system in controlling humun tumour have 

been demonstrated in previous studies, T cell infiltration is associated with 

improved prognosis in overian cancer (Zhang et al., 2003), and colorectal 

cancer (Pagès et al., 2005). The role of cytotoxic CD8 T cells in cell-mediated 

anti-tumour immune responses is now recognized. Infiltration of cytotoxic 

CD8+ T cells is a positive prognostic factor in several types of cancer, 

including breast cancer (Mahmoud et al., 2011) and lung cancer  (Kawai et 

al., 2008). These data highlight the role of T cells as one of the principle 

components of anti-tumour immunity. T cell activation is discussed in the 

following section. 

 

1.2 T cell activation  

1.2.1 T cell receptor (TCR) 

Antigen receptor on T cells was characterised in the early 1980s. TCR 

consists of heterodimer of two chains, αβ which are present in the majority of 

T cells, or γδ which are present in 1-10% of peripheral T cells. Each chain is 

made of variable region and constant region. The variable region consists of 

CDR1, CDR2, and CDR3 which has important role in antigen recognition (Li 

et al., 2016; Davis and Bjorkman, 1988). The antigenic specificity of T cells is 

primarily determined by the amino acid sequences of the hypervariable 

CDR3. The CDR3 nucleotide sequences are generated by somatic 

recombination of segregated germline variable (V), diversity (D), and joining 

(J) gene segments for the TCR β chain, and V and J gene segments for the 
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TCR α chain (Liu et al., 2014). The variable region recognises peptides 

presented by major histocompatibility complex (MHC) molecules. The TCR-

CD3 complex comprises of CD3δ, CD3Υ, CD3ε, CD3ζ. These CD3 proteins 

are critical for triggering intracellular signal transduction pathways leading to 

T cell activation. The cytoplasmic regions of the CD3 proteins possess an 

Immunoreceptor Tyrosine-based Activation Motif (ITAM). The CD8 and CD4 

co-receptors are essential in recruiting intracellular ITAM protein kinases to 

the TCR-CD3 complex leading to the signalling cascade that activates the T 

cell (Smith-Garvin, Koretzky and Jordan, 2009). The activation pathway will 

be discussed in section 1.2.3. 

 

 

1.2.2 Central tolerance 

T cells arise from circulating BM derived progenitors that home to the thymus 

for T cell differentiation. As TCR recognise antigen in the context of MHC 

molecules on the surface of host cells, there is a potential that T cells respond 

to self-antigens as opposed to foreign antigens. The TCR gene 

rearrangement give rise to either αβ or γδ progenitors at CD4 and CD8 double 

negative stage. A small number of αβ committed double negative give rise to 

large number of CD4 and CD8 double positive. Double positive thymocytes 

with TCRs which do not bind self-peptide MHC molecules die by neglect, 

whereas thymocytes with low affinity for self-peptide MHC molecules 

differentiate to CD4 or CD8 single-positive thymocytes in a process called 

positive selection. Lastly, thymocytes with high-affinity TCR for self-peptide– 

MHC molecules undergo negative selection by mechanism of clonal deletion, 

or high-affinity self-reactive cells different into Treg cells. It is still unknown 

what mechanism determines whether a T cell is tolerized by negative 

selection or is selected to differentiate into Treg cell.  

Although central tolerance is efficient; T cells leaving the thymus are either 

naïve T cells capable of recognising foreign antigens or self-reactive Tregs. 

Not all self-reactive lymphocytes are eliminated and they escape central 

tolerance and migrate into the periphery. Therefore, peripheral-tolerance 

mechanisms exist. It includes supressing T cells though immune suppressive 

Treg cells. The mechanism of Treg immune suppression is discussed in the 
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context of Treg function in section 1.2.3. In addition, T cell tolerance is 

mediated by anergy which is a state of hyporesponsiveness in T cells, where 

T cells express co-inhibitory proteins such as PD-1 and CTLA-4 which inhibit 

T cell response, and prevent autoimmunity. The inhibitory mechanism of  PD-

1 and CTLA-4 immune checkpoints are discussed in section 1.7.1 (Xing and 

Hogquist, 2018; Hogquist, Baldwin and Jameson, 2005).  

 

 

1.2.3 T cell activation 

The activation of T cells requires signalling through TCR. The role of the 

coreceptor molecules, CD4 and CD8, is to augment TCR signalling by 

stabilizing interactions between the TCR and peptide– MHC.  It is thought that 

the ability of binding of CD4 and CD8 to MHC class II and class I molecules 

respectively helps to stabilize the weak TCR- peptide MHC interactions. Also, 

the recruitment of Src kinase, lymphocyte-specific protein tyrosine kinase 

(Lck), which is bound to the cytoplasmic tail of coreceptors, to the TCR 

complex upon binding of coreceptor to MHC which enhance the initiation of 

TCR signalling (Artyomov et al., 2010). Lck phosphorylates ITAMs in CD3 

chains resulting in the recruitment of zeta-chain-associated protein kinase of 

70kDa (ZAP-70). Lck phosphorylates and activates ZAP-70 that, which in 

turn, phosphorylates the key adapter protein linker for activation of T cells 

(LAT). The phosphorylated LAT recruits and facilities activation of further 

downstream kinases and enzymes that activate transcription factors (NFAT 

and NFkB) which then translocate to the nucleus and induce the transcription 

of genes necessary for T cell proliferation, differentiation and cytokine 

production (Salmond et al., 2009; Nel, 2002). 

 

1.2.3.1 CD8 T cell effector cells 

Cytotoxic T lymphocytes mediate cytotoxic pathways to kill virus-infected or 

tumour cells by either of two mechanisms which require direct contact 

between effector and target cells. First pathway is granule exocytosis pathway 

in which perforin, a membrane-disrupting protein, is used to deliver granzyme 

that trigger apoptosis in target cell. Granzyme B enters target cell and 
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activates pro-apoptotic BH3 members of BCL2 family, such as BH3-

interacting domain death agonist (BID) (Trapani and Smyth, 2002). 

The second pathway is interaction of FAS on target cells with FAS ligand 

(FASL) present on activated CTLs. Unlike perforin-granzyme pathway, T cell 

mediated cytotoxicity is Ca2 independent. The engagement of FAS with FASL 

results in caspase-dependent apoptosis (Nagata and Golstein, 1995). 

 

1.2.3.2 CD4 T cells 

Upon encounter with pathogens, the naïve CD4+ T cells orchestrate immune 

responses by differentiating into T helper (Th) cell populations secreting 

different sets of cytokines. CD4 T cells provide help to B lymphocytes, CD8+ 

cytotoxic T cells, and activate the cells of the innate immune system. 

 

1.2.3.3 Regulatory T cells (Tregs) 

As discussed in section 1.2.2, the central tolerance in the thymus prevents 

immune responses to self-antigens. However, self-reactive T cells can escape 

into the periphery, which may lead to autoimmune disease. Therefore, the 

peripheral tolerance including Tregs provides a mechanism for the 

suppression of immune response in the periphery. In 1995, Sakaguchi et al. 

established the role of CD4+ cells expressing CD25 in the maintenance of 

peripheral tolerance to self-antigens (Sakaguchi et al., 1995). The 

transcriptional regulator forkhead box P3 (FoxP3) was later discovered as a 

master regulator for Tregs (Fontenot, Gavin and Rudensky, 2003). There are 

several proposed suppressive mechanisms of Treg cells. First, the release of 

suppressive cytokines, such as IL-10, that directly participate in the 

suppression of effector T cells (Li et al., 2015; Yu et al., 2018). Second, 

cytolysis-mediated suppression by granzyme B that induce apoptosis in 

effector T cells (Cao et al., 2007; Sun et al., 2020). Third, the consumption of 

local IL-2 through high-affinity CD25 expressed by Treg cells (also known as 

IL-2 receptor), which leads to the starvation and suppression of effector T and 

NK cells (Pandiyan et al., 2007; Littwitz-Salomon et al., 2015; Chinen et al., 

2016). Finally, Treg cells can influence immune responses by modulating the 

maturation or function of dendritic cells (DCs). Treg cells express CTLA-4 
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which down-modulate the capacity of DCs to activate effector T cells. Tregs 

can down-regulate the expression of CD80 or CD86 on DCs by cell-to-cell 

contact and inhibit IL-12 production from DCs (Chen et al., 2017). 

 

Tregs can be divided into two subgroups, natural Treg cells (nTreg) and 

inducible Treg cells (iTreg). nTreg cells develop in the thymus with FoxP3 

already expressed and enter peripheral tissue where they suppress the 

activation of self-reactive T cells. The iTreg cells develop from naïve CD4 T 

cells in the peripheral lymphoid organs. These cells are developed from 

CD4+CD25-FoxP3- to Foxp3 expressing cells, and they produce immune 

suppressive cytokines such as IL-10 and TGF-B (Noack and Miossec, 2014). 

Both nTreg and iTreg cells suppress effector T cells. MM cells were found to 

induce a generation of iTregs in vitro (Feyler et al., 2012; Feng et al., 2017; 

Tai et al., 2019). It is difficult to distinguish iTreg and nTreg cells with not much 

information in the literature regarding MM patients. However, Tregs can also 

be divided to naïve (resting), effector (activated) and memory Tregs. Naïve 

Tregs express high levels of CD45RA and low levels of CD45RO, CD69, and 

Ki-67. On the other hand, effector and memory Tregs express high levels of 

CD45RA, CD69, and Ki-67 with memory Tregs expressing high levels of 

CD127 (Rosenblum, Way and Abbas, 2015). In MM, newly diagnosed 

patients were found to have high levels of activated and memory Tregs which 

are more suppressive (Lad et al., 2019). 

 

The role of Tregs in MM immune dysregulation is still controversial, with 

conflicting data about the frequency of Tregs in MM patients. An initial report 

described a decrease  in circulating Tregs in MM patients compared to healthy 

donors, and Tregs from MM patients were not able to suppress T cell 

proliferation in vitro (Prabhala et al., 2006). Later another study reported 

reduced circulating Tregs in untreated MM patients (Gupta et al., 2011). 

Foglietta et al. reported no difference in the frequency of Tregs in the BM of 

MM patients compared to healthy donors, and no correlation between the 

frequency of Tregs and myeloma cell burden. However, Tregs retained their 

suppressive function in the BM of MM patients (Foglietta et al., 2014). In 

contrast, other studies demonstrated significantly elevated levels of functional 
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Tregs in the PB of MM patients (Beyer et al., 2006; Feyler et al., 2009; Brimnes 

et al., 2010), and long-term survival was associated with reduced frequency 

of Tregs (Bryant et al., 2013). Elevated frequencies of Tregs were described 

in the BM of a myeloma mouse model (Kawano et al., 2018), and MM patients 

compared to MGUS patients (Muthu Raja et al., 2012). Moreover, circulating 

Tregs correlated with shorter survival in MM patients (Giannopoulos et al., 

2012; Muthu Raja et al., 2012). 

The different results obtained by these studies are most likely explained by 

the inconsistent experimental approaches chosen to assess the functionality 

of Tregs, and variable gating strategies used to identify Tregs. Prabhala et al. 

identified Tregs as CD4+FoxP3+, whereas Muthu Raja et al and Beyer et al. 

included CD25hi expressing CD4+ cells. However, Feyler et al. included 

CD4+ CD25+ cells irrespective of the intensity of CD25, and other studies 

included CD127 in the gating strategy (Gupta et al., 2011; Bryant et al., 2013; 

Foglietta et al., 2014). Another reason for the lack of conclusive data is 

probably due to the fact that Tregs have usually been investigated in the PB 

rather than the BM. In addition, these studied have been conducted using 

different patient populations. The cohort of patients evaluated by Feyler et al. 

and Beyer et al. included patients who received treatment for MM, whereas 

other studies evaluated untreated patients as a separate cohort (Prabhala et 

al., 2006; Brimnes et al., 2010; Giannopoulos et al., 2012; Muthu Raja et al., 

2012; Foglietta et al., 2014). Therefore, further investigation is required to 

examine Tregs in the BM microenvironment in a uniform cohort of MM 

patients. 

 

1.3 Memory T cells 

T cell response to pathogens can be divided to four phases. The first phase 

is the expansion phase, upon antigen exposure the naïve T cells are primed, 

proliferate, and clear the pathogen by killing infected cells and secreting 

effector cytokines. Most of effector T cells will die and leave around 5-10% of 

T cells, this is called the contraction phase. Antigen specific memory T cells 

will be stably maintained for years in the memory phase. Finally, following 

reexposure to the same antigen the memory T cell will rapidly respond to 
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provide enhance protection (Williams and Bevan, 2007). The factors which 

determine memory T cell formation is not fully understood. However, there are 

proposed models for memory T cell formation. These cells either arise from a 

subset of the effector cells that escape apoptosis, or instead descend directly 

from naive T cells which give rise to cells with effector or memory cell potential 

(Omilusik and Goldrath, 2017).  

The memory T cells are divided into two main subsets based on the cell 

surface expression of the lymph node homing molecules CCR7 and CD62L. 

Central memory T cells express CCR7 and CD62L, and migrate to peripheral 

lymph nodes. In vitro stimulation of central memory T cells resulted in the 

production of IL-2. Lymphoid homing of central memory T cells facilitate their 

encounter with antigen-presenting dendritic cells, thus generating a self-

renewing source of cells with effector functions, which then migrate to the site 

of pathogen. Conversely, effector memory T cells are found in non-lymphoid 

tissues such as liver and lung, and they don’t express CCR7 and express low 

levels of CD62L on the cell surface. These cells are capable of immediate 

effector functions and rapid control of pathogens (Kaech, Wherry and Ahmed, 

2002). The memory T cell subsets also differ in transcription factors, Eomes 

was found to be highly expressed in memory T cell subsets. Whereas T-bet 

was associated with effector memory T cells and low levels of T-bet correlated 

with central memory T cells (McLane et al., 2013). T-bet levels are also high 

on effectors T cells. However, in response to continuous antigen stimulation, 

the T cells reduce expression levels of T-bet and become exhausted T cells 

(Kao et al., 2011). T cell exhaustion is discussed in the following section.  

T memory stem cells (TSCM) are a rare subset of memory lymphocytes with 

the stem cell–like ability to self-renew. Pathogen-specific TSCM have been 

increasingly identified in human acute and chronic infections and are 

generated during natural immune responses against foreign pathogens, but 

the underlying mechanisms remain poorly understood. This memory T cell 

population is characterized by a naive-like phenotype, but also expresses high 

amounts of stem cell antigen 1 (SCA1) and the memory markers interleukin-

2 receptor β (IL-2Rβ) and chemokine C-X-C motif receptor 3 (CXCR3). In 

addition, they could reconstitute the full diversity of memory and effector T cell 

subsets while maintaining their own pool size through self-renewal. TSCM 
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cells exhibit properties of memory cells, including a the ability to proliferate 

rapidly and release inflammatory cytokines in response to antigen re-

exposure. Accordingly, TSCM cells represent a small subset of minimally 

differentiated T cells characterized by phenotypic and functional properties 

that bridge naive and memory cells (Gattinoni et al., 2017). 

 

 

1.4 T cell exhaustion, senescence, and anergy 

In acute viral infection, T cells progress to memory state following antigen 

clearance. However, upon continuous antigen stimulation such as chronic 

viral infection or cancer, T cells become exhausted and maintain immune 

checkpoint expression (Figure 1.2). Exhausted CD8 T cells were described in 

chronic lymphocytic choriomeningitis virus (LCMV) infection and found to 

express co-inhibitory receptors, and became progressively less functional 

(Wherry et al., 2007). In human cancers, exhausted CD8 T cells in melanoma 

patients were found to share molecular features with exhausted T cells 

previously described in chronic viral infection (Baitsch et al., 2011). 

T cell exhaustion is a state of T cell dysfunction that is characterised by poor 

T cell function and sustained expression of co-inhibitory receptors. T cell 

exhaustion was described more than a decade ago in chronic viral infection 

in mice. It was proposed that PD-1 signalling pathway mediates CD8 T cell 

functional exhaustion, and PD-1 was proposed to be a marker for exhausted 

T cells. Since then, T cell exhaustion has been demonstrated in animal 

models and in humans with chronic infections and human cancer (Crespo et 

al., 2013; Wherry, 2011). 

A principal characteristic of T cell exhaustion is the loss of function in a 

hierarchical manner. IL-2 production is lost at the early stage of exhaustion, 

whereas tumour TNF-α production is lost at the intermediate stage, and IFN-

γ production is lost at the advanced stage of exhaustion (Jiang, Li and Zhu, 

2015). 

Negative regulatory pathways are involved in T cell exhaustion and can be 

grouped into three main categories: cell surface inhibitory immune 

checkpoints, soluble factors such as IL-10, and immunoregulatory cells such 
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as Tregs. Inhibitory immune checkpoints have a major role in self-tolerance 

and prevention of autoimmunity. Although effector T cells can transiently 

express inhibitory markers during activation, prolonged and high expression 

of multiple co-inhibitory markers is a key feature of exhausted CD4 and CD8 

T cells (Wherry, 2011).  

 

Cancer immune evasion is associated with the presence of exhausted T cells 

in the tumour microenvironment; these cells express high levels of co-

inhibitory receptors PD-1, LAG-3, CTLA-4, TIGIT, and TIM-3 (Jiang, Li and 

Zhu, 2015). Tumour infiltrating lymphocytes (TILs) co-expressing PD-1 and 

TIM-3 were found to be the most abundant TILs population in mice bearing 

solid tumours. In addition, these cells were found to be the most exhausted 

cells with failure of TNF-α, IL-2, and IFN-γ production (Sakuishi et al., 2010). 

In human ovarian cancer, TILs were reported to co-express PD-1 and LAG-3 

and accumulate at tumour site. Moreover, the PD-1+LAG-3+ T cells exhibited 

the lowest IFN-γ and TNF-α production (Matsuzaki et al., 2010). Guillerey et 

al showed in human and mouse studies that MM progression was associated 

with high levels of TIGIT expression on CD8 T cells. In addition, these cells 

exhibited a dysfunctional phenotype characterised by decreased proliferation 

and cytokine production (Guillerey et al., 2018 ). 

Senescent T cells are late differentiated T cells associated with aging. These 

cells are in cell-cycle arrest, lack CD28, and have enhanced secretion of 

inflammatory cytokines. There are two types, the first is telomere-dependent 

senescence, which is characterised by shorten telomers and unregulated p16 

and p21 pathways, and secondly, telomere-independent senescence that is 

induced by stress and is associated with normal telomers (Suen et al., 2016). 

CD57, TIM-3, killer cell lectinlike receptor subfamily G, member 1 (KLRG-1) 

are associated with T cell senescence (Crespo et al., 2013). Although 

senescent and exhausted T cells lose proliferative potential, exhausted T cells 

have low expression of immunological markers of senescence such as 

KLRG1. In addition, T cells that express markers of senescence such as 

CD57 or KLRG1 can still carry out effector functions robustly, unlike 

exhausted T cells (Wherry, 2011). 
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T cell anergy is a state of hyporesponsive with impaired IL-2 production and 

proliferation. T cell anergy induce tolerance in the periphery protecting the 

host from developing autoimmune disease. While T cell exhaustion is caused 

by continuous stimulation, T cell anergy caused by suboptimal stimulation, 

and incomplete T cell activation due to weak signal 2 during T cell priming 

(Davoodzadeh Gholami et al., 2017). The gene expression profile from 

exhausted T cells were found to be different from anergic T cells suggesting 

a functional difference between the two subsets (Wherry et al., 2007). 

Moreover, T cell anergy is believed to occur before or at early stage of tumour 

progression. On the other hand, T cells exhaustion is dysfunctional state that 

occurs in progressive stages and varies depending on the abundance of 

antigen in the microenvironment (Reiser and Banerjee, 2016). 
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Figure 1.2: Co-inhibitory receptors in immune response. Level of co-
inhibitory receptors (iR) peaks at the effector phase, afterward, the level differs 
in chronically stimulated “exhausted” cells where co-inhibitory receptors are 
maintained, as opposed to memory T cells following the clearance of acute 
infection where co-inhibitory receptors are downregulated (Fuertes Marraco 
et al., 2015). 
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1.5 The myeloma microenvironment 

Bone marrow microenvironment is also known to play a role in drug 

resistance, survival and proliferation of MM cells (Manier et al., 2012).  

 

1.5.1 Cellular compartment  

MM cells adhere to extra cellular matrix and BM stromal cells. This adhesion 

up regulates the production of antiapoptotic and cell cycle regulating proteins. 

The adherence triggers nuclear factor-κB (NF- κB) signalling pathway in BM 

stromal cells and secretion of IL-6, a growth and drug resistance cytokine for 

MM cells. IL-6 also activates MM cells to produce vascular endothelial growth 

factor (VEGF), which is associated with MM cell growth and survival. IL-6 also 

stimulates CD4+ T-helper cell type 2 (Th2) differentiation and inhibits T-helper 

cell type 1 (Th1) proliferation; therefore, the anti-tumour effect of Th1 is 

inhibited by cytokines produced by Th2 (IL-4 and IL-5). Bone marrow stromal 

cells also secrete, along with osteoblasts, insulin-like growth factor 1 (IGF-1), 

which contributes to MM cell survival and proliferation (Manier et al., 2012). 

Additionally, osteoclasts enhance angiogenesis and cause bone resorption 

(Tanaka et la., 2007). Osteoclast activity was found to be enhanced by 

myeloma cells. Additionally, osteoclasts inhibit the proliferation of CD4 and 

CD8 T cell, thereby protecting myeloma cells from T cell mediated cytotoxicity 

(An et al., 2016).  

 

 

1.5.2 Non-cellular compartment 

As mentioned above, IL-6 is produced in paracrine fashion by cells in the 

myeloma microenvironment. Moreover, it is also produced in an autocrine 

manner. IL-6 is a growth and survival factor in MM cells, and inhibits apoptosis 

in MM cells. IL-6 signal transduction is mediated by the activation of the JAK 

(Janus Kinase)/STAT (Signal transducers and activators of transcription) 

pathway, and RAS/MAPK (mitogen-activated protein kinase) pathway (Gadó, 

2000).  
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MM cells produce transforming growth factor-β (TGF-β) that contributes to 

MM maintenance and progression by supressing T cell anti-tumour response 

and promoting regulatory T cell (Treg) differentiation. Insulin-Like Growth 

Factor 1 (IGF-1) is another important MM growth factor, it is produced by 

osteoblasts and bone marrow stromal cells. It induces the survival and 

migration of MM cells. IGF-1activates MAPK and PI3K/Akt signalling 

pathways (Kawano et al., 2015 ; Pratt, Goodyear and Moss, 2007). 

 

1.6 Immune dysregulation in multiple myeloma 

The immune system has the capacity of eliminating cancer; however, it can 

establish conditions that promote tumour growth. This concept is described 

as cancer immunoediting. The process consists of three phases: elimination, 

equilibrium, and escape. The elimination phase is where the innate and 

adaptive immunity detect and eliminate tumour cells before it become 

clinically apparent. The equilibrium phase is when tumour cells survive the 

elimination phase and the outgrowth is prevented by adaptive immune 

system. Finally, the escape phase is when tumour cells with either reduced 

immunogenicity or the capability to evade immune surveillance are 

progressively growing. The escape phase may result from 

immunosuppressive state in tumour microenvironment, which can result from 

the presence of Treg cells that play a key role in inhibiting anti-tumour 

responses. Also, co-inhibitory immune checkpoints, such as PD-1 and CTLA-

4, contribute to the immunosuppressive state by inhibiting lymphocyte 

function (Quezada and Peggs, 2013; Schreiber et al., 2011).  

 

Immune dysfunction in patients with MM has been described by several 

groups, and emerging evidence supports a role for the immune system in MM 

progression and disease control. BM stromal cells are known to have an 

important role in supporting the growth and proliferation of tumour cells and 

releasing cytokines that supress local immunity (Atanackovic, Luetkens and 

Kröger, 2014). As previously mentioned, MM is preceded by MGUS and SMM. 

The process of transformation from asymptomatic condition to symptomatic 

MM is not fully understood, but is associated with progressively acquired 
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genetic changes within the plasma cell. Additionally, the microenvironment is 

thought to also play a role in this transformation. T cell dysfunction is seen 

during the progression from MGUS to MM, and cytokines such as IL-6 have 

been associated with MGUS transformation to MM (Agarwal and Ghobrial, 

2013). 
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Table 1.3: Table summarising immune dysregulation in myeloma. 

Cellular compartment 

Tregs • Increased number of suppressive Tregs in 
peripheral blood (PB) of MM patients (Beyer et al., 
2006). 

• MM patients with high frequency of circulating Tregs 
were found to have inferior time to progression 
(Muthu Raja et al., 2012). 

• Tregs promote tumour progression in vivo, and Treg 
depletion was found to extend survival (Kawano et 
al., 2018). 

Myeloid-derived 
suppressor cells 
(MDSCs) 

• Increased frequency of MDSCs in BM of MM 
patients, and these cells induced MM growth while 
suppressing T cell mediated immune responses 
(G̈or̈gun et al., 2013). 

• MDSCs in PB were found to correlate with disease 
progression in MM patients (Wang et al., 2015). 

Regulatory B cells 
(Bregs) 

• Immunosuppressive Bregs are present in the BM of 
MM patients, and MM cells promote the survival of 
Bregs (Zhang et al., 2017). 

Th17 • Th17 expansion in myeloma patients along with 
increased IL-17 suppress the immune responses, 
and promote the growth of MM cells in vitro and in 
vivo (Prabhala et al., 2010). 

Cytokines  

IL-6 • IL-6 is important for MM survival, and the growth of 
MM cells could be inhibited by IL-6 antagonism in 
vitro (Matthes, Manfroi and Huard, 2016).  

IL-17 • Higher level of IL-17 was reported in MM patients 
compared to healthy donors and this increase is 
stage dependent. 

• anti-IL-17 antibody was reported to inhibit the 
growth of MM cells in vitro (Prabhala et al., 2016). 

Immune checkpoints 

Programmed cell 
death protein 1 
(PD-1) 

• Circulating T cells from MM patients express high 
levels of PD-1 compared to healthy donors 
(Rosenblatt et al., 2011). 

• In vitro PD-1 blockade induced T cell anti-MM 
cytotoxicity  (Görgün et al., 2015). 

• Enhanced proliferation and cytokine production of 
CD8+CD28negPD-1+ population in MM patients 
post-ASCT when treated with nivolumab (Chung et 
al., 2016).  

lymphocyte 
activation gene 3 
(LAG-3) 

• LAG-3 was found to be highly expressed on Tregs 
and effector T cells from the BM of MM-injected 
mice.  
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1.6.1 Th17 

Th17 are CD4 T cell subsets which were first described in mice in 2005. Their 

differentiation is induced by IL-6, IL-21, and IL-23. They protect against 

extracellular bacterial infections and fungal infections. These cells produce IL-

17 and IL-22. IL-17 is a structural homologue of cysteine knot protein family. 

It induces expression of IL-6 and TGF-B (Noack and Miossec, 2014). 

Treg cells and Th17 cells development is interconnected, upon TCR activation 

the naïve T cells is driven to express Foxp3 and become Treg cell in the 

presence of TGF-β. However, in the presence of IL-6 or IL-21 with TGF-β, the 

T cells develop into Th17 cells (Braga, Atanackovic and Colleoni, 2012). Treg 

and Th17 cells have opposite roles in the development of inflammatory and 

autoimmune diseases. While Th17 promote autoimmunity, Treg cells control 

it and maintain self-tolerance. Therefore, the control of Treg/Th17 balance is 

important in the development of autoimmune and inflammatory diseases. 

Th17 cells play an important role in many immune-mediated diseases, 

including rheumatoid arthritis, were these cells are increased. The percentage 

of IL-17–producing T cells within stimulated PB MNCs of healthy subjects is 

around 0.5% (Shen et al 2009). 

Th17 cells were found to be significantly increased in BM of MM patients 

compared to healthy donors, and high levels of  IL-17 l were described to 

support myeloma growth (Prabhala et al., 2010).  

 

1.6.2 Myeloid-derived suppressor cells (MDSCs) 

MDSCs are heterogeneous population of immature myeloid progenitor cells. 

These cells suppress effector T cells and natural killer (NK) cells antitumour 

immune activity. Low levels of MDSCs can be found in healthy individuals 

(Favaloro et al., 2014). However, increased numbers of MDSCs have been 

reported in tumour microenvironment and the peripheral circulation. MDSCs 

can directly supress T cells by secreting arginases, which depletes arginine 

required for T cell activity in the microenvironment. MDSCs also produce 

reactive species of oxygen, which inhibit recognition between T cell receptors 
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and MHC-peptide complex. Additionally, these cells produce 

immunosuppressive cytokines such as IL-10 (Malek et al., 2016). MDSCs 

express CD33 and CD11b, but lack the markers of mature myeloid and 

lymphoid cells, and of  HLA-DR. MDSCs can be divided in two main groups, 

granulocyte MDSCs (G-MDSCs) which are CD11b+CD33+CD14−HLA-

DRlo/−CD15+, and monocytic MDSCs (M-MDSCs) that are 

CD11b+CD33+CD14+HLA-DR lo/− (Favaloro et al., 2014). MDSCs were 

found to be higher in the BM and PB of MM patients compared to healthy 

donors and increase with disease progression (G̈or̈gun et al., 2013)). 

Favaloro et al., (2014) found MDSCs to be increases in myeloma patients, 

and reported strong correlation between MDSCs and Tregs suggesting the 

ability of MDSCs to induce Tregs.  

 

1.6.4 Cytokines and chemokines 

Chemokines are small chemoattractant proteins that are produced by many 

cell types under the influence of inflammatory cytokines and tumour cells. 

Chemokines function as a chemical gradient in the local microenvironment 

and attracts macrophages, neutrophils, and tumour cells to bind to the 

chemokine receptors. Both MM and stromal cells produce chemokines which 

participate in the growth and homing of MM cells in the bone marrow 

(Aggarwal, Ghobrial and Roodman, 2006). Macrophage inflammatory protein 

(MIP)–1 is a chemokine produced by MM cells and its receptor is CCR5 is 

expressed by marrow stromal and MM cells. These chemokines were 

reported to enhance osteoclastic bone resorption in vitro and in vivo. MIP-1 

alfa has been shown to suppress the proliferation of hematopoietic stem cells 

(Abe et al., 2002). 

Stromal cell–derived factor-1 (SDF-1) is a chemokine constitutively expressed 

at high levels by bone marrow stromal cells, and is a chemotactic factor for 

many cells including hematopoietic progenitor cells. The SDF-1/CXCR4 axis 

regulates migration and homing in MM. Studies have shown that SDF-1 was 

increased in the bone marrow of MM patients. It induces migration of MM cells 

in vitro and homing into the bone marrow in vivo (Alsayed et al., 2007).  
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As discussed in section 1.5, the production of various cytokines and growth 

factors such as IL-6, TGF-β, and IGF-1 support the growth of plasma cells. 

Additional cytokines promoting MM growth include IL-10 which is produced by 

immune suppressive cells (Tregs and MDSCs), and IL-17 which is produced by 

Th17 cells.  

 

1.7 Immune checkpoints 

The activation of a resting T cell is a complex process initiated through antigen 

recognition by TCR. Immune checkpoints regulate the immune response to 

diverse sets of antigens through the balance between co-stimulatory and 

inhibitory signals. CD28 and inducible costimulator (ICOS) transduce signals to 

activate T cells, while CTLA-4 and PD-1 transduce signals that inhibit T cell 

activation. The balance between ‘positive’ and ‘negative’ signals enables 

effective immune responses while maintaining immunological tolerance and 

preventing autoimmunity (Pardoll Drew M, 2012).A number of immunotherapeutic 

approaches are currently under investigation in MM to increase the ability of the 

immune system to control tumour. These approaches include immune checkpoint 

inhibitors, myeloma vaccines, and cellular therapies. Immune checkpoint 

blockade strategies have recently been gathering significant attention as one of 

the more promising approaches of activating immune response to tumours, in 

which immunomodulatory antibodies directly enhance T cell function and 

promote tumour destruction. Agonistic antibodies enhance costimulatory 

molecules, such as ICOS, glucocorticoid-induced TNF receptor (GITR), 41-BB, 

and OX40, which then can amplify T cell responses against tumours. On the other 

hand, the blockade of co-inhibitory signals such as CTLA-4, PD-1, and LAG-3 

can block inhibitory interactions between tumour cells and pre-existing tumour-

specific T cells, which then ‘release the breaks’ on T cells to eliminate tumour 

cells(Kyi and Postow, 2014; Lendvai, Cohen and Cho, 2015). The success of 

immune checkpoint therapies in targeting advanced solid tumours paved the way 

for their use in the treatment of haematological malignancies. 
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1.7.1 Co-inhibitory immune checkpoints 

Co-inhibitory immune checkpoints are co-receptors expressed by T cells, 

suppressing T cell function. Hence, they play a crucial role in maintaining 

peripheral self-tolerance. 

 

1.7.1.1 Cytotoxic T lymphocyte antigen 4 (CTLA-4) 

CTLA-4 is a type 1 transmembrane glycoprotein of the immunoglobulin 

superfamily. It is a CD28 homologue. The CTLA-4 and CD28 genes are located 

next to each other in human and mouse chromosomes. CTLA-4 is expressed on 

activated T cells and not detected on resting T cells. Both CD4 and CD8 T cells 

express CTLA-4. However, the CD4 T cell is reported to express more CTLA-4 

compared to the CD8 T cell. Treg cells constitutively express high levels of CTLA-

4. The majority of CTLA-4 is localised in intracellular compartments, and only a 

small amount is expressed on the surface. The main function of CTLA-4 is to 

inhibit T helper cells’ activity and enhance Treg cells’ immunosuppressive roles. 

Both CD28 and CTLA-4 can bind the ligands CD80 (B71) and CD86 (B7-2). 

However, CTLA-4 affinity for CD80 and CD86 is tenfold higher than that of CD28. 

Consequently, CTLA-4 competes with CD28 ligands, thereby preventing CD28-

mediated T cell activation. A number of studies indicate that the CTLA-4 signalling 

pathway involves the activation of the protein phosphatases, SHP2, and PP2A, 

which counteract kinase signals that are induced by TCR stimulation. Parry et al. 

(2005) suggested that CTLA-4 and PD-1 both dampen T-cell activation through 

distinct, and possibly synergistic, mechanisms, while CTLA-4 signalling inhibits 

Akt directly by activating the phosphatase PP2A.The phosphatidylinositol 3-

kinase (PI3K) activity is preserved in CTLA-4 signalling. In contrast, PD-1 directly 

antagonizes PI3K, possibly resulting in more inhibition of T cell function (Parry et 

al., 2005). 

CTLA-4 and PD-1 pathways operate at different stages of the immune response. 

CTLA-4 is known to modulates the immune response at early stage when the T 

cell is activated by antigen presenting cells. Upon T cell activation, CTLA-4 is 

transferred from the Golgi to the plasma membrane where it binds B7 ligands on 

antigen presenting cell. This binding inhibits further T cell activation; therefore, 
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controlling the duration and magnitude of the initial immune responses. On the 

other hand, PD-1, which is expressed on activated T cells after persistent antigen 

exposure, appears to impact the T cell response at a later stage when the 

activated T cells traffic to the periphery and encounter tumour antigens at the 

tumour site (Luke and Ott, 2015).  

 

1.7.1.2 Programmed cell death protein 1 (PD-1) 

PD-1 is an immune checkpoint inhibitor proposed to be one of the factors 

responsible for immune dysfunction in MM (Atanackovic, Luetkens and Kröger, 

2014). It is a member of CD28 family and expressed in T cells upon activation. 

The main role of PD-1 is to limit autoimmunity and inhibit T cell function in the 

periphery during an inflammatory response. PD-1 has two ligands, B7-H1, known 

as PD-L1, which is upregulated on many cell types, including hematopoietic, 

epithelial, and endothelial cells in response to proinflammatory cytokines mainly 

IFN-γ, and B7-DC, known as PD-L2, which is upregulated on macrophages and 

DCs in response to different proinflammatory cytokines such as IL-4 (Topalian, 

Drake and Padroll, 2013). When an antigen is presented by antigen presenting 

cell (APC) to TCR via MHC, the CD28 present on the T cell will bind to its ligands 

CD80 (B7-1) and CD86 (B7-2). This result is the activation of the AKT pathway 

through PI3K, which leads to upregulation of survival proteins (Bcl-xL, IL-2, and 

IFN-γ). Conversely, when PD-L1 is expressed in tumour cells, it binds to PD-1 on 

T cells. The binding recruits SHP-2, which blocks the PI3K pathway, resulting in 

downregulation of T cell survival proteins (Bryan and Gordon, 2015).  

PD-L1 was found to be upregulated on different types of tumours, where it inhibits 

anti-tumour T cell responses. Therefore, PD-L1 overexpression can be a 

mechanism for tumour cells to avoid immune surveillance because the majority 

of TILs were found to express PD-1. These findings create an important rationale 

for the monoclonal antibody blockade of PD-1/PD-L1 pathway for cancer 

immunotherapy. Liu et al., (2007) found PD-L1 overexpression in isolated 

CD138+ MM cells but not from MUGS patients or healthy donors. This could 

indicate that PD-L1 expression is acquired during the development of MM from 

MGUS (Topalian, Drake and Padroll, 2013). In another study, plasma cells from 
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MM patients were found to express PD-L1, and the level of PD-1L-1 expression 

increases after stimulation with IFN-γ. Additionally, PD-1 expression on T cells 

isolated from MM patients has been reported, suggesting the importance of the 

PD-1 pathway in mediating immunosuppression in MM patients (Görgün et al., 

2015; Ray, A., Das, D., Song, Y., Richardson, P., Munshi, N., Chauhan, D. and 

Anderson, 2015; Kawano et al., 2018).  

Single agent PD-1 blockade is not beneficial in relapsed MM patients (Lesokhin 

et al., 2016). Preclinical studies demonestarted that effector cell-mediated 

antimyeloma cytotoxicity is induced by the blockade of PD-1 and PD-L1 alone, 

and enhanced by lenalidomide (Görgün et al., 2015). Promising results of the 

pembrolizumab plus pomalidomide and dexamethasone combination in relapsed 

MM patients have been reported (Badros et al., 2017), However, concerns have 

been raised regarding the excessive toxicity of the combination of pembrolizumab 

with IMiDs in relapsed and newly diagnosed MM patients leading to FDA 

discontinouing both trails (MK-3475-183/KEYNOTE-183, MK-3475-

185/KEYNOTE-185). Clinical trails with nivolumab, have been restarted after the 

safety review. The blockade of PD-1/PD-L1 pathway maybe benifitial for a 

specific group of patients, and combining checkpoint inhibitors may hold promise 

for MM patients (Jelinek, Paiva and Hajek, 2018). 

Another co-inhibitory immune checkpoins include TIM3, and TIGIT which is 

further discussed in chapter 6. A list of co-stimulatory and co-inhibitory immune 

checkpoints is shown in table 1.4.  
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Receptor Ligand(s) Rceptor 
expression 

pattern  

Function  References 

CTLA-4 CD80 (B7-1), 
CD86 (B72) 

Activated T cells, 
and Treg 

Negative 
regulation of T-

cell 

(Parry et 
al., 2005) 

PD-1 PD-L1, PD-
L2 

Activated T cells, 
B cells, and DCs 

Negative 
regulation of T-

cell 

(Keir et al., 
2008; Hui et 

al., 2018) 

LAG3 MHC-II  Activated CD4 , 
CD8 T cells, and 

Tregs 

Negative 
regulation of T-

cell 

(Andrews et 
al., 2018) 

TIM3 Galectin-9, 
PS,HMGB1, 
CEACAM-1 

T cells, Treg, 
DC, NK cells, 

and 
macrophages 

Negative 
regulation of T-

cell 

(He et al., 
2018) 

TIGIT CD155, 
CD112 

CD4,CD8, Treg, 
T cells and NK 

cells 

Negative 
regulation of T-

cell 

(Manieri, 
Chiang and 

Grogan, 
2017) 

ICOS ICOSL Activated T and  
B cells 

Positive T-cell 
costimulation 

(Simpson, 
Quezada 

and Allison, 
2010) 

GITR GITRL Activated T cells,  
and Treg, 

Positive T-cell 
costimulation 

(Knee, 
Hewes and 
Brogdon, 

2016) 

OX40 OX40L Activated T cells, 
Treg, NK, and 

neutrophils 

Positive T-cell 
costimulation 

(Webb, 
Hirschfield 
and Lane, 

2016) 

Table 1.4: A summary of the ligands, expression pattern, and biological function, 
for selected co-inhibitory and costimulatory receptors.  
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1.7.1.3 lymphocyte-activated gene-3 (LAG-3, CD223) 

LAG-3 is a type I membrane glycoprotein of the immunogloblin (Ig) superfamily. 

It is a co-inhibitory molecule expressed on the surface of activated CD4, CD8, 

and Treg cells. LAG-3 is highly homologous in structure compared to CD4, and 

like CD4, it binds to MHC class II molecules, but with a much higher affinity. It 

negatively regulates T cell proliferation, and it is required for Treg function. 

However, the LAG-3 signal transduction mechanism is still unknown (Andrews et 

al., 2018). Following TCR engagement, LAG-3 associates with the TCR:CD3 

complex and negatively regulates T cell proliferation. In resting T cells, LAG-3 is 

degraded within the lysosomal compartments. Therefore, LAG-3 is transiently 

expressed at the surface of activated T cells, in which it is rapidly translocated to 

the cell surface following T cell stimulation (Le Mercier, Lines and Noelle, 2015). 

The first in vitro study by Huard et al. (1994) demonstrated that a LAG-3 blockade 

by a specific antibody resulted in increased T cell proliferation. LAG-3 was found 

to be highly expressed on T cells and Tregs from myeloma patients and 

myeloma-bearing mice (Kawano et al., 2018). Woo et al.  showed that the dual 

blockade of LAG-3 and PD-1 in different murine tumour models resulted in tumour 

growth inhibition, which was resistant to single antibody treatment (Woo et al., 

2013). 

 

1.7.2 Co-stimulatory immune checkpoints 

1.7.2.1 Inducible costimulator (ICOS) 

ICOS is a member of the CD28 family of costimulatory molecules. Following T 

cell activation, ICOS binds to its ligand (ICOSL) and initiates the signalling 

cascades that are required for T cell response, such as growth, proliferation, and 

survival. Like CD28, ICOS signals through the recruitment of PI3K to its SH2 

domain and downstream activation of the MAP kinases. It has been described 

that ICOS interactions with ICOSL on APCs promotes T cell proliferation and Th2 

differentiation. This is through IL-4 secretion and the upregulation of Nuclear 

Factor of Activated T Cells 1 (NFATc1) and musculoaponeurotic fibrosarcoma (c-
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Maf) transcription factors. Additionally, ICOS ligation can also promote Th1, 

Th17, and T follicular helper (Tfh) responses, depending on the context of the 

inflammatory response directed by signals in the environment (Simpson, 

Quezada and Allison, 2010). 

 

1.7.2.2 Glucocorticoid-induced tumour necrosis factor (TNF) receptor 

related gene (GITR) 

GITR is a member of the TNF receptor superfamily. It is found to be expressed 

in low levels on naïve T cells. However, Treg cells constitutively express GITR. 

Upon activation, naïve T cells upregulate GITR 24–72 hours after the initial 

stimulus, with expression lasting for several days. GITR does not play a main role 

in early T cell priming, but rather, it exerts its effects at later time points. This is 

supported by findings that GITR-knockout mice have intact T cell development 

and display relatively normal priming (Yancey et al., 2012). The GITR ligand 

(GITR-L) is expressed by APCs and activated T cells. The ligation of GITR on T 

cells activates protein kinase (MAPK) pathway. In melanoma mouse model, 

agonist anti-GITR monoclonal antibody resulted in a higher T effector:Treg ratio 

and enhanced tumour CD8 T cell activity (Cohen et al., 2010). 

 

1.8 Aims of thesis 

This project focuses on increasing our understanding of the bone marrow immune 

microenvironment of patients with MM, from diagnosis to post-ASCT, to inform 

immune therapy strategies that will help to improve patient outcomes.  

Specific aims:  

1. To investigate the expression of immune checkpoints on bone marrow T cells 

in newly diagnosed myeloma patients.  

2. To correlate T cell suppressive factors with clinical outcomes of newly 

diagnosed myeloma patients. 

3. To examine T cell immune reconstitution post-ASCT and correlate with clinical 

outcomes. 

4. To optimise a CyTOF panel to be used for BM samples from MM patients. 
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Chapter 2. Materials and Methods 

 

2.1 Patient bone marrow aspirates 

Bone marrow (BM) aspirates were obtained from patients with MM at University 

College Hospital Macmillan Cancer Centre, with written informed consent in 

accordance with the approval of the National Research Ethics Service (NRES) 

Committee (REC reference: 07/Q0502/17). BM samples were collected from 

newly diagnosed, 3 months post-ASCT, and 6-12 months post-ASCT MM 

patients. The patient characteristics are detailed in Tables 3.1, 5.1, and 5.2. All 

BM samples were collected in ethylenediamine-tetraacetic acid (EDTA) 

vacutainer tubes, and processed within 24 hours.  

 

2.1.2 Clinical data 

The clinical data for MM patients was collected by Dr Selina Chavda, Dr Oliver 

Cohen, and Dr Huw Richards. The depth of response was classified in 

accordance with the International Myeloma Working Group uniform response 

criteria. The stage was identified using R-ISS. Patients were considered to have 

adverse risk disease if fluorescent-in-situ-hybridisation (FISH) studies 

demonstrated one of the following abnormalities: t(4,14), t(14,16), t(14,20), and 

del(17p). 

 

2.1.3 Healthy donor bone marrow aspirates 

Control BM aspirates were collected from healthy volunteers undergoing BM 

harvesting with the Anthony Nolan, and subjects undergoing BM sampling at 

University College Hospital Macmillan Cancer who had no haematological 

diagnosis after written informed consent in accordance with the approval of 

Research Ethics Committee (REC refence: 15/YH/0311). Table of characteristics 

of heathy donors is shown in Appendix 1. The healthy donors are not age 

matched, and it was difficult to obtain BM aspirates from age matched donors for 

this study. 



56 
 

 

2.2 Processing of primary MM bone marrow mononuclear cells 

2.2.1 Isolation of primary mononuclear cells from bone marrow aspirates 

The BM sample was passed through a 40µm cell strainer and washed with 

SepMate buffer (PBS + 2% FBS), and made up to a total volume of 10mls. The 

solution was then added to a SepMate tube (85415; STEMCELL) containing 3mls 

of Ficoll-Paque media and centrifuged at 1200 x g for 10 minutes at room 

temperature, with the brake on. The top layer, containing the enriched 

mononuclear cells (MNCs), was poured off into a new falcon tube. The enriched 

MNCs were then washed twice with SepMate buffer at 300 x g for 8 minutes at 

room temperature, with the brake on. The supernatant was then discarded, and 

the pellet resuspended in FBS for cell counting. 

 

2.2.2 Trypan blue exclusion 

This assay was used to determine the number of viable cells in a cell suspension. 

The blue dye penetrates dead cells which don’t have an intact cell membrane, 

and stains the cytoplasm so the cells appear blue. In contrast, live cells with an 

intact cell membrane exclude the blue dye. The cells were resuspended in a 

known volume and a 1:10 or 1:100 dilution was prepared. The cell suspension 

was mixed with equal volume of 0.4% trypan blue. 10μl of trypan blue cell 

suspension was then applied to haemocytometer. The number of viable cells was 

determined by counting live cells of the 4 quadrants by light microscopy. The 

number of live cells was divided by 4 and adjusted for the dilution factor. 

 

2.2.3 Cryopreservation of primary mononuclear cells 

Mononuclear cells were frozen to be later stained with flow panels. Cells were 

resuspended in 100%FBS at 1x106 per ml and placed on ice. Equal volume of 

freezing media (80%FBS+20%DMSO) was added slowly and drop-wise with 

gentle agitation on ice over five minutes. Cells were then stored in cryovials 

(maximum 10X106 cells in 1 vial), placed in a freezing chamber (Mr Frosty), and 
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moved to be frozen at a −80°C freezer to achieve a rate of cooling very close to 

-1°C/minute overnight. The cryovials were then moved to a liquid nitrogen tank. 

 

2.2.4 Thawing of primary mononuclear cells 

Cells in cryovials were moved out of the liquid nitrogen tank and thawed in a 37°C 

water bath. Cells were washed one time with complete media (RPMI+10%FBS), 

1ml of complete media was added drop-wise with gentle agitation to the cells in 

a falcon tube, then 9 ml of RPMI media was added to the cells. Cell were then 

centrifuged at 1500 xg for 5 minutes at room temperature. 
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2.2.5 Reagents  

The commonly used reagents are shown in Table 2.1. 

Table 2.1: Commonly used reagents. 

Reagent Catalogue 
number 

Manufacturer 

Fetal bovine serum (heat inactivated) 
(FBS) 

10500-064 Gibco 

Bovine serum albumin (BSA) A2058 Sigma Aldrich 

RPMI1640 (with Lglutamine) (RPMI) BE12-702F Lonza 

Penicillin/Streptomycin (P/S) 15140-122 Gibco 

0.4% Trypan blue T8154 Sigma Aldrich 

Ficoll-Paque PLUS 17-1440-03 GE 
Healthcare 

Dulbecco’s Phosphate-Buffered Saline 
(PBS) 

21-031-CVR Corning 

Dimethyl sulfoxide (DMSO) D8418 Sigma Aldrich 

BD Golgi Plug 555028 BD 
Biosciences 

HEPES solution  7365-45-9 Sigma Aldrich 

EDTA solution 60-00030-10 pluriSelect 

Phytohaemagglutinin (PHA)  L2769 Sigma Aldrich 

Soluble anti-CD3 (OKT3)  170-076-116 Miltenyi 
Biotec 

Soluble  anti-CD28 (15E8) 170-076-117 Miltenyi 
Biotec 

Ultra comp Beads  01-2222-42 eBioscience 

Fixation/Permeabilization Concentrate  00-5523-00 eBioscience 

Fixation/Permeabilization Diluent 00-5523-00 eBioscience 

Permeabilization Buffer 00-5523-00 eBioscience 
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2.2.6 Plasticware and equipment 

• 5ml, 10ml and 25ml stripettes (Rainin) 

• 5ml polypropylene and polystyrene FACS tubes (FALCON) 

• 0.5ml and 1.5ml sterile and RNase free micro tubes (STARLAB) 

• 15 and 50ml conical tubes (FALCON) 

• TC-treated 24 well plates (Costar) 

• TC-treated 48 well plates (Costar) 

• 96 well plate (Thermo scientific) 

• 40 μm cell strainers (miltenyi biotec) 

 

2.3 Flow cytometric analysis 

2.3.1 Antibodies and reagents 

• Buffers and solution preparation: 

• FACS (fluorescence-activated cell sorting) buffer - PBS with 0.5% BSA. 

• Foxp3 Fixation/Permeabilization working solution (FoxPerm) was 

prepared by mixing 1 part of Foxp3 Fixation/Permeabilization Concentrate 

with 3 parts of Foxp3 Fixation/Permeabilization Diluent. 

• 1X working solution of Permeabilization Buffer (Foxwash) was prepared 

by mixing 1 part of Permeabilization Buffer (10X) with 9 parts of distilled 

water. 

The flow cytometry antibodies used are shown in table 2.2.  

T cell panels 1 and 2 are shown in Table 2.3 and 2.4, and myeloid panel in Table 

2.5. 
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Table 2.2: Table showing anti-human flow cytometry antibodies used in flow 

staining.  

Target antigen Catalogue 
number 

Supplier 

PD-1 Q605 329924 Biolegend 

CD4 Q655 317436 Biolegend 

CD3 BV785 317330 Biolegend 

ICOS APC 313510 Biolegend 

CD25 Q655 302634 Biolegend 

Streptavidin APC 405243 Biolegend 

Streptavidin PE-Cy7 405206 Biolegend 

CD11b PerCP-Cy5.5 
 

301328 Biolegend 

CD33 APC 366606 Biolegend 

CD3 Q605 83-0037-42 Biolegend 

CD38 PE-Cy7 356608 Biolegend 

IL-2 APC 500309 Biolegend 

CD69 BV605 310937 Biolegend 

GzmB v450 561151 BD 
Biosciences 

CD8 V500 561617 BD 
Biosciences 

Ki-67 FITC 556026 BD 
Biosciences 

CD14 PE-CY7 557742 BD 
Biosciences 

FOXP3 PerCP-Cy5.5 45-4776-42 eBioscience 

CTLA-4 PE 12-1529-42 eBioscience 

Fixable Viability Dye eFluor 780 65-0865-18 eBioscience 

CD4 AF700 56-0048-41 eBioscience 
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HLA-DR 12-9952-42 eBioscience 

INFG PE 12-7319-42 eBioscience 

TNFA FITC 11-7349-41 eBioscience 

LAG-3 Biotinylated BAF2319 R&D 
systems 

GITR Biotinylated 130-092-886 Miltenyi 

 

 

Table 2.3. Flow cytometry staining T cell panel 1. Table showing anti-human flow    
cytometry antibodies used in staining panel 1. 

Antigen Fluorophore 

GzmB v450 

CD8 v500 

PD-1 Q605 

CD4 Q655 

CD3 BV785 

Ki67 FITC 

FoxP3 PerCP-Cy5.5 

CTLA-4 PE 

Streptavidin PE-Cy7 

ICOS APC 

Viability eFluor 780 

LAG-3 Biotin 
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Table 2.4. Flow cytometry staining T cell panel 2. Table showing anti-human 
flow cytometry antibodies used in staining panel 2. 

Antigen Fluorophore 

GzmB v450 

CD8 v500 

CD25 Q655 

CD3 BV785 

Ki67 FITC 

FoxP3 PerCP-Cy5.5 

HLA-DR PE 

CD38 PE-Cy7 

Streptavidin APC 

CD4 AF700 

Viability eFluor 780 

GITR Biotin 

 

 

Table 2.5. Flow cytometry staining myeloid panel. Table showing anti-human flow 
cytometry antibodies used in myeloid panel.  

Antigen Fluorophore 

CD3 Q605 

CD15 Pacific blue 

CD11b PerCP-Cy5.5 

HLA-DR PE 

CD14 PE-Cy7 

CD33 APC 

Viability eFluor 780 
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2.3.2 Detection of surface and intracellular markers by flow cytometry 

Cells were thawed and washed with RPMI for 10 minutes at 1500rpm, 

resuspeneded in 180μl of FACS buffer and transferred to 96 well plate. The plate 

was then centrifuged at 2000rpm for 2 minutes. Cells were stained for surface 

markers by resuspending the cells in 50μl of extracellular master mix. Cells were 

incubated for 30 minutes on ice in the dark. Cells were then washed 3 times with 

FACS buffer. The secondary antibody was added to the cells for 15 minutes. Cells 

were then washed 3 times with FACS buffer. Cells were resuspeneded in 100μl 

FoxPerm buffer and incubated for 20 minutes on ice in the dark. Cells were 

washed 3 times with FoxWash. Finally, for the intracellular staining the cells were 

resuspeneded in 50μl of intracellular mastermix for 30 minutes on ice in the dark. 

Cells were washed 3 times with FoxWash. Cells were then resuspeneded in 

200μl of FACS buffer. Flow cytometry was performed using BD LSR Fortessa. 

 

2.3.3 Compensation 

When using multiple fluorophores in T cell panels, there may be spillover of 

fluorophores into adjacent channel. In order to correct this spillover, 

compensation is required. Compensation was done using single stain Ultra Comp 

beads.  Beads contain positive and negative populations. For each fluorophore 

used in the panels, a compensation tube was prepared by adding 1μl of the 

antibody to 25μl compensation beads and 400μl FACS buffer for 10 minutes at 

room temperature. Compensation was calculated automatically using FACs Diva 

and FlowJO software. 

 

2.3.4 FlowJo analysis and gating strategy 

All samples were gated on Flowjo V.10, as shown in Figure 2.1. As mentioned in 

Chapter 1, Treg cells express FoxP3, which is required for their suppressive 

function. Therefore, FoxP3 is considered a specific marker for Treg cells. In this 

project, Treg cells are identified as CD3+CD4+ FoxP3+ cells and CD3+CD4+ 

FoxP3- cells are considered to be CD4 effectors, which include all CD4 subsets: 
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Th1, Th2, and Th17 cells. Finally, the CD8+ effector cells are gated as 

CD3+CD8+ FoxP3-. 

 

 

Figure 2.1: FACS plots showing gating strategy used for all BM MNCs stained 
with T cell panel 1 and 2. 
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For gating co-activation and co-inhibitory receptors, CD3 negative population was 

used as a negative gate for PD-1, CTLA-4, and ICOS. CD3 negative population 

was positive for GzmB, Ki-67, and LAG-3. The gating is shown in Figure 2.2A. 

These gates were then applied to T cell subsets (Tregs, CD4 effectors, and CD8 

T cells Figure 2.2B). 

 

 

 

 

Figure 2.2: Gating of co-inhibitory and co-activation receptors. (A) 
Representative dot plots showing the gating of positive and negative of the co-
inhibitory and co-stimulatory checkpoint molecules, all pre-gated on 
lymphocytes>live>singlets>. (B) Representative dot plots showing the positive 
and negative gate of the co-inhibitory and co-stimulatory checkpoint molecules 
on CD4+FoxP3- (CD4 effectors), CD4+FoxP3+ (Tregs), and CD8+ cells. 

  

A 
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Figure 2.2: Gating of co-inhibitory and co-activation receptors. (A) 
Representative dot plots showing the gating of positive and negative of the co-
inhibitory and co-stimulatory checkpoint molecules, all pre-gated on 
lymphocytes>live>singlets>. (B) Representative dot plots showing the positive 

B 
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and negative gate of the co-inhibitory and co-stimulatory checkpoint molecules 
on CD4+FoxP3- (CD4 effectors), CD4+FoxP3+ (Tregs), and CD8+ cells.  
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2.3.5 Validation of immune checkpoints stability on cryopreserved MNCs 

Validation of fresh and post-thaw MNC was performed to compare fresh and post-

thaw expression levels of all markers in the T cell panels to check the stability of 

the co-activation and co-inhibitory receptors and their ability to tolerate the 

freezing and thawing process. The results showed no difference in the expression 

of all extracellular and intracellular proteins stained in the T cell panels (Figure 

2.3). 
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Figure 2.3: Fresh and post thaw MNCs stained with T cell panels and 
analysed by flow cytometry for the expression of immune checkpoint 
markers. (A) PD-1, LAG-3, and ICOS expression levels on CD4 effectors 
(CD4+FOXP3-). (B) GzmB expression on CD8 effectors (CD8+FOXP3-). (C) 
CD25 and CTLA-4 expression levels on fresh and post-thaw Treg cells 
(CD4+FOXP3+). (n=3). FACS plots of one representative sample are shown.  
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2.3.5 Flow cytometry data analysis 

Raw FCS files were processed using a custom-made pipeline, Cytofpipe 

(https://github.com/UCL-BLIC/cytofpipe), this pipeline was developed at the UCL 

Cancer Institute. The methods underneath this pipeline are based on available R 

packages, mainly cytofkit (https://github.com/JinmiaoChenLab/cytofkit). 

To run flow FCS files in the pipeline, the module needs to be downloaded in 

legion:  

‘$ module load blic-modules  $ module load cytofpipe’.   

Cytofpipe assumes that doublets and live negative events were removed before 

analysis. Therefore, all flow FCS files were gated on singlets and live cells using 

FlowJo V.10 before running on the pipeline. In the pipeline, all compensated FCS 

files are merged first, and data will be downsampled according to specification in 

config file (Figure 2.4). Then, clustering is performed to detect cell types. Finally, 

the high dimensional flow data is visualized into a two-dimensional map with 

colors representing cell type. Additionally, the pipeline generates heatmaps to 

visualize the scaled expression for each marker in each cell type to aid with cell 

population identification. 
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Figure 2.4: Example of config file used in Cytofpipe. For flow data, marker 
expression values are transformed using the autoLgcl transformation from 
cytofkit, and a fixed number of 10,000 cells are randomly sampled from each FCS 
file and merged for analysis. For UMAP visualization, the default number of 
iterations and perplexity parameter are set to 1000 and 30 respectively. Cell 
populations are identified using FlowSOM as clustering method, with k=15 as 
predefined number of clusters. 
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2.4 Cytokine production experiments 

Functional assessment of cytokine production by T cells was performed by flow 

cytometry. First, validation of the cytokine panel was performed using two 

stimulation conditions. BM MNCS from two normal BM donors were thawed and 

cultured at 37oC for 24 hours at 0.5x106 cells/mL in complete media (RPMI, 

20%FBS, and 1%Penicillin/Streptomycin), then incubated at 37oC with either 

soluble anti-CD3 (OKT3) and anti-CD28 (15E8; obtained from Miltenyi Biotec) at 

0.5 μg/ml, or PHA (5ug/ml; Sigma Aldrich). GolgiPlug (1 μl/ml, BD Biosciences) 

was added after 24 hours of stimulation and cells incubated overnight. After 48 

hours stimulation, the cells were washed with complete media and then stained 

with cytokine flow panel (Figure 2.5 A). Cells were stained for surface markers, 

CD4-Q655 (EH12.2H7), CD8-V500 (SK1) (BD Biosciences), CD69-Q605 (FN50) 

(Biolegend), and fixable viability dye-e780 (eBioscience). For staining for 

intracellular markers, cells were fixed/permeabilized using the FoxP3 

Transcription Factor Staining Buffer Set (eBioscience) as described in section 

2.3.2, then stained with anti-human antibodies against TNF-alfa-FITC (MAb11), 

IFN-gamma-PE (4S.B3), FoxP3- PerCP-Cy5.5 (eBioscience), and IL-2-APC 

(MQ1-17H12) (Biolegend).  

FACS plots from one representative donor are shown in Figure 2.5. The results 

indicated that CD69 increased upon stimulation with both conditions in CD4 

effectors (CD4+FoxP3-) and CD8 T cells, as well as TNF-alpha, INF-gamma, and 

IL-2.  No difference in the level of IL-2 and INF-gamma in CD69+ CD4 effectors 

and CD69+CD8 T cells between stimulation conditions. When using anti-CD3 

and anti-CD28, CD69+ CD4 effectors in one donor (Figure 2.5B), and CD8 

(Figure 2.5.C) produced more TNF-alpha compared to PHA stimulation.  

To investigate the cytokine production in CD4 effectors and CD8 T cells from 

patients with CD4effPD-1lo and CD4effPD-1hi. Five cryopreserved BM MNCs from 

each group were thawed and cultured at 0.5x106 cells/mL in complete media at 

37oC with soluble anti-CD3 and anti-CD28 (0.5 μg/ml). GolgiPlug (1 μl/ml, BD 

Biosciences) was added for last 4 hours of incubation, cells were washed with 
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complete media and then stained for surface and intracellular markers in the 

cytokine panel.  

 

 

Antigen Fluorophore 

CD8 v500 

CD4 Q655 

CD69 Q605 

TNF-alfa FITC 

FoxP3 PerCP-Cy5.5 

INF-gamma PE 

IL-2 APC 

Viability eFluor 780 

 

Figure 2.5: Validation of cytokine panel. (A) Cytokine panel.  
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Figure 2.5: Validation of cytokine panel. (A) Cytokine panel. (B) FACS plots 
from one representative donor showing CD69, TNF-alpha, INF-gamma, and IL-2 
in CD4 effectors (CD4+FOxP3-), and (C) CD8 T cells following 48 hours 
Stimulated with either soluble anti-CD3 or anti-CD28 at 0.5 μg/ml, or PHA at 
5ug/ml. 
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Figure 2.5: Validation of cytokine panel. (A) Cytokine panel. (B) FACS plots 
from one representative donor showing CD69, TNF-alpha, INF-gamma, and IL-2 
in CD4 effectors (CD4+FOxP3-), and (C) CD8 T cells following 48 hours 
Stimulated with either soluble anti-CD3 or anti-CD28 at 0.5 μg/ml, or PHA at 
5ug/ml. 

C 
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2.5 CTV proliferation assay  

Cell Trace Violet (CTV) can be used for in vitro labelling of cells to assess the 

extent of cell division using dye dilution by flow cytometry. First, 20µl DMSO was 

added to the vial of CTV provided in the CellTrace™ Violet Cell Proliferation Kit 

(ThermoFisher) to generate 5µM CTV solution. Cells were resuspended at 

1x106/ml in PBS and labelled with 1µM CTV followed by 15 minutes incubation 

at room temperature. Then, the cells were centrifuges at 400g for 5 minutes at 

room temperature. Next, 5 volumes of complete medium was added, followed by 

2 washes. Cells were then resuspended in 1ml pre-warmed complete media and 

incubated for 10 minutes at room temperature. To determine the optimal 

stimulation condition to examine T cell proliferation, BM MNCs from MM patient 

at 3 months post-ASCT were labelled with 1µM CTV and stimulated with anti-

CD3 at different concentrations (0.05 ug/ml, 0.1 ug/ml, and 0.5 ug/ml), PHA 5 

ug/ml, and SEB o.1 ng/m, and as mentioned in chapter 5, CD8 proliferation using 

anti-CD3 0.05 ug/ml was chosen for the in vitro CTV assay. In order to examine 

the effect of LAG-3 blocking antibody on CD8 T cell proliferation, BM MNCs from 

3 patients at 3 post-ASCT were labelled with 1µl CTV as described above, then 

stimulated with anti-CD3 (0.05 μg/ml), and 10 μg/ml 174 LAG-3 antibody (IgG1; 

AdipoGen life sciences) which is reported to inhibit LAG-3/MHC class II 

interactions (Maçon-Lemaître and Triebel 2005) or IgG1 isotype control 

(Biolegend) were added, and cells were incubated for 4 days at 370C. Then cells 

were stained with CD8-V500 (SK1) (BD Biosciences), and fixable viability dye-

e780 (eBioscience) to examine CD8 T cell proliferation using 174 LAG-3 blocking 

antibody compared to isotype control. 
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2.6 Cell sorting 

Cell sorting was performed on post thawed MNCs. Cells were thawed as 

described in section 2.2.4. Cells were washed once with complete media, then 

counted and resuspended in 1x106 /ml. For cells to be sorted according to cell 

surface marker expression, cells were stained with CD3, CD4, CD8, and viability. 

Cells were incubated at 4°C for 30 minutes. Following this the cells were washed 

once with FACS buffer. Then, the cells were resuspended in 500μl of sorting 

buffer (PBS+2%FBS+2Mm EDTA solution+25mM HEPES solution) and filtered 

with a 40μM strainer before sorting. 

Cell sorting was performed on BD FACS Aria by William Day and George Morrow. 

Cells were selected as a sorted population after doublet exclusion and live cell 

gating by FSC/SSC. Cells were sorted as CD3+CD4+ population or 

CD3+CD8+population. Sorted cells were collected directly into pre-prepared 

eppendorf tubes containing 200μl FBS. Following sorting these cells were 

counted and ice-cold PBS was added to wash the cells for 20 minutes at 400g. 

Then the supernatant was removed and the pellet was resuspended in 100 μl of 

BL + TG buffer (Table 2.6). The tube was immediately put on dry ice. Once the 

pellet was frozen, it was transferred and stored in -80°C freezer for later RNA 

extraction (within one week). 
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2.7 RNA extraction 

Reagents provided by ReliaPrep™ RNA Cell Miniprep System (promega): 

• BL Buffer (contains 4M Guanidine thiocyanate 0.01M Tris (pH 7.5)) 

• Column Wash Solution 

• DNase I 

• MnCl2, 0.09M 

• Yellow Core Buffer 

• RNA Wash Solution 

• Thioglycerol 

• Nuclease-Free Water 

 

Table 2.6: Table showing preparation of reagents used for RNA extraction.  

Reagent preparation 

TG+BL Buffer 325μl of Thioglycerol was added to 32.5ml of 
BL buffer  

DNase incubation mix 24μl of Yellow Core Buffer+ 
3μl 0.09M MnCl2+ 

3μl of DNase I enzyme. 

RNA Wash Solution 60ml of 95% ethanol was added to the bottle 
containing 35ml of concentrated 

RNA Wash Solution 

Column Wash Solution 7.5ml of 95% ethanol to the bottle 
containing 5ml of concentrated 

Column Wash Solution 
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RNA extraction was performed using ReliaPrep™ RNA Cell Miniprep System 

(promega) as per the manufacturer’s instruction. The cell lysate was thawed and 

Isopropanol was added and mixed by vortexing for 5 seconds. The lysate was 

then transferred to a ReliaPrep™ Minicolumn and centrifuged at 12,000–14,000 

× g for 30 seconds at 20–25°C. Then the ReliaPrep™ Minicolumn was removed 

and the liquid in the collection tube was discarded. The ReliaPrep™ Minicolumn 

was then placed back into the collection tube. 500µl of RNA wash solution was 

added to the ReliaPrep™ Minicolumn. The sample was then centrifuged at 

14,000 × g for 30 seconds. The collection tube was emptied. 30µl of freshly 

prepared DNase I incubation mix was applied directly to the membrane inside the 

column and incubated for 15 minutes at room temperature. Following this, 200µl 

of column wash solution was added, before the sample was centrifuged at 14,000 

× g for 15 seconds. 500µl of RNA wash solution was added and sample was 

centrifuged at 14,000 × g for 30 seconds. The ReliaPrep™ Minicolumn was 

placed into a new collection tube. 300µl of RNA wash solution was added and 

the sample was centrifuged at high speed for 2 minutes. Finally, the ReliaPrep™ 

Minicolumn was transferred from the collection tube to the elution tube, Nuclease-

Free Water was added to the membrane, and the sample was centrifuged at 

14,000 × g for 1 minute. The Elution tube containing the purified RNA was store 

at –80°C. 

 

2.8 RNA sequencing and analysis 

RNA sequencing was performed by Dr Tony Brooks at the UCL Institute of Child 

Health. RNA integrity was confirmed using Agilent’s 2200 Tapestation. Samples 

were processed using the SMART-Seq v4 Ultra Low Input RNA Kit (Clontech 

Laboratories, Inc.). Briefly, cDNA libraries were generated using the SMART 

technology which produces full-length PCR amplified cDNA starting from small 

amounts (5ng) of total RNA. 11 cycles of PCR were used to generate cDNA. The 

amplified cDNA was checked for integrity and quantity on the Agilent Bioanalyser 

using the High Sensitivity DNA kit. 200pg of cDNA was then converted to 

sequencing library using the Nextera XT DNA protocol (Illumina, San Diego, US). 
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This uses a transposon able to fragment and tag double-stranded cDNA 

(tagmentation), followed by a limited PCR reaction (12 cycles) which adds sample 

specific indexes to allow multiplex sequencing. 

Libraries to be multiplexed in the same run are pooled in equimolar quantities, 

calculated from Qubit and Tapestation fragment analysis. Samples were 

sequenced on two lanes of the HiSeq 3000 instrument (Illumina, San Diego, US) 

using a 75bp paired end run, generating 533M read pairs in total. This would 

make the average 27M read pairs per sample. 

The analysis was performed by Dr Lucia Conde, and Dr Ehsan Ghorani from the 

Immune Regulation and Tumour Immunotherapy Research group. RNAseq data 

were processed with a modified version of the nextflow nf-core RNAseq pipeline 

(https://github.com/nf-core/rnaseq). Specifically, reads were aligned against 

hg19 with STAR v2.5.2a. Read counts per gene were generated with 

featureCounts v1.6.2 and used for differential gene expression analysis, which 

was carried out in the R statistical programming environment (version 3.4.3) with 

the package DESeq2(Love, Huber, and Anders 2014). Genes were ranked by 

their Wald statistic and the package fgsea(Sergushichev 2016) was used for 

preranked gene set enrichment analysis (GSEA)(Subramanian et al. 2005). 

GSEA was run on the MSigDB C2 gene set 

(http://software.broadinstitute.org/gsea/msigdb/; Kegg and Reactome) and 

previously reported sets of genes differentially expressed by dysfunctional 

CD4(Crawford et al. 2014; Shin et al. 2018; Tilstra et al. 2018) and CD8 T cells 

(Guo et al. 2018; Zheng et al. 2017).   

 

 

2.9 Immunohistochemistry 

Multiplex immunohistochemistry (IHC) was performed by Dominic Patel at UCL 

department of Histopathology on the Leica BOND Rxm to stain for CD138 (MI15, 

2.7 ug/ml, Dako), CD4 (4B12, 6.6 ug/ml, Novocastra), and FoxP3 (PCH101, 5 

ug/ml, eBioscience). 

http://software.broadinstitute.org/gsea/msigdb/collections.jsp
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The tissue sections were incubated in BOND Epitope Retrieval Solution 2 for 20 

minutes and stained with CD4 using the BOND Polymer Refine Detection kit with 

15 minutes of antibody incubation. This was followed by CD138 incubation for 15 

minutes using the BOND Polymer Refine Red Detection kit. FoxP3 was lastly 

applied to the tissue, again for 15 minutes using the BOND Polymer Refine Red 

Detection kit however the blue chromogen was developed using HIGHDEF blue 

IHC Chromogen (AP) from Enzo. 

 

2.10 Statistical analysis 

Progression free survival (PFS) in chapter 3 was defined as time from start of first 

line therapy to first progression or death. PFS in chapter 5 was defined as time 

from ASCT to first progression or death. Disease progression was defined as per 

International Myeloma Working Group criteria (Rajkumar et al. 2011). Statistical 

analyses was performed with GraphPad Prism software (Prism 7). P values were 

calculated using Mann-Whitney U test. P value less than or equal to 0.05 was 

considered to be statistically significant.  PFS was estimated using Kaplan-Meier 

methods with use of the log-rank test. The percentage of a cell population 

expressing any given marker is designated as “frequency” (of that marker) within 

the relevant Treg, CD4 effector, or CD8 populations. 

In chapter 3, a multivariate Cox regression model was used to evaluate the 

independency of CD4 effector:Treg ratio and PD-1 frequency on CD4 effectors 

as prognostic factors among other variables. In chapter 5, multivariate Cox 

regression model was used to evaluate the independency of PD-1 frequency on 

CD4 effectors, Ki-67 frequency on CD8 T cells, and LAG-3 frequency on Tregs 

as prognostic factors among other variables. All P values <0.05 were considered 

statistically significant. 

To assess the association of surface and intracellular markers with key 

biomarkers (CD4 effector:Treg ratio and frequency of Treg cells), percentages of 

single and double marker positive cells in manually gated CD4 effectors, CD8 

and Treg cell populations were obtained using FlowJo. Lasso regression 

modelling (Tibshirani 1996) was performed using the glmnet R package 

(Friedman, Hastie, and Tibshirani 2010). Lasso analysis was performed by Dr 
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Lucia Conde. Kaplan-Meier survival curves were generated to examine the 

association of lasso selected markers and PFS. Unsupervised clustering of 61 

patients at 3 months post-ASCT was performed on the basis of the frequency of 

co-activation and co-inhibitory receptors on CD4 effectors, CD8, and Treg cells 

using the glmnet R package. The analysis produced unsupervised hierarchical 

clusters of patients and heatmap of the scaled T cell subsets expressing co-

inhibitory and co-activation receptors. 
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Chapter 3: Characterisation of immune checkpoints and activation markers 

on T cells in the bone marrow of newly diagnosed MM patients 

3.1 Chapter Introduction  

To date, several studies have highlighted the importance of T cells in the immune 

response to MM.  The presence of expanded myeloma-reactive CD8 T cells was 

found to correlate with improved clinical outcomes (Michalek et al., 2010). IL-18 

produced by the myeloma niche was found to promote MM progression through 

MDSCs in a CD8 dependent manner (Nakamura et al., 2018). CD4 T cells were 

reported to be decreased in the PB of patients with MM, and decreased numbers 

of CD4 T cells were associated with shorter survival (Miguel et al., 1992). 

Moreover, patients with MM were found to have a higher Th1/Th2 ratio due to a 

decrease in Th2 in the PB (Ogawara et al., 2005). Despite controversies in 

previous studies regarding the number and function of Tregs in patients with MM  

(Beyer et al., 2006; Prabhala et al., 2006; Muthu Raja et al., 2012), a recent study 

found Treg cells to be higher in number and expanded in the BM with disease 

progression (Kawano et al., 2018). Also, increased Th17 / Treg cell ratios were 

found in the PB of long survival MM patients, indicating that longer survival is 

associated with a distinct immune profile characterised by lower immune 

suppression (Bryant et al., 2013). The therapeutic success of IMiDs and 

daratumumab is not only due to their direct antiproliferative effects on myeloma 

cells but also due to their immunomodulatory effects; IMiDs have been found to 

modulate the immune microenvironment by enhancing T cell cytotoxicity (Gandhi 

et al., 2010; Luptakova et al., 2013), and reducing Tregs proliferation (Galustian 

et al., 2009). A study showed that daratumumab has immunomodulatory effects 

through the reduction of immune suppressive Treg cells expressing CD38, 

induction of cytotoxic T cell expansion, and increasing T cell clonality (Krejcik et 

al., 2016). Finally, a recent study reported that low lymphocyte count at diagnosis 

was associated with worse overall survival (Binder et al., 2019). 

Another critical factor that promotes tumour tolerance in MM is the expression of 

co-inhibitory immune checkpoint proteins on T cells, including PD-1 and LAG-3 

(Atanackovic, Luetkens and Kröger, 2014; Jing et al., 2017). The PD-1/PD-L1 

pathway is essential in the physiological setting for preserving the immunologic 
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balance following the initial T cell response, preventing over activation of T cells, 

and tissue damage. However, in the presence of malignancy, the upregulation of 

this pathway prevents the activation and function of tumour-reactive T cells, 

therefore promoting immune escape and tumour growth (Oliva et al., 2018). In a 

study by Rosenblatt et al. PD-1 was found to be highly expressed on PB T cells 

isolated from patients with advanced myeloma, whereas PD-1 expression was 

reduced on T cells in patients who achieve a minimal disease state following high-

dose chemotherapy (Rosenblatt et al., 2011). Moreover, chronic antigen 

stimulation, as described in a chronic murine LCMV infection, has been shown to 

induce the expression of multiple inhibitory checkpoint molecules on effector T 

cells in addition to PD-1. This co-expression was associated with a state of T cell 

dysfunction (Wherry et al., 2007). 

Building on the success of immunotherapy in a number of malignancies, 

immunotherapeutic strategies, such as  monoclonal blocking antibodies targeting 

the PD1/PD-L1 pathway, are currently being explored in MM (Agostino, 

Boccadoro and Smith, 2017). However, as a single agent, Nivolumab (anti-PD-

1) failed to show clinical benefit in 27 patients with relapsed MM (Lesokhin et al., 

2016). Therefore, this study is  looking to explore immune checkpoints as 

potential targets at the baseline setting where the immune microenvironment is 

less compromised by prior therapy, and there is a lower prevalence of acquiring 

drug resistance compared to relapse settings (Kortum et al., 2016).  

The key aims of this chapter are to (1) characterise the expression of co-

activation and co-inhibitory receptors on CD4 effectors, CD8, and Treg cells in 

the BM of newly diagnosed MM patients. (2) Correlate the expression of these 

markers with clinical outcomes of first-line therapy.  

In collaboration with Professor Sergio Quezada’s laboratory, multi-parametric 

flow cytometry panels were designed to investigate the expression of co-

inhibitory and co-activation proteins expressed on CD8+, CD4+FoxP3- (CD4 

effectors), and CD4+FoxP3+ (regulatory T cell) subsets in the BM of 78 newly 

diagnosed MM patients.  Three panels were used as described in chapter 2, 

tables 2.3, 2.4, and 2.5. 
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3.2 Results 

3.2.1 Clinical characteristics and PFS   

Seventy-eight newly diagnosed MM patients were identified, with median age 59 

years (35-86), 64.1% were male (Table 3.1). FISH defined genetic risk was 

available in 74 patients, of whom (15) 19.2% were adverse risk. All patients 

commenced active treatment, (68) 92.3% with proteasome inhibitor regimens, the 

rest thalidomide or lenalidomide, and (27) 34.6% underwent autologous stem cell 

transplant (ASCT).  

Response of patients to treatment is given in Table 3.1. Overall, 87.2% patients 

responded (PR or better response), while 53.8% achieved a complete 

response/very good partial response (CR/VGPR). PFS is a key endpoint for 

assessing clinical outcomes, including the benefit of treatment, in MM patients 

(Durie et al., 2006). Median follow up was 22 months (1-43), median PFS was 

not reached (NR). There was a trend for improved PFS with standard risk 

genetics (standard risk vs. high risk, p=0.075), ASCT (p=0.06), and in patients 

with deeper response (CR/VGPR vs. rest, p=0.09), while there was no effect of 

R-ISS stage on PFS (p=0.74) (Figure 3.1, and Appendix 2).  
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Table 3.1: Patient characteristics at diagnosis. 

Total number of patients at diagnosis  n=78 

Sex M 50(64.10%) 
F 25(32.01%) 
Unknown 3(3.85%) 

Median age  59 years (35-86) 

MM Isotype 
IgG 
IgA 
Light chain only 
Non-Secretory 
Unknown 

  
45(57.69%) 
12(15.38%) 
16(20.51%0 
1(1.25%) 
4(5.13%) 

R-ISS stage  
Stage I 
Stage II 
Stage III 
Unknown 

  
41(52.56%) 
24(30.77%) 
10(12.82%) 
3(3.84%) 

FISH 
Standard risk 
High risk 
Unknown 

  
59(75.64%) 
15(19.23%) 
4(5.12%) 

Induction therapy received 
Proteasome inhibitors (PIs) 
Immunomodulatory drugs (IMiDS) 
 
PIs and IMiDS 
 
Unknown 

  
68(87. 18%) 
3(3.85%), (Thalidomide n=2, 
Lenalidomide n=1) 
4(5.13%), (Thalidomide n=2, 
Lenalidomide n=2) 
3(3.85%) 

ASCT 27(34.62%) 

Depth of response to treatment  
CR/VGPR 
PR/SD/PD 
Unknown 

  
42(53.85%) 
31(39.74%) 
5(6.41%) 

Abbreviations: 

CR-complete response, VGPR- very good partial response, PR- partial response, 
SD-stable disease, PD-progressive disease. 

FISH-Fluorescence in situ hybridization, high risk is:  t(4,14), t(14,16), t(14,20), 
del(17p). 

PI: Proteasome inhibitor 

IMiDS: Immunomodulatory drugs 
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Figure 3.1: Effect of clinical features at diagnosis on PFS. Effect of genetic 
risk, ASCT, depth of response, and R-ISS stage on PFS.  
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3.2.1 BM of newly diagnosed MM patients contains higher frequencies of 

Treg cells 

First, the relative frequencies of T cell subsets in the BM of MM patients (n=78) 

were examined and compared to healthy donors (n=15). The median age of the 

healthy donors was 36 years (27-60), 53.3% were male (Appendix 1). There was 

no statically significant difference in CD3, CD4, and CD8 T cells (expressed as a 

percentage of MNCs) when compared to healthy donors (HD, Figure 3.2A). Treg 

cells (CD4+FoxP3+) were significantly higher in BM of MM patients compared to 

HD (0.51% of live MNCs, vs 0.07%; p<0.0001, 3.33% of CD4+ cells vs 1.13%; 

p= 0.0006) (Figure 3.2B). Treg cells identified as Foxp3+CD25+ were also 

significantly higher in BM of MM patients compared to HD (3.41% of CD4+ cells 

vs 1.27%; p=0.001) (Figure 3.2B). 

The balance between Tregs and effector T cells shapes the anti-tumour immune 

response (Arce Vargas et al., 2017), thus the ratio of effector T cells to Treg was 

determined for each patient. CD4 effectors (CD4eff) were defined as (CD4+ 

Fox3-) cells. The CD4eff:Treg ratio in MM patients was significantly lower when 

compared with HD (20.83 vs 140.2; p=<0.0001) (Figure 3.2C), this was also the 

case for the CD8:Treg ratio (36.34 vs 170.4; p=<0.0001) (Figure 3.2C). However, 

there was no significant difference in CD4:CD8 ratio between MM patients and 

HD (Figure 3.2C). The plasma cell percentage in the BM was available for 69 

patients. There was no correlation between Treg cells, CD4eff:Treg ratio or 

CD8:Treg ratio with the percentage of plasma cells in BM (Appendix 3).  
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Figure 3.2: T cell subsets in BM of MM patients. (A) Frequencies of CD3, CD4, 
and CD8 in in healthy donors (HD) and myeloma patients (MM). (B) Frequency 
of Treg cells. CD4+FoxP3+ cells as % of live MNCs (left), and as % of live CD4 
cells (middle panel) and FoxP3+CD25+ cells as % of live CD4 cells (right) in HD 
and MM. (C) CD4:Tregs ratio (left), CD8:Tregs ratio (middle), and CD4:CD8 ratio 
(right). Medians indicated. ***p < 0.001, ****p <0.0001. 

MM=Myeloma patients (n=78) 

HD=Healthy donors (n=15)  
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3.2.3 Higher frequency of Treg cells is associated with a shorter 

progression free survival  

Identifying Treg as CD4+FoxP3+ cells, MM patients with high frequency of Treg 

cells (>median) had significantly shorter progression free survival (PFS) when 

compared to MM patients with low frequency of Treg cells (≤median) (median 

PFS 23 vs unreached; p=0.021) (Figure 3.3A). The surv_cutpoint function from 

the ’survminer’ R package (https://github.com/kassambara/survminer) was used 

to determine the optimal cut off value for Treg frequency, and worked out this to 

be 3.31%, which is the median value. Similar findings were also seen when Tregs 

were identified as CD4+FoxP3+CD25+ cells (p=0.022, Appendix 4). 

Immune function is a balance between effector and suppressor cell activity; 

hence the ratio of CD4eff and CD8 to Treg numbers was examined. The patients 

with low CD4eff:Treg ratio (≤median) had significantly shorter PFS (25 months vs 

unreached for high CD4eff:Treg ratio (>median), p=0.005) (Figure 3.3B).  There 

was a weaker association of CD8:Treg ratio with PFS (p=0.067) (Figure 3.3B).  

Triple colour immuno-histochemistry (IHC) on BM trephine biopsies confirmed 

presence of Tregs in selected patients, although numbers were too small to 

undertake statistical analysis (Figure 3.3C).    
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Figure 3.3: Influence of Treg cells on PFS. (A) Frequency of Treg cells 
(CD4+FoxP3+ cells as % of CD4) in Treglo and Treghi (left), PFS in in Treglo and 
Treghi (middle panel), and dot plot (right) showing gating strategy for patient with 
Treghi (top) and Treglo (bottom). ****p <0.0001. (B) PFS in patients with high and 
low CD4eff:Treg ratio (left) and CD8:Treg ratio (right), defined as (>median vs ≤ 
median). (C) IHC staining of CD138 (red), CD4 (brown), and FoxP3 (blue) from 
one patient with Treghi (left) and one patient with Treglo (right). Magnification: 
×400. 

Treghi = patients with frequency of Treg >median 

Treglo = patients with frequency of Treg ≤ median 

CD4eff:Treg 
ratio 

CD8:Treg ratio 

C 

CD138 

CD4 

FoxP3 
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3.2.4 Immune checkpoints on Treg cells 

Next, Treg cells in the BM of MM patients were investigated to see if they are not 

only increased in proportion, but also phenotypically different compared to HD. A 

greater % of Treg cells from MM patients expressed CD25 compared to HD 

(p=0.043, MM patients n=43, HD n=12) suggesting higher level of activation of 

MM Tregs (Figure 3.4A), as CD25 expression is associated with Treg activity and 

suppressive function (Miyara et al., 2009). When compared with CD4 effectors 

and CD8 T cells, a greater fraction of Treg cells expressed CD25 (Figure 3.4B). 

There were no significant differences in frequencies of PD-1, LAG-3, CTLA-4, 

ICOS (MM patients n=78, HD n=15) or CD38 (MM patients n= 17, HD n=5, Figure 

3.4A), while there was a trend towards higher frequency of GITR on Tregs in MM 

patients (n=43) compared to HD (n=12) (p=0.053). These observations indicate 

that the Treg compartment in the BM of MM patients is not only proportionately 

but also qualitatively different from non-MM BM.  

Given the influence of absolute levels of Treg cells on clinical outcomes, the 

expression of immune checkpoint proteins were compared between patients with 

high Tregs (Treghi) and those with Treglo. Treg cells from Treghi patients express 

significantly higher frequency of PD-1 (p=0.039), and LAG-3 (p=0.026), while 

levels of ICOS, GITR, CD25 and CD38 were similar between these two groups 

of patients (Figure 3.5). A trend towards higher CTLA-4 levels in Tregshi did not 

reach statistical significance (p=0.0.051). These observations indicate that the 

Treg compartment in Treghi MM patients is not only quantitatively but also 

qualitatively different from patients with Treglo, and that these differences may 

have an impact on clinical outcomes. 
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Figure 3.4: Expression of co-inhibitory and co-activation receptors on Treg. 
(A) Frequency of PD-1, LAG-3, CTLA-4, ICOS, GITR, CD38, and CD25 on Treg 
cells (gated as CD4+FoxP3+) in HD and MM. (B) Frequency of CD25 on CD4 
effectors, CD8, and Tregs. Median lines indicated. *p < 0.05, ****p <0.0001. 

MM=Myeloma patients (n=43, CD25% and GITR%, n=17, CD38%, 78, rest) 

HD=Healthy donors (n=12, CD25% and GITR%, n=5, CD38%, and 15, rest) 
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Figure 3.5: Expression of immune checkpoints in Tregslo and Tregshi. 

Expression of co-inhibitory and co-activation receptors in patients with low (≤ 
median) and high (>median) Tregs presented as mean ±SEM, and spider plot on 
the right showing the mean. *p < 0.05.  
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3.2.5 Expression of immune checkpoint proteins distinguish CD4 and CD8 

effector cells in MM patients from those in healthy donors 

T cells in cancer are often described to be in a state of exhaustion, similar to 

those seen during chronic viral infection. The expression of PD-1, LAG-3, ICOS, 

GzmB, and Ki-67 was analysed on CD4 effectors (CD4+FoxP3-), and CD8 T cells 

in this cohort of newly diagnosed MM patients. Frequencies of LAG-3 and Ki-67 

were significantly higher on CD4 effectors from MM patients compared to HD 

(p=0.001, and p=0.009 respectively) (Figure 3.6A). No significant difference in 

PD-1, ICOS, CTLA-4, or GzmB, was seen between MM patients and HD (Figure 

3.6A). Similar to CD4 effectors, MM CD8 T cells expressed LAG-3 and Ki-67 at 

significantly higher frequencies compared to HD (p<0.0001, and p=0001 

respectively) (Figure 3.6B). In addition, a higher percentage of CD8 T cells from 

MM patients expressed PD-1 (p=0.045) and the cytotoxic granule GzmB 

compared to HD (p=0.01) (Figure 3.6B).  

There was no correlation between the expression of immune checkpoint proteins 

on CD4 effectors and CD8 T cells with plasma cell infiltration (Appendix 3). 

 

3.2.6 Percentage of PD-1 expressing CD4 effectors correlates with PFS   

Next, the effect of the co-inhibitory and co-activation receptors on CD4 effectors 

and CD8 effectors on clinical outcomes was examined. When patients were 

divided into two groups based on the frequency of PD-1 on CD4 effectors, MM 

patients with high frequency of PD-1(>median, termed CD4 effectors PD-1hi) had 

significantly shorter PFS compared to MM patients with low frequency of PD-1 

(≤median, CD4 effectors PD-1lo) (median 23 months vs NR; p=0.007) (Figure 

3.7A). In contrast, there was no correlation between frequency of PD-1 on CD8 

T cells and PFS (Figure 3.7A).  

There was no correlation between frequency of LAG-3, ICOS, and CTLA-4 on 

either CD4 effectors or CD8 T cells and PFS (Figure 3.7). Similarly, no correlation 

was found with Ki-67 or GzmB on either CD4 effectors or CD8 T cells and PFS 

(Figure 3.7).  
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Figure 3.6: Characterisation of co-activation and co-inhibitory markers on 
CD4 effectors and CD8 T cells. PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 
expression (as % positive) on (A) CD4 effectors and (B) CD8 T cells in HD and 
MM patients. *p < 0.05, **p < 0.01, ***p < 0.001, ****p <0.0001. 

MM=Myeloma patients (n=78) 

HD=Healthy donors (n=15)  
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Figure 3.7: Co-inhibitory and co-activation receptors on CD4 effectors and 
CD8 T cells and effect on PFS. PFS in patients with high (>median) and low (≤ 
median) frequency of (A) PD-1 on CD4 effectors (left), and on CD8 T cells 
(right).(B) LAG-3 on CD4 effectors (left), and on CD8 T cells (right) (C) ICOS on 
CD4 effectors (left), and on CD8 T cells (right) 
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Figure 3.7: Co-inhibitory and co-activation receptors on CD4 effectors and 
CD8 T cells and effect on PFS. PFS in patients with high (>median) and low (≤ 
median) frequency of (D) CTLA-4 on CD4 effectors (left), and on CD8 T cells 
(right).(E) GzmB on CD4 effectors (left), and on CD8 T cells (right) (F) Ki-67 on 
CD4 effectors (left), and on CD8 T cells (right) 

D 
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3.2.7 MM patients with CD4 effector PD-1hi have a distinct phenotype 

compared to CD4 effector PD-1lo 

Given the association with clinical outcomes, the CD4 effectors PD-1+ cell 

fraction in MM was examined  in more detail. The PD-1+ fraction of CD4 effectors 

in patients with high frequency of PD-1 on CD4 effectors (PD-1hi) co-expressed 

higher levels of LAG-3, CTLA-4 and GzmB compared to PD-1+ cells from patients 

with low frequency of PD-1 on CD4 effectors (PD-1lo) (p=0.0035, p=0.046, 

p=0.034 respectively) (Figure 3.8). Dual expression of PD-1 with other markers 

of  exhaustion in CD4 effectors PD-1hi patients suggests the existence of a 

dysfunctional fraction of CD4 effectors that has a negative impact on clinical 

outcomes.  

The CD8 compartrment in patients with CD4 effectors PD-1hi and PD-1lo was also 

investigated, the frequency of PD-1+ cells was significantly higher in patients with 

CD4 effectors PD-1hi (p<0.0001) compared to PD-1lo (Figure 3.8A). There was a 

strong postive correlation between PD-1 frequency on CD4 effectors and CD8 T 

cells, and also with Treg cell frequency (Figure 3.9A, B).   
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Figure 3.8: Phenotype characterisation of CD4 PD-1hi and CD4 PD-1lo. 
Frequency of PD-1+ CD4 effectors expressing LAG-3, CTLA-4, and GzmB (left), 
and dot plot (right) showing gating strategy for patient with CD4eff PD-1lo (top) 
and CD4eff PD-1hi (bottom). *p < 0.05, **p < 0.01. Error bars represent mean ± 
SEM. 
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Figure 3.9: Characterisation of co-activation and co-inhibitory markers in 
CD8 T cells in patients with CD4 effectors PD-1lo and PD-1hi. (A) Frequency 
of PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 on CD8 T cells in patients with 
CD4 effectors PD-1lo and PD-1hi (left) presented as mean ±SEM, and correlation 
between frequency of PD-1 on CD4 effectors and CD8 T cells (right). ****p 
<0.0001.(B) Correlation between frequency of Treg cells and PD-1+ on CD4 
effectors (left) and CD8 T cells (right). 

  



102 
 

 

3.2.8 CD4 effector:Treg ratio and frequency of PD-1 on CD4 effectors are an 

independent predictor of PFS   

A multivariate Cox regression model was built including genetic risk, ASCT, R-

ISS and depth of response, and the immune phenotypes identified above. In this 

model, CD4eff:Treg ratio retained independent prognostic value, along with 

frequency of PD-1 on CD4 effectors, genetic risk, ASCT, and depth of response 

(Figure 3.10).  

 

 

 

 

Figure 3.10: Effect of clinical and immunological features at diagnosis on 
PFS. Forest plot for multivariate Cox regression analysis showing hazard ratios 
(HR) and 95% confidence intervals for each parameter. 
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3.2.9 Immune checkpoint profiles predict progression free survival in MM 

Given the independent prognostic influence of CD4eff:Treg ratio on clinical 

outcomes in newly diagnosed MM, an exploratory analysis was carried out to 

investigate if this was being driven by particular immune checkpoint / co-inhibitory 

protein/s on CD4 cells. To do this, a lasso regression modelling was performed 

using CD4eff:Treg ratio as dependent variable, and a set of 36 single and dual 

marker expression of checkpoint proteins as independent variables. This 

revealed that GzmB+ICOS+ on CD4 effectors contributed to higher CD4eff:Treg 

ratio in MM patients. On the other hand, PD-1 and CTLA-4 on Treg cells was 

found to be the main driver of low CD4eff:Treg ratios and worse outcomes (Figure 

3.11A). These interesting findings led to an examination of the effect of these 

distinct antigen profiles on disease progression by K-M analysis. This revealed 

that MM patients with high dual expression of GzmB and ICOS on CD4 effectors 

(>median, termed GzmB ICOShi) had significantly longer PFS compared to MM 

patients with low levels of GzmB and ICOS on CD4eff (≤median, GzmB ICOSlo) 

(median not reached vs 39 months; p=0.0328) (Figure 3.11B). On the other hand, 

high dual expression of PD-1 and CTLA-4 on Treg cells (>median, termed PD-1 

CTLA-4hi) was associated with significantly shorter PFS compared to low dual 

expression of PD-1 and CTLA-4 (≤median, PD-1 CTLA-4lo) (median 25 months 

vs not reached; p=0.0156). Also, MM patients with high dual expression of PD-1 

and CTLA-4 on CD4 effectors (>median, termed PD-1 CTLA-4hi) had significantly 

shorter PFS compared to MM patients with low levels of PD-1 and CTLA-4 

(≤median, PD-1 CTLA-4lo) (median 25 months vs not reached; p=0.0353) (Figure 

3.11B). Finally, MM patients with high dual expression of PD-1 and LAG-3 on 

CD4 effectors (>median, termed PD-1+LAG-3hi) had significantly shorter PFS 

compared to MM patients with low levels of PD-1 and LAG-3 (≤median, PD-

1+LAG-3lo) (median 25 months vs not reached; p=0.016). These associations 

support the importance of immune checkpoint proteins as immune determinants 

of clinical outcomes in MM.  
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Figure 3.11: Immune checkpoints predict PFS in MM. (A) Lasso regularized 
regression method using CD4 effector:Treg ratio and frequency of Treg cells. (B), 
K-M curve for PFS in patients with high (>median) and low (≤ median) frequency 
of CD4 effectors GzmB+ICOS+ (left) and K-M curves for PFS in patients with high 
(>median) and low (≤ median) frequency of PD-1+CTLA-4+  on Treg cells (right) 
and CD4 effectors (bottom), and PD-1+LAG-3+ on CD4 effectors (right).  
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3.2.10 BM of newly diagnosed MM patients contains higher frequencies of 

M-MDSCs 

Increased number of immune suppressive MDSCs have been described in solid 

tumours and haematological malignancies including MM. Given the 

heterogeneous nature of MDSCs as reported in different malignancies, the gating 

strategy used was as described by Favaloro et al. study. (Favaloro et al., 2014). 

M-MDSCs in MM patients were first gated as CD3- cells, then CD33+ and 

CD11b+, which are MDSCs markers. The next gate was CD14+ and HLA-DR lo/ 

-, as the literature suggests that MDSCs are poor antigen presenting cells. The 

numerical differences in BM MDSCS between MM patients and HD was 

examined. The results showed M-MDSCs to be significantly higher in BM of MM 

patients compared to HD, both as % of live MNCs and of the CD3- population 

(p=0.0058, p=0.0026 respectively) (Figure 3.12B). Next, M-MDCs were 

correlated with PD-1 frequency on CD4 effectors.  The results showed a positive 

correlation (r=0.2) between the two cell populations (Figure 3.12C). However, 

there was no correlation between the frequency of M-MDSCs and Tregs (Figure 

3.12C). Collectively this data adds to the list of factors that contribute to 

immunological dysfunction in patients with MM.   

G-MDSCs identified as CD3-CD33+CD11b+ HLA-DR lo/- CD15+ have been 

examined in 17 MM patients. However, these cells are very low in frequency in 

both MM patients and HD (Appendix 5).   
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Figure 3.12: MDSCs in MM patients. (A) Gating strategy for MDSCs. (B) 
MDSCs as a percentage out of live MNCs (left), and as a percentage out of CD3- 
cells, and (C) correlation between M-MDSCs and frequency of PD-1 on CD4 
effectors (left), and correlation between M-MDSCs and frequency of Tregs (right). 
*p < 0.05. 

MM=Myeloma patients (n=31) 

HD=Healthy donors (n=13) 
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3.3 Chapter Discussion 

The results presented in this chapter suggest that PD-1 levels on CD4 effector 

cells, and the frequency of Treg cells in the BM have a significant correlation with 

outcomes of first-line therapy in newly diagnosed MM patients.  

The role of Treg cells in MM patients is still controversial. Consequently, this study 

attempted to characterise the Treg proportion and phenotype in the BM of newly 

diagnosed patients with MM. The data demonstrated higher frequencies of Tregs 

in the BM of MM patients compared to healthy donors, and corroborates other 

studies done in PB in which Treg cells were identified based on FoxP3 and CD25 

expression on CD4+ T cells (Beyer et al., 2006; Feyler et al., 2009) or FoxP3 

alone (Brimnes et al., 2010). However, other groups have found no increase in 

Treg cell frequencies in MM patients compared to healthy donors. These differing 

results may be due to the method of Treg cell identification, gating strategy, and 

subjectivity of CD25hi distinction. Prabhala et al. identified PB Treg cells as 

CD4+FoxP3+ (Prabhala et al., 2006). Gupta et al identified PB Treg cells with the 

inclusion of CD127 in their gating strategy (Gupta et al., 2011). On the other hand, 

Foglietta et al. identified BM Treg cells based on the CD4+CD25hiFoxP3+ and 

CD4+CD25+CD127lo FoxP3+ phenotypes (Foglietta et al., 2014). Another reason 

for variability in results may be different patient populations, those studied here 

were a uniform cohort of newly diagnosed and untreated MM patients. It is 

important to note that the absolute changes in BM cellularity are unavoidable. 

This study does not claim any differences in absolute cell numbers, but in 

proportions. Although it has its limitations, expressing the T cell populations as % 

of MNCs is closer to standardisation. Another point to note is that the range of 

Tregs is broad for MM patients compared to healthy donors. This could be due to 

the heterogenicity of the patient population. Tregs were defined by marker 

expression of FoxP3, therefore, it was not possible to report mean fluorescence 

intensity (MFI). However, the CD25 expression was uniformly high on Tregs.  

Myeloma cells have been shown to promote Treg expansion in vitro (Tai et al., 

2019) and in vivo  (Kawano et al., 2018). While there are published data on lower 

levels of circulating Tregs to be associated with long term survivors (Bryant et al., 

2013), and circulating Tregs predicting shorter time to progression (Muthu Raja 
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et al., 2012), this is the first study showing a correlation between Tregs in the BM 

at diagnosis and patient outcome. In this patient cohort, the median frequency of 

Tregs was used as a cut-off value, and was confirmed using ‘survminer’. 

However, this cohort specific cut-off value will need further confirmation by a 

larger validation cohort.  

The phenotypic characterisation of Treg cells was next examined. Treg cells in 

MM patients express higher levels of CD25 compared to healthy donors.  Studies 

have shown CD25 to be further upregulated upon Treg activation (Miyara et al., 

2009; Rosenblum, Sing Way and Abbas, 2016) along with co-inhibitory immune 

checkpoint receptors. The finding that the proportion of this activated phenotype 

is more prevalent in MM patients compared to healthy donors and predicts 

outcomes is suggestive of an increased suppressive capability of this population. 

Moreover, there was a trend towards higher frequency of GITR in MM patients 

compared to healthy donors. This may indicate the presence of activated Tregs 

in the BM of MM patients (Ronchetti et al., 2015). Moreover, patients with an 

increased frequency of Tregs also had increased expression of PD-1 and LAG-

3. This is in agreement with murine models of MM (Kawano et al., 2018) and 

suggests that beyond changes in their proportion, possible enhanced 

suppressive function of Tregs may contribute to MM progression. This further 

aligns with data in other cancers where checkpoint expression on Tregs have 

been associated with enhanced suppressive activity (Dong, Sun and Zhang, 

2017). In patients with melanoma or colorectal cancer, the expression of LAG-3 

was found to be associated with immunosuppressive cytokines and enhanced 

Treg function in vitro (Camisaschi et al., 2010). Another study reported that Tregs 

expressing TIM3 and LAG-3 in colorectal cancer patients showed increased 

expression of CTLA-4, FoxP3, TGF-B and IL-10. Moreover, these cells were 

more potent in suppressing macrophages (Ma et al., 2018). LAG-3 expression on 

Tregs was also reported to play a key role in mediating Treg function during colitis 

(Do et al., 2016). In contrast to effector T cells, where PD-1 is a marker of 

exhaustion, in Tregs it significantly augments the immunosuppressive function. 

PD-1 is upregulated on activated Tregs (Raimondi et al., 2006). The PD-1 

pathway enhances immunosuppressive Treg function (Francisco et al., 2009). A 

study described the conversion of Th1 cells into FoxP3+ Tregs through the 
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involvement of the PD-L1-PD-1 axis (Amarnath et al., 2011). Kamada et al. 

reported that PD-1+ effector Tregs in gastric cancer patients were actively 

proliferating and potently immunosuppressive. However, this study described that 

PD-1 blockade augments the immunosuppressive activity of Treg cells (Kamada 

et al., 2019). It seems unexpected that PD-1 blockade promotes regulatory T cell 

activities, when PD-1 is considered a marker of exhaustion in effector T cells, 

while in Tregs it enhances the immunosuppressive function. The 

microenvironment and strength of PD-1 signalling play a key role in Tregs 

function. The suppressive function of Tregs is mediated by PD-1 interaction with 

PD-L1 on CD8 T cells. This suppressive activity was significantly decreased by 

PD-1 blockade on Tregs in an animal model of chronic viral infection (Park et al., 

2015). Moreover, PD-1 blockade reduced the peripheral expansion of Tregs in a 

murine glioma model (DiDomenico et al., 2018), and limited the suppressive 

function of Tregs in melanoma patients (Wang et al., 2009). This discrepancy is 

most likely due to the different Treg cell subtypes, the disease or the 

microenvironment. Tregs can also express PD-L1 which can act as a ligand and 

receptor, adding to the complexity of the PD-1 signalling pathways. PD-1 can 

induce anti-apoptotic signals in tumour cells through PD-L1 (Azuma et al., 2008). 

The observation from this study that co-expression of PD-1 and CTLA-4 on Treg 

is associated with worse outcomes supports the previously described finding that 

Tregs with markers of activation are more suppressive.  

 

The CD4 to regulatory T cell ratio has been used as a measure of the balance 

between the immunosuppressive and the immunostimulatory microenvironment. 

Having observed the independent prognostic impact of CD4eff:Treg ratio, lasso 

regression modelling was used to gain insight into particular CD4 cell populations 

that might be key drivers of this parameter. Using CD4eff:Treg ratio as dependent 

variable and a set of 36 single and dual marker expression variables, GzmB and 

ICOS co-expression on CD4eff was found to be a key driver of CD4eff:Treg ratio 

contributing to higher CD4eff:Treg ratio consequently better survival. This 

analysis also identified PD-1 and CTLA-4 co-expression on Tregs and CD4eff to 

be the best predictors when using frequency of Treg cells as outcome. The 

association of activated cytotoxic CD4 effectors with improved survival in MM 
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suggests that they confer a benefit in tumour control. It has been shown that CD4 

T cells were capable of directly killing melanoma tumours in a GzmB dependent 

fashion in a melanoma mouse model (Quezada et al., 2010). In MM, CD4 T cells 

from MM patients eliminated autologous plasma cells and cytotoxic CD4 T cells 

were negatively associated with disease severity (Zhang et al., 2018).  In addition, 

it has been reported that long term survival in MM was associated with a distinct 

immunological profile that included the presence of expanded cytotoxic T cell 

clones (Bryant et al., 2013). Whether or not the activated cytotoxic CD4 effectors 

in this study have a specific anti-tumour activity is not known. The contribution of 

CD4 effectors in anti-tumour responses has only recently been acknowledged 

(Quezada et al., 2011; Haabeth et al., 2014). CD4 effectors help CD8 T cells via 

licensing of DCs,  in which DCs process the antigen for MHC II-restricted 

presentation to CD4 T cells which in turn upregulate CD40L expression and 

through binding with CD40 activate DCs to stimulate CD8 T cell response (Bevan, 

2004). Besides their described help via the licensing of DCs, the CD4 effectors 

promote tumour eradication by maintaining both numbers and cytotoxic function 

of CD8 T cells, and enabling CD8 T cells to infiltrate the tumour (Marzo et al., 

2000), also help optimize CD8 T cell function including downregulation of PD-1 

and other co-inhibitory receptors  (Ahrends et al., 2017). In mouse models, CD4 

T cells were reported to be more efficient in rejecting solid tumours than CD8 T 

cells, suggesting a more direct role of the CD4 compartment in antitumor 

immunity (Perez-diez et al., 2019).  

PD-1 has emerged to be a major marker of T cell dysfunction (Ahmadzadeh et 

al., 2009; Thommen and Schumacher, 2018). PD-1 was found to be expressed 

by CD4 effectors and highly expressed on CD8 T cells in the BM of MM patients, 

which is consistent with previous studies in smaller patient cohorts (Görgün et al., 

2015; Zelle-Rieser et al., 2016). High PD-1 expression levels on T cells is 

associated with poor survival in clear cell renal cell carcinoma, follicular 

lymphoma, and non-small-cell lung cancer (NSCLC) (Richendollar et al., 2011; 

Kang et al., 2013; Thommen et al., 2018). This work showed for the first time that 

high PD-1 expression levels on CD4 effectors in the BM of newly diagnosed MM 

patients was associated with shorter PFS.  Recently, Zappasodi et al reported 

interesting results identifying an immune suppressive CD4+FoxP3- T cells subset 
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with high PD-1 levels, these cells were found to inhibit T cell functions in patients 

with melanoma and NSCLC (Zappasodi et al., 2018). Given that prolonged and 

high expression of multiple co-inhibitory markers is a key feature of exhausted T 

cells (Akbar and Henson, 2011), CD4 effector subsets were phenotypically  

characterised  in patients with high and low PD-1 levels. CD4 effectors in patients 

with higher PD-1 levels were found to also co-express higher levels of LAG-3, 

CTLA-4, and GzmB compared to CD4 effectors in patients with lower PD-1 levels, 

which may indicate that CD4 effectors in patients with high PD-1 levels have an 

exhausted and terminally differentiated phenotype.  

Patients with high frequency of PD-1 on CD4 effectors were found to have a high 

frequency of Tregs but both factors were independent variables for patient 

outcome. These findings support the use of Tregs depletion strategies such as 

CD25 antibodies. In this study, CD25 was highly expressed on Treg cells 

compared to effector T cells, this was reported by Arce Vargas et al. who also 

observed that anti-CD25 antibody mediated effective depletion of Tregs and 

synergize with anti-PD-1 blockade to promote tumour eradication (Arce Vargas 

et al., 2017). Consequently, Treg cells depletion with antibodies targeting CD25 

can be considered as a single agent or in combination with anti-PD-1. PD-1 was 

not only expressed on effector T cells, which may indicate a state of exhaustion, 

but also on Treg cells which could be associated with enhanced 

immunosuppressive function. The findings in this chapter support consideration 

of PD-1 blockade as an additional therapeutic agent in selected patients with 

newly diagnosed MM, eg. with high CD4eff PD-1+. Preclinical studies support the 

role of the PD-1/PD-L1 pathway in mediating immunosuppression in patients with 

MM, however, clinical results suggest that single agent PD-1 blockade is not 

therapeutically effective in a study of 27 relapsed MM patients (Lesokhin et al., 

2016). This was suggested to be related to CD8 T cell senescence rather than 

exhaustion (Suen et al., 2016). However, these authors only examined CD8+ T 

cells, and not CD4 cells, and included CD28, CD57 and KLRG-1 expression on 

T cells, markers of senescence that were not investigated in this study. Therefore, 

further in-depth phenotypic and functional analysis is required to fully 

characterise the exhausted phenotype, and its relation to senescence. This work 

showed LAG-3 to be highly expressed on CD4 effectors and CD8 T cells in the 
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BM of newly diagnosed MM patients. Additionally, patients with higher dual 

expression of PD-1 and LAG-3 on CD4 effectors had shorter PFS. Therefore, 

LAG-3 can also be considered as a potential target in MM to resale the break of 

effector T cells. The age of MM patients did not correlate with the frequency of 

PD-1 on CD4 effectors or Tregs. However, as the cohort of healthy donors were 

younger, comparisons with MM patients need to be interpreted with caution. 

M-MDSCs were found to be more frequent in the BM of patients with MM, this is 

consistent with previous reports (Brimnes et al., 2010; Wang et al., 2015). MDSCs 

are reported to induce Tregs (Hoechst et al., 2008). However, there was no 

correlation found between frequency of M-MDSCs and Tregs in MM patients. The 

positive correlation between MDSCs and PD-1 frequency on CD4 effectors 

prompts further work to investigate the link between these cell populations in 

mediating immune suppression and inhibition of effector T cell proliferation.  

Collectively the data presented in this chapter highlights the importance of the 

CD4 compartment in MM. The findings are in line with previous studies which 

investigated the role of CD4 T cells in MM. Firstly, a study by Wang et al. found 

that the depletion of CD4+ but not CD8+ T cells eliminated the anti-MM effects 

induced when targeting tumour associated macrophages. Moreover, this 

targeting increased the number of cytotoxic CD4+ (GzmB producing CD4+) T 

cells (Wang et al., 2018). Secondly, Tveita et al. reported that tumour specific 

CD4+ T cells can eliminate tumour cells in the absence of MHC class II 

expression on the tumour cells, and this occurs through antigen uptake and 

indirect presentation on tumour infiltrating macrophages (Tveita et al., 2016). 

Finally, depletion of CD4+ cells after BM transplant increased the rate of tumour 

growth and reduced survival in myeloma-bearing mice (Vuckovic et al., 2019). 

The findings presented in this study support the possible use of Treg cells and 

PD-1 levels on CD4 effectors as biomarkers for identifying patients who are at 

higher risk of disease progression, pending confirmation in larger studies. The 

findings also provide insight into possible novel targets, such as Tregs and LAG-

3, which may be used in conjunction with a PD-1 blockade and following 

validation in a larger cohort, ultimately can help improve clinical outcomes for 

patients with MM. 
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Chapter 4: Transcriptional and functional features of dysfunction in effector 

T cells from CD4effPD-1hi MM patients 

 

4.1 Chapter Introduction 

Prolonged antigen stimulation leads to sustained and elevated levels of inhibitory 

immune checkpoints on T cells, with these cells entering a state of dysfunction 

characterised by hierarchical loss of function. As mentioned in chapter 1, when T 

cells become activated, they undergo massive clonal expansion and 

differentiation into effector T cells. During antigen clearance, most of effector T 

cells die by apoptosis, whilst around 5-10% differentiate into memory T cells. 

These are maintained long-term in the absence of antigen, and are able to exert 

rapid effector function in response to previously encountered antigen. However, 

when the antigen persists, antigen specific T cells become exhausted (Wherry 

and Ahmed 2004; Williams and Bevan 2007).  The notion of T cell exhaustion 

comes from studying T cell responses to viral infections, in which chronic 

infections can result in impaired T cell function. This dysfunctional state of T cells 

was first described in chronic murine LCMV infection in which virus-specific CD8 

T cells persist but lack effector function (Wherry et al. 2007; Zajac et al. 1998). In 

murine models, cytotoxic CD8 T cells are detectable in acute LCMV infection, 

while in chronic infection the ability of CD8 T cells to produce cytokines is reduced 

(Fuller et al. 2004). T cell exhaustion was also described in chronic infection with 

HIV, and hepatitis C virus (Gruener et al. 2001; Shankar et al. 2000). Persistent 

of antigen is a major driver of T cell exhaustion (Mueller and Ahmed 2009). 

Accordingly, T cell exhaustion occurs in chronic viral infection and cancers. 

Exhaustion has been mostly described for CD8 T cells responses, although 

functional impairment of CD4 T cells have also been reported in several chronic 

infections (Han et al. 2010). In cancer, several groups have previously described 

exhausted or dysfunctional CD8 T cells present in the tumour immune 

microenvironment, and these cells were characterised by co-expression of co-

inhibitory immune checkpoint markers, impaired effector function, and exhausted 

molecular profile (Baitsch et al. 2011; Fourcade et al. 2010; Thommen et al. 2015; 

White et al. 2009; Zhang et al. 2010). Wherry et al. first described the molecular 
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signature of CD8+ T cell exhaustion in dysfunctional T cells in chronic LCMV 

infection compared to T cell effectors in acute infection (Wherry et al. 2007). 

Previous studies in cancer have identified gene sets associated with exhausted 

CD8 T cells by comparing transcriptional profiles of tumour-infiltrating 

lymphocytes (TILs) with previously identified gene sets from virus-specific 

exhausted CD8 T cells isolated from chronic LCMV infections. Woroniecka et al. 

reported enrichment of genes in TILs from Glioblastoma murine model that were 

previously identified in exhausted T cells from chronic LCMV chronic infection 

(Woroniecka et al. 2018). Guo et al. identified a gene signature comprised of 90 

genes specifically expressed in exhausted tumour-infiltrating CD8+ T cells in 

patients with non-small-cell lung cancer. These genes showed significant overlap 

with exhaustion related genes identified in LCMV infection, melanoma, and 

hepatocellular carcinoma. On the other hand, CD4 dysfunction in cancer is not 

very well characterised, and signatures of human CD4 dysfunction are yet to be 

reported. However, signatures from studies of CD4 dysfunction in viral infection 

(Crawford et al. 2014) and autoimmunity (Tilstra et al. 2018) have been reported.  

Tilstra et al characterised tissue-infiltrating T cells in the kidneys of mice with 

lupus nephritis. These cells were found to have impaired cytokine production and 

proliferative capacity. Moreover, these cells displayed a transcriptional profile that 

resembled an exhausted CD4 profile previously reported in the context of LCMV 

infection.  

The results presented in Chapter 3 in which high frequency of PD-1 on CD4 

effectors  in MM patients correlates with inferior PFS raised two questions: (1) 

what are the gene expression and molecular pathways differentially expressed in 

T cells from patients with high frequency of PD-1 on CD4 effectors (as defined in 

Chapter 3 CD4eff PD-1hi; PD-1 >median) ?; and  (2) is there a difference in T cell 

function between patients with high and low PD-1 (as defined in Chapter 3 CD4eff 

PD-1lo; PD-1 ≤ median)  expressing CD4 effectors, and could this phenotype be 

a marker for broader T cell dysfunction in MM patients ?. Therefore, the first aim 

of this chapter is to investigate gene expression profiles and pathways in sorted 

CD3+CD4+ and CD3+CD8+ T cells from patients with CD4effPD-1hi and 

CD4effPD-1lo. The second aim is to investigate the functional state of CD4 

effectors (CD4+FoxP3-) and CD8 T cells by stimulating MNCs from CD4effPD-
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1hi and CD4effPD-1lo, and measure cytokine release upon in vitro stimulation by 

flow cytometry. 

 

William Day and George Morrow provided assistance with the cell sorting. RNA 

sequencing was performed by Tony Brooks. RNA sequencing analysis was 

performed by Ehsan Ghorani.    
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4.2 Results 

4.2.1 Flow sorting of CD4+ and CD8+ cells from patients with high and low 

frequency of PD-1 on CD4 effectors 

To assess the differences in gene expression and molecular pathway in patients 

with high and low frequency of PD-1 on CD4 effectors, BM MNCs from five of 

each group of patients were sorted as described in Chapter 2. Patients were age 

matched, the median age for CD4eff PD-1hi patients was 55 years (40-71) and 

56 years (50-74) for CD4eff PD-1lo patients. 80.0% were male in each group. 

FISH defined genetic risk was available for all patients, two patients (40%) were 

adverse risk in CD4eff PD-1hi patients vs 0% in CD4eff PD-1lo patients. 80% of 

patients were treated with proteasome inhibitor regimens in both groups, the rest 

were treated with IMiDS, and (2) 40% underwent ASCT in CD4eff PD-1hi patients 

vs (4) 80% in CD4eff PD-1lo (See Appendix 6 for patient characteristics). An 

example of the sorting strategy is depicted in Figure 4.1A. BM MNCs were sorted 

for CD3+CD4+ and CD3+CD8+ T cells. Purities were confirmed to be >95% for 

both CD4 and CD8 T cells (Figure 4.1B and 4.1C). 

After confirming purities of CD4+ and CD8+ T cells, all sorted cells were counted 

and cell viability was verified. The viability post-sorting for CD4+ and CD8+ T cells 

was >60% from all samples, as was the recovery of cells post sort (Table 2.1). 

Next, the cells were washed once with ice-cold PBS and the pellet was stored in 

a -80°C freezer for later RNA extraction as described in Chapter 2. RNA 

extraction was performed using ReliaPrep™ RNA Cell Miniprep System 

(promega) as described in chapter 2, and RNA sequencing was performed by 

Tony Brooks at UCL Institute of Child Health. Briefly, cDNA was prepared and 

amplified from previously extracted RNA samples using the SMART-Seq v4 Ultra 

Low Input RNA Kit according to manufacturer’s instructions. Amplified cDNA 

quality was checked on the Agilent Bioanalyser. Then, the amplified cDNA was 

converted to a sequencing library using the Nextera XT library preparation 

(Illumina) according to manufacturer’s instructions. Libraries were sequenced on 

HiSeq 3000 instrument (Illumina) using a 75bp paired end run, generating 533M 

read pairs in total. 
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Figure 4.1: Flow sorting of CD3+CD4+ and CD3+CD8+ T cells. Frozen MNCs 
from patients with CD4effPD-1hi and CD4effPD-1lo were thawed and stained for 
CD3, CD4, CD8, and viability. (A) Example of gating and sorting strategy. 
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Figure 4.1: Flow sorting of CD3+CD4+ and CD3+CD8+ T cells. Frozen MNCs 
from patients with CD4effPD-1hi and CD4effPD-1lo were thawed and stained for 
CD3, CD4, CD8, and viability. (A) Example of gating and sorting strategy. (B) 
Purities were confirmed to be >95% for gated CD4 and CD8 populations.  
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Figure 4.1: Flow sorting of CD3+CD4+ and CD3+CD8+ T cells. Frozen MNCs 
from patients with CD4effPD-1hi and CD4effPD-1lo were thawed and stained for 
CD3, CD4, CD8, and viability. (A) Example of gating and sorting strategy. (B) 
Purities were confirmed to be >95% for gated CD4 and (C) CD8 populations.  
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Table 4.1: Table displaying number of sorted BM MNCs and %viability in patient samples. Columns refer to automated counts of 
CD4, CD8, CD3-, and CD4-CD8- cells provided by the BD FACS Aria sorter. The manual count and %viability of sorted CD4, CD8, 
CD3-, and CD4-CD8- BM MNCs is provided. %recovery of CD4, CD8, CD3-, and CD4-CD8- BM MNCs was calculated by dividing 
the manual count by the automated counts provided by the BD FACS Aria sorter. 
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4.2.2 Quality check of RNA sequencing reads 

It is important to perform quality checks on raw data before analysing RNA 

sequencing data to draw biological conclusions. Quality check was carried out by 

Dr Lucia Conde at the UCL Bioinformatics Core Facility. Good samples should 

have most reads as uniquely mapped and very few unmapped reads. The 

MultiQC report showed >80% alignment of reads across all samples using the 

Spliced Transcripts Alignment to a Reference (STAR), which is a read aligner 

designed for RNA sequencing (Figure 4.2). Additionally, the biological 

classification of the features was provided in the report, so it was useful to see 

which kind of features are being detected. In RNA sequencing, most of the genes 

are expected to be protein coding. The results showed >85% of the reads were 

protein coding (Appendix 7). 
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Figure 4.2: Number of mapped reads provided by STAR software. >80% of reads 
were aligned to reference genome, with few unmapped reads.  
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4.2.3 Effector T cells from CD4eff PD-1hi patients display transcriptional 

features of dysfunction 

Gene set enrichment analysis (GSEA) was originally proposed by Subramanian 

et al.  and is a method that evaluates RNA sequencing data at the level of gene 

sets which are defined based on prior biological knowledge. GSEA is a 

computational method that assesses whether a prior defined group of genes, 

gene sets, shows statistically significant differences between two biological states 

(Subramanian et al. 2007). Next generation sequencing report transcriptomic 

abundance for tens of thousands of genes. The resulting list of genes can be 

difficult to interpret in terms of the biological relevance that these genes 

represent. Alternatively, GSEA coordinates differential expression of annotated 

gene sets producing results than can be interpreted in terms of the relevant 

biological processes (Liberzon et al. 2015). GSEA determines whether a given 

gene set is significantly enriched in a list of pre-ranked genes from a particular 

patient group. In this case, genes were ranked according to differential 

expression in the 2 groups of patients CD4effPD-1hi and CD4effPD-1lo. Then the 

entire ranked list was used to assess the distribution of the genes of each gene 

set across the ranked list. To do this, GSEA walks down the ranked list of genes, 

increasing a running-sum statistic when a gene is in the set and decreasing it 

when the gene is not found. GSEA calculates the enrichment score (ES) which 

is the maximum deviation from zero encountered during that walk. An enriched 

set, will have a large portion of its genes at top or bottom of the ranked list. When 

the entire gene sets are scored, an adjustment is made to the resulting P-values 

to account for multiple hypotheses testing. GSEA normalizes the ES for each 

gene set to account for the variation in set sizes, yielding a normalized enrichment 

score (NES). The GSEA was carried out on fgsea package using gene sets from 

previous studies of impaired CD4 function (Crawford et al. 2014a; Shin et al. 

2018; Tilstra et al. 2018). All three gene sets were tested against the gene 

expression profiles of CD4+ from CD4effPD-1hi and CD4effPD-1lo. The gene sets 

were enriched amongst genes differentially expressed by CD4 cells from 

CD4effPD-1hi patients with NES of 1.11, 0.82, and 2.79 respectively, although 

only the Tilstra et al. signature reached statistical significance (p <0.001, Figure 

4.3 A). Similarly, GSEA was carried out using gene sets from previous studies of 
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impaired CD8 T cell function (Guo et al. 2018; Zheng et al. 2017). Both gene sets 

were enriched amongst genes differentially expressed by CD8 cells from 

CD4effPD-1hi patients with NES of 1.68, and 1.1 respectively, and with Guo et al. 

signature reaching statistical significance (p<0.01, (Figure 4.3 B).   

The GSEA technique can also be used to determine the relative activity of a 

molecular signalling pathway by analysing gene expression, the molecular 

signalling pathways are annotated based on prior biological knowledge (Kuleshov 

et al. 2016). The Molecular Signatures Database (MSigDB) was developed to 

supply gene sets for GSEA, and is one of the largest and most widely used 

databases for this purpose (Liberzon et al. 2015). Subramanian et al. provided 

3000 pathways as part of MSigDB (Subramanian et al. 2007). Now, MSigDB 

provides 22596 gene sets with 4872 immunological signatures corresponding to 

immune cell phenotypes and processes such as metabolism, signal transduction, 

and cell cycle. These signatures are extracted from original research 

publications, and collections of sets derived from specialized resources such as 

Gene ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) 

(Kanehisa and Goto 2000) that include a range of immunological pathways. The 

database links genomic information with higher functional information by 

computerising current knowledge on cellular activity; the biological function of a 

living cell results from interacting molecules and cannot be attributed to a single 

gene. The database links set of genes with a network of interacting molecules 

within the cell, such as pathways, representing higher biological function 

(Kanehisa and Goto 2000). Therefore, GSEA can be used to measure the relative 

activity of molecular signalling pathways in tumour cells from a particular patient 

group. Here, GSEA was performed to identify pathways that may account for 

functional differences between CD4 T cells in patients with CD4effPD-1hi 

compared to CD4effPD-1lo using gene sets provided in MSigDB.  Pathways that 

are characteristic of T cell dysfunction were enriched in CD4 and CD8 T cells 

form CD4effPD-1hi patients. Genes involved in T cell receptor signalling pathway 

were enriched in both CD4 and CD8 T cells from CD4effPD-1hi patients which is 

indicative of ongoing antigen stimulation (Huppa et al., 2003; Hwang et al., 2020). 

In keeping with this, pathways related to transcription (Translational initiation, and 

Metabolism of MRNA) and cell cycle (M_G1 transition, P53 independent G1_S 
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DNA damage checkpoint, and Synthesis of DNA) were also enriched amongst 

both subsets which is indicative of cell activation. Early reports of T cell 

dysfunction in murine models of chronic viral infection described a loss of T cell 

effector function (Zajac et al., 1998). However, recent studies of solid tumours 

reported that the effector potential of dysfunctional T cells is reduced but not 

absent and active cell proliferation is a key feature of this dysfunctional state 

(Thommen et al., 2018; Li et al., 2019). In addition, regulation of apoptosis 

pathway was enriched in both CD4 and CD8 T cells which is in line with a previous 

study that reported dysfunctional T cells undergoing apoptosis as a result of TCR 

engagement, and apoptosis was described as a key component of T cell 

dysfunction resulting from chronic antigen stimulation (Horton et al., 2018).   
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Figure 4.3: CD4 and CD8 T cells from CD4 PD-1hi are transcriptionally 
distinct from CD4 PD-1lo. (A) GSEA dot plot (left) showing genes related to 

dysfunction in CD4+ cells in patients with CD4effPD-1
hi
, and barplots (right) 

showing pathways of proliferation and activation in CD4+ cells in patients with 

CD4effPD-1
hi
. (B) GSEA dot plot (left) showing genes related to dysfunction in 

CD8+ cells in patients with CD4effPD-1
hi
, and barplots (right) showing pathways 

of proliferation and activation in CD8+ cells in patients with CD4effPD-1
hi
. Figure 

provided by Dr Ehsan Ghorani.  
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4.2.4 Effector T cells from CD4eff PD-1hi patients have reduced cytokine 

expression  

Next, T cell function was assessed in these 2 groups of patients (CD4eff PD-1hi 

and CD4eff PD-1lo) by stimulating whole BM MNCs with anti-CD3 and anti-CD28 

antibodies, and assessing cytokine expression. Firstly, a time course stimulation 

experiment was performed. The rationale for undertaking this experiment was to 

optimise conditions for inducing and measuring intracellular cytokines in CD4 and 

CD8 T cells. BM MNCs from one healthy donor were stimulated with anti-CD3 

and anti-CD28 for 6, 16, 24, 48, and 72 hours. Short stimulation times have been 

described in the literature as optimal for T cell stimulation (Kaveh, Whelan, and 

Hogarth 2012). However, longer periods of stimulation were performed (as per 

some publications Rosenblatt et al. 2011) to ensure the peak of cytokine 

expression was not missed. The results indicated that at 48 and 72 hours, there 

are no distinct populations of activated effectors expressing TNF-alpha, so the 

gating of the activated effectors expressing TNF-alpha was difficult. Shorter 

stimulation times showed peak expression of TNF-alpha at 6 hours stimulation 

(Figure 4.4 A). However, for IL-2 and INF-gamma expression there was no 

difference between time points, so BM MNCs were stimulated for 6 hours to 

investigate T cell cytokine expression. CD69 is an activation marker expressed 

by T cells early (within 3 hours) following stimulation (Simms and Ellis 1996). 

Therefore, CD69 was used as a marker of T cell activation. 

Whole BM MNCs were stimulated with anti-CD3 and anti-CD28 antibodies. After 

6 hours stimulation, significantly higher proportion of activated CD4 effectors 

(CD4+FoxP3-CD69+ cells) from CD4effPD-1lo patients expressed TNF-alpha 

compared to CD4 effectors in CD4effPD-1hi patients (p=0.0043, Figure 4.5 A). 

The proportion of activated CD4 effectors expressing IL-2 and INF-gamma did 

not differ significantly between CD4effPD-1lo and CD4effPD-1hi patients (Figure 

4.5 A). This indicates that exhausted CD4 effectors expressing high frequency of 

PD-1 have impaired TNF-alpha expression in response to short-term stimulation. 

A similar pattern was observed amongst activated CD8 T cells (CD8+CD69+) 

from patients with CD4effPD-1lo; higher proportion of these effectors expressed 
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TNF-alpha compared to those from CD4effPD-1hi patients (p=0.041, Fig. 4.5 B). 

Similar to CD4 effectors, there was no significant difference in the proportion of 

activated CD8 T cells expressing INF-gamma or IL-2  from CD4effPD-1lo vs 

CD4effPD-1hi patients. 
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Figure 4.4: Time course activation of T cells.  BM MNCs from heathy donor 
cultured in RPMI+ 20%FBS+1% Penicillin/Streptomycin and stimulated with 
anti-CD3 and anti-CD28 at 0.5 ul/ml for 6,16,24,48, and 72 hours (A) TNF-
alpha expression in CD4 effectors and CD8 T cells.  

 

A 

CD8 T cells 

CD4 effectors 
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CD8 T cells 

CD4 effectors 
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Figure 4.4: Time course activation of T cells.  BM MNCs from heathy donor 
cultured in RPMI+ 20%FBS+1% Penicillin/Streptomycin and stimulated with 
anti-CD3 and anti-CD28 at 0.5 ul/ml for 6,16,24,48, and 72 hours (B) IL-2 
expression in CD4 effectors and CD8 T cells.  
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Figure 4.4: Time course activation of T cells.  BM MNCs from heathy 
donor cultured in RPMI+ 20%FBS+1% Penicillin/Streptomycin and 
stimulated with anti-CD3 and anti-CD28 at 0.5 ul/ml for 6,16,24,48, and 72 
hours (A) TNF-alpha (B) IL-2 (C) IFN-gamma expression in CD4 effectors 
(CD4+FoxP3-) and CD8 T cells. The results are mean of duplicates.  

CD8 T cells 

CD4 effectors 

C 
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Figure 4.5: Cytokine production in CD4 effectors and CD8 T cells in patients 
with CD4eff PD-1hi and CD4eff PD-1lo. (A) TNF-alfa in CD69+CD4 effectors 
after 6 hours stimulation with anti-CD3 and anti-CD28 (left), FACS plot showing 
TNF-alpha and CD69 in CD4 effectors from 5 concatenated fcs files of patients 
with PD-1hi (blue) and PD-1lo (red), IFN-gamma (left), and IL-2 (right) expression 
levels in CD69+ CD4 effectors. 

PD-1lo= patients with low frequency of PD-1 on CD4eff (n=6) 

PD-1hi= patients with high frequency of PD-1 on CD4eff (n=6) 
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Figure 4.5: Cytokine production in CD4 effectors and CD8 T cells in patients 
with CD4eff PD-1hi and CD4eff PD-1lo. (A) TNF-alfa in CD69+CD4 effectors 
after 6 hours stimulation with anti-CD3 and anti-CD28 (left), FACS plot showing 
TNF-alpha and CD69 in CD4 effectors from 5 concatenated fcs files of patients 
with PD-1hi (blue) and PD-1lo (red), IFN-gamma (left), and IL-2 (right) expression 
levels in CD69+ CD4 effectors. (B) TNF-alfa in CD8+CD69 after 6 hours 
stimulation (left), FACS plot showing TNF-alpha and CD69 in CD8 T cells from 5 
concatenated fcs files of patients with PD-1hi (blue) and PD-1lo (red), IFN-gamma 
(left), and IL-2 (right) expression levels in CD69+CD8 T cells.  *p < 0.05, **p < 
0.01. 

PD-1lo= patients with low frequency of PD-1 on CD4eff (n=6) 

PD-1hi= patients with high frequency of PD-1 on CD4eff (n=6) 
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4.3 Chapter Discussion  

The results presented in this chapter indicate that both CD4 and CD8 T cells in 

patients with high frequency of PD-1 on CD4 effectors exhibit transcriptional 

features of exhaustion. In addition, these cells were found to be functionally 

impaired upon in vitro stimulation compared to T cells from patients with low 

frequency of PD-1 on CD4 effectors. Consequently, this data could explain the 

results presented in Chapter 3 in which this subset (CD4effPD-1hi) correlated with 

shorter PFS, therefore highlighting the importance of immune dysregulation on 

MM prognosis. 

A major question that emerged from the data presented in Chapter 3 is whether 

CD4 T cells in CD4effPD-1hi are exhausted, hence providing an explanation for 

their association with poor clinical outcomes in MM patients. Consequently, to 

better understand the transcriptional and molecular pathways in T cells from 

patients with CD4effPD-1hi, GSEA was performed. The results indicated 

enrichment of previously defined gene sets associated with exhausted T cells in 

CD4 and CD8 T cells from CD4effPD-1hi patients. These findings are in 

agreement with previously published data that reported enrichment of genes sets 

described in exhausted T cells with high levels of co-inhibitory immune 

checkpoints including PD-1 in the context of solid tumours (Baitsch et al. 2011; 

Woroniecka et al. 2018) and viral infections (Wherry et al. 2007). In recent years 

the transcriptional profile of exhausted CD8 T cells has been described. However, 

although the effect of the persisting antigen stimulation and transcriptional profile 

of exhausted CD4 T cells was defined by studying chronic and acute LCMV 

infection (Crawford et al. 2014), the exhausted transcriptional profile of CD4 T 

cells in cancer has yet to be defined. The observation in this study that gene sets 

of CD4 dysfunction in the context of chronic viral infection and autoimmunity were 

enriched in CD4 T cell from CD4effPD-1hi patients is in keeping with the 

previously published literature that suggests dysfunctional T cell transcriptional 

similarities between mouse and human, and between diseases. Previous studies 

of CD8 T cell dysfunction have shown that transcriptional signatures identified in 

mouse chronic infection can be used to identify transcranial signatures of 
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exhausted T cells in human cancer (Baitsch et al. 2011; Thommen et al. 2018). 

Moreover, another study reported that gene sets described in CD8 T cell 

exhaustion in murine chronic infection were enriched in human circulating 

exhausted CD8 T cells in autoimmunity (Mckinney et al. 2015).  

T cells from CD4PD-1hi patients upregulated pathways related to T cell activation, 

proliferation and regulation of apoptosis, and this was previously described for 

dysfunctional CD8 T cells (Guo et al. 2018; Zheng et al. 2017). The upregulation 

of cell cycle and cell proliferation pathways was also described in exhausted CD4 

T cells. The enrichment of these pathways may suggest that T cells from patients 

with CD4effPD-1hi denote a population that is tissue experienced, and activated 

due to antigen stimulation (Goods et al. 2017). Thus, the data point to enhanced 

immune activation, apoptosis, and upregulation of proliferation pathways as an 

attempt to sustain cell cycling in T cells (Baitsch et al. 2011). The data also imply 

that CD4 and CD8 T cells from patients with CD4effPD-1hi are functionally distinct 

compared to CD4effPD-1lo. 

Hypothesizing that CD4 and CD8 T cells from patients with CD4effPD-1hi display 

dysfunctional features compared to CD4effPD-1lo, CD4 and CD8 cytokine 

expression upon stimulation was then investigated by stimulating BM MNCs from 

patients with CD4effPD-1hi and CD4effPD-1lo. Dysfunctional CD8+PD1+ cells 

characterised by impaired proliferation and cytokine release in vitro has been 

described in melanoma patients (White et al. 2009) and in MM (Zelle-Rieser et 

al. 2016). In keeping with this, there was a reduced proportion of CD4 and CD8 

T cells from CD4effPD-1hi patients that expressed TNF alpha compared to 

patients with CD4effPD-1lo. Whilst underpowered, there was a trend towards 

lower proportion of CD4 and CD8 T cells expressing IL-2 and IFN-gamma in 

CD4effPD-1hi patients although didn’t reach significance. This differential 

expression in TNF-alpha alone and not IL-2 and INF-gamma may be explained 

by the hierarchal loss of cytokine production described in viral infection which is 

characteristic of progressive T cell exhaustion (Wherry 2011). Moreover, reduced 

TNF-alpha release alone by CD8 cells has also been observed in CTLA-4+PD1hi 

vs. CTLA4-PD1lo T cells in melanoma patients (Daud et al. 2016). The time 

course stimulation experiment was performed using one control, this is clearly a 

limitation, and more samples are required to confirm the results. The functional 
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assays in this study were also performed using small number of samples. 

Therefore, larger studies that take into account several variables such as 

stimulus, time of stimulation and cell population are needed to confirm these 

findings. 

There are several limitations in the current study that should be taken into account 

when interpreting the data. Limitations exist in the functional assay such that it 

was performed on a relatively small cohort of patients and the data generated 

should be considered preliminary. This limitation was due to sample availability, 

and the number of vials frozen for each sample was not enough to perform in 

vitro functional assays after thawing a vial for flow staining. A further limitation of 

the functional assay is the number of frozen cells, which was not enough to sort 

CD4+PD-1+ and CD8+PD-1+ cells. Therefore, from our data it is difficult to 

determine whether the PD-1+ cells in CD4effPD-1hi patients were producing less 

TNF-alpha as the cells used in the functional assays were total MNCs and most 

T cells will upregulate PD-1 upon stimulation. Thus, in view of the above, the 

laboratory processing protocol was amended to freeze MNCs from newly 

diagnosed patients in two or more vials. Finally, it is not possible from this data 

to conclude that T cells in CD4effPD-1hi are myeloma-specific.  

Collectively, the data in this chapter suggest that CD4+ and CD8+ T cells from 

patients with CD4effPD-1hi, display transcriptional and functional features of 

dysfunction that may contribute to poor outcomes, prompting the notion that high 

levels of CD4effPD-1hi could serve as a marker or even drive a broader state of 

defective anti-tumour immunity in MM patients. These data support the 

importance of CD4 T cells in mediating anti-tumour immunity in MM, and future 

work should focus on better understanding of the characteristics of CD4 

dysfunction, for example using  RNA sequencing of sorted PD-1+ T cells or 

single-cell approaches to determine the full resolution of T cell states in patients 

at higher risk of disease progression. Finally, the fact that CD4 and CD8 T cells 

from CD4effPD-1hi responded to strong in vitro stimulation may indicate that these 

cells are not terminally exhausted, and warrants further investigation using PD-1 

blockade to restore T cell function. 
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Collectively, the data from Chapters 3 and 4 indicate that CD4 effectors and CD8 

T cells from patients with CD4effPD-1hi display phenotypic, transcriptional and 

functional features of dysfunction that may contribute to inferior clinical outcomes 

in newly diagnosed patients with MM. 
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Chapter 5: Characterisation of immune checkpoints in the bone marrow of 

patients with myeloma post-ASCT. 

 

5.1 Chapter Introduction 

High-dose melphalan with autologous stem cell transplantation (ASCT) has been 

a standard of care following induction therapy for newly diagnosed MM patients 

who are young and fit enough (McCarthy and Holstein, 2016). Although patients 

receiving ACST can reach complete responses (CR) (Kapoor et al., 2013), ASCT 

is not curative and most patients will eventually relapse (Paiva et al., 2012; 

McCarthy and Holstein, 2016). This is true even when using lenalidomide 

maintenance therapy following ASCT that can delay disease progression and 

extend progression free survival (PFS) (McCarthy et al., 2017). As myeloma 

remains incurable, PFS from date of ASCT is often used as a clinical endpoint, 

as longer PFS generally correlates with longer overall survival (OS). Not all 

patients are able to achieve CR following high dose melphalan and ASCT, but 

achieving CR is associated with longer PFS (Kapoor et al., 2013). 

Immunotherapy strategies to control disease and prolong remission post-ASCT 

may hold the promise of improving clinical outcomes in MM patients. In post 

ASCT settings, the minimal disease burden and re-constitution of the immune 

system maybe a favourable context for immunotherapies, including cellular 

therapies and checkpoint blockade (Lendvai, Cohen and Cho, 2015).  

The lymphocyte recovery post-transplant in MM patients has been previously 

examined and associated with survival. It has been reported that the lymphocyte 

count declines exponentially reaching nadir at day 5 post-ASCT and recovers at 

day 30. Circulating CD8 and NK cells were found to recover rapidly and achieve 

normal levels 30 days post-ASCT, whereas CD4 T cell recovery is delayed. The 

reconstitution of CD8 T cells outpaced that of CD4 T cells, resulting in an inverted 

CD4:CD8 ratio which lasted up to 1 year post-ASCT (Rueff et al., 2014; Chung 

et al., 2016). It has been found that the expansion of T cell clones post-ASCT is 

associated with longer PFS (Brown et al., 2009). Several studies reported that 

early lymphocyte recovery post-ASCT has been associated with prolonged 

survival, which may suggest that early lymphocyte recovery is associated with 
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immune reconstitution that can control disease progression (Porrata et al., 2001; 

Kim et al., 2006; Jimenez-Zepeda et al., 2015). One study reported the infused 

dose of lymphocytes in the autograft to have a significant impact on clinical 

outcome post- ASCT, but this was not confirmed by Percy et al (Porrata et al., 

2004; Percy et al., 2012). On the other hand, there have been few studies 

examining lymphocyte subpopulations post-transplant and their effect on clinical 

outcome. Ho et al. reported that absolute CD4+ T cell count at day 100 post-

ASCT to be predictive of long-term survival for MM patients undergoing 

transplantation (Ho et al., 2017). Chung et al. found that patients with relapsed 

disease after ASCT had higher levels of Tregs and exhausted CD4 and CD8 T 

cells expressing PD-1 compared to patients in continuous CR after ASCT (Chung 

et al., 2016). In a myeloma mouse model, Vuckovic et al. demonstrated that T 

cells provided immune mediated control of myeloma after transplantation, and 

the depletion of either CD4+ or CD8+ T cells after transplant reduced survival 

and increased tumour growth. These results highlight the immunological aspect 

of transplantation and how control of myeloma post-transplant is not just because 

of cytoreduction, providing a rationale for immune-based intervention (Vuckovic 

et al., 2019). However, for the rational development of immunotherapeutic 

strategies post- ASCT, a comprehensive understanding of the post-transplant 

bone marrow (BM) immune microenvironment is needed. The aim of this chapter 

is to examine T cell immune reconstitution post-ASCT and correlate with clinical 

outcomes. 

Given the above, a comprehensive analysis was carried out using BM MNCs from 

110 MM patients following ASCT, 61 patients at 3 months post-ASCT, and 49 

patients at 6-12 months post-ASCT. Multi-parametric flow cytometry was 

performed to define patterns of lymphocyte recovery, decipher the immune 

checkpoint phenotype on T cell subsets; CD4 effectors (CD4+FoxP3-), CD8 T 

cells, and Treg cells (CD4+FoxP3+),  and correlate with PFS, a common endpoint 

to assess clinical benefit of ASCT (Koreth et al., 2007), to identify potential targets 

for immune therapies in post-ASCT settings.  
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5.2 Results 

5.2.1 Clinical characteristics and PFS   

BM samples from 61 patients were examined at 3 months post-ASCT (D100), 

with median age of 58 years (36-71), 70.5% were male (Table 5.1). Median follow 

up was 17 months (3-54). At diagnosis, 36.1% were ISS stage I, and 40.9% had 

adverse risk genetics. As induction therapy, 42.6% received a proteasome 

inhibitor, 3.3% an immunomodulatory drug, 54.1% both, and 21.3% received 

post-ASCT maintenance. Median PFS was 24 months. At time of BM sampling 

(D100), 24.6% had achieved CR, 47.5% VGPR, 21.3% PR, 4.9% SD and none 

had PD. Improved PFS was found in patients with deeper response (CR/VGPR 

vs. rest, p=0.003), and with ISS stage I vs II/III (p=0.012). There was a trend for 

improved PFS with standard risk genetics (standard risk vs high risk, p=0.088), 

while there was no effect effect of consolidation/maintenance on PFS (p=0.11) 

(Figure 5.1). 

Forty-nine patients had BM samples analysed at 6-12months post-ASCT, with 

median age of 56 years (31-72), 59.2% were male (Table 5.2). Median follow up 

was 20 months (7-58). At diagnosis, 42.9% were ISS stage I, and 40.8% had 

adverse risk genetics. As induction therapy, 40.8% received a proteasome 

inhibitor, 8.2% an immunomodulatory drug, 51% both, and 24.5% received post-

ASCT maintenance. Median PFS was 21 months. At the time of BM sampling, 

18.4% had achieved CR, 53.1% VGPR, 22.5% PR, 2.0% SD and PD 4.1%.  
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Figure 5.1:Effect of clinical features at 3 months post-ASCT on PFS. Effect 
of depth of response, R-ISS stage, genetic risk, and maintenance/consolidation 
on PFS.  
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Table 5.1: Demographic, disease, treatment and clinical responses of patients 
examined at 3 months post-ASCT. 

 

Total number of patients   n= 61 

Sex M 43 (70.49%) 
F 18 (29.51%) 

Median age  58 years (36-71) 

MM Isotype 
IgG 
IgA 
Light chain only 
Non-Secretory 

  
37 (60.66%) 
7 (11.48%) 
16 (26.23%) 
1 (1.64%) 

R-ISS stage  
Stage I 
Stage II 
Stage III 
Unknown 

  
22 (36.06%) 
13 (21.31%) 
11 (18.03%) 
15 (24.59%) 

FISH 
Standard risk 
High risk 
Unknown 

  
40 (65.57%) 
10 (16.39%) 
11 (18.03%) 

Extramedullary disease 5 (8.20%) 

Induction therapy received 
Proteasome inhibitor (PI) 
Immunomodulatory drug (IMiD) 
Both PI and IMiD 

  
26 (42.62%) 
2 (3.28%) 
33 (54.10%) 

Maintenance/consolidation 
therapy 

13 (21.31%) 

Depth of response at 3 months 
CR 
VGPR 
PR 
SD 
Unknown 

  
15 (24.59%) 
29 (47.54%) 
13 (21.31%) 
3 (4.92%) 
1 (1.64%) 
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Table 5.2: Patient characteristics at 6-12 months post-ASCT. 

 

Total number of patients  n= 49 

Sex M 29 (59.18%) 
F 20 (40.82%) 

Median age  57 years (31-72) 

MM Isotype 
IgG 
IgA 
Light chain only 
Non-Secretory 

  
28 (57.14%) 
8 (16.33%) 
11 (22.45%) 
2 (4.08%) 

R-ISS stage  
Stage I 
Stage II 
Stage III 
Unknown 

  
21 (42.86%) 
8 (16.33%) 
9 (18.37%) 
11 (22.45%) 

FISH 
Standard risk 
High risk 
Unknown 

  
23 (46.94%) 
20 (40.82%) 
6 (12.24%) 

Extramedullary disease 0 

Induction therapy received 
Proteasome inhibitor (PI) 
Immunomodulatory drug (IMiD) 
Both PI and IMiD 

  
20 (40.82%) 
4 (8.16%) 
25 (51.02%) 

Maintenance/consolidation 
therapy 

12 (24.49%) 

Depth of response at time of 
bone marrow 
CR 
VGPR 
PR 
SD 
PD 

  
9 (18.37%) 
26 (53.06%) 
11 (22.45%) 
1 (2.04%) 
2 (4.08%) 
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5.2.2 Lymphocyte reconstitution in BM of MM patients post-ASCT 

First, the frequency of T cell subsets at 3 and 6-12 months post-ASCT was 

examined. The lymphocyte recovery from high-dose chemotherapy-induced 

lymphopenia is slow and T cell numbers are expected to be reduced compared 

to pre-ASCT levels, with CD3+ cells reaching around 30% of PBMCs 12 months 

post transplant (Chung et al., 2016). The frequency of CD3+ T cells in MM 

patients at 3 months (n=61) and 6-12 months (n=49) post-ASCT were 

significantly lower compared to HD (n=15) (3 months post-ASCT median 28% of 

live MNCs, vs HD 41.2%; p=0.012, 6-12 months post-ASCT 26.6%; p=0.006), the 

frequency of CD4 T cells was also lower (3 months post-ASCT median 4.12% of 

live MNCs, vs HD 14%, 6-12 months post-ASCT  5.95%; p=<0.0001 for both), 

while there was no difference in the frequency of CD8 T cells (Figure 5.2A). 

The frequency of Treg cells (CD4+FoxP3+) was significantly higher in MM 

patients at 3 months (n=61) and 6-12 months (n=49) post-ASCT compared to HD 

(n=15) (3 months post-ASCT median 0.23% of live MNCs, vs HD 0.07%; p=0.02, 

6-12 months post-ASCT 0.33%; p=0.002; when expressed as % of CD4 cells: 3 

months post-ASCT median 4.2%, vs HD 1.13%, 6-12 months post-ASCT  4.7%; 

p<0.0001 for both) (Figure 5.2B). Thus, CD4eff:Treg  ratio in MM patients at 3 

and 6-12 months post-ASCT was significantly lower when compared with HD ( 3 

months post-ASCT median 16.82 vs HD 140.2, 6-12 months post-ASCT 17.21; 

p=<0.0001 for both), the CD8:Treg ratio was significantly lower in MM patients 6-

12 months post-ASCT (46.92 vs 170.4; p=0.002), while at 3 months there was a 

trend of lower CD8:Treg ratio that didn’t reach significance (p=0.089) (Figure 

5.2C). The CD4:CD8 ratio was significantly lower in MM patients at 3 and 6-12 

months post-ASCT when compared with HD (3 months median 0.21 vs 0.76; 

p=<0.0001, 6-12 months 0.29; p=0.001) (Figure 5.2C).  
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Figure 5.2: Lymphocyte subsets reconstitution in BM of MM patients post-
ASCT. Percentages of (A), CD3, CD4, and CD8 T cells. (B) Tregs expressed as 
left % of live MNCs, and as % of CD4 cells (right), and (C), CD4:Tregs ratio (left), 
CD8:Tregs ratio (middle panel), and CD4:CD8 ratio (right). Median indicated. *p 
< 0.05, **p < 0.01, ****p <0.0001. 

3M=Myeloma patients at 3 months post-ASCT (n=61) 

6-12M= Myeloma patients at 6-12 months post-ASCT (n=49) 

HD=Healthy donors (n=15) 

  

A 
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5.2.3 Expression of immune checkpoint proteins on CD4 effectors and CD8 

T cells in BM of MM patients post-ASCT 

In order to understand immune landscape in the post-ASCT marrow, co-inhibitory 

and co-activation receptors on CD4 effectors (CD4+FoxP3-) and CD8 T cells 

were examined by flow cytometry. Due to their current clinical relevance, the 

analysis was focused on the expression of key co-inhibitory and co-activation 

immune checkpoints including PD-1, LAG-3, CTLA-4, and ICOS (Kim and Cantor, 

2014). Immune checkpoint proteins were highly expressed on T cell subsets in 

the BM of post-ASCT MM patients compared to HD (n=15). CD4 effectors at 3 

months post-ASCT (n=61) expressed higher frequencies of PD-1, LAG-3, ICOS, 

CTLA-4, GzmB, and Ki-67 (p=<0.0001, p=0.0016, p=0.0018, p=0.003, 

p=<0.0001, p=<0.0001 respectively) (Figure 5.3), this was also the case on CD4 

effectors at 6-12 months post-ASCT (n=49) (p=0.0078, p=0.0006, p=0.0018, 

p=0.001, p=<0.0001, p=<0.0001 respectively) (Figure 5.3).  

CD8 T cells in MM patients at 3 months post-ASCT (n=61) expressed higher 

frequencies of LAG-3, GzmB and Ki-67 (p=0.0003, p<0.0001, and p<0.0001 

respectively) (Figure 5.4). CD8 T cells also expressed higher frequency of the 

above markers at 6-12 months post-ASCT (n=49) (p=0.0005, p<0.0001, and 

p<0.0001 respectively). There was no significant difference in the frequency of 

PD-1, ICOS, and CTLA-4 on CD8 T cells at 3 or 6-12 months post-ASCT (Figure 

5.4).  

Next, the T cell subsets and immune checkpoint expression on T cells were 

compared in the BM of patients at diagnosis and post-ASCT. These are separate 

group of patients and not paired analysis, as only few patients had paired BM 

samples at diagnosis and post-ASCT.  When examining the T cell compartment, 

the proportion of both CD3 and CD4 T cells was significantly reduced post-ASCT 

compared to new diagnosis (3 months post-ASCT p=0.026; 6-12 months post-

ASCT p=0.009). There was no significant difference in the frequency of CD8 T 

cells (Figure 5.5A). Consequently, the CD4:CD8 ratio was significantly decreased 

at 3 and 6-12 months post-ASCT compared to new diagnosis (p=<0.0001 for 

both) (Figure 5.5B). The proportion of Treg cells when expressed as % of live 

MNCs (CD4+FoxP3+) was significantly reduced post-ASCT compared with new 
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diagnosis (3 months post-ASCT p=<0.0001; 6-12 months post-ASCT p=0.016). 

However, when expressed as % of CD4 cells, the proportion of Tregs out of CD4 

T cells was significantly increased post-ASCT (3 months post-ASCT p=0.032; 6-

12 months post-ASCT p=0.012) (Figure 5.5A). There was no significant 

difference in CD4eff:Treg ratio when comparing new diagnosis and post-ASCT. 

The CD8:Treg ratio was significantly higher at 3 months post-ASCT when 

compared with new diagnosis (p=<0.0001) (Figure 5.5B). 

Next, the changes in the expression of co-inhibitory and co-activation immune 

checkpoints on CD4 effectors and CD8 T cells was examined. Immune 

checkpoint proteins were highly expressed on CD4 effectors in the BM of post-

ASCT MM patients compared to newly diagnosed patients. CD4 effectors at 3 

and 6-12 months post-ASCT expressed higher frequencies of PD-1, ICOS, 

CTLA-4, GzmB, and Ki-67 (3 months post-ASCT p=<0.0001, p=0.006, p=0.003, 

p=<0.0001, p=<0.0001 respectively; 6-12 months post-ASCT, p=0.006, p=0.017, 

p=0.002, p=<0.0001, p=<0.0001 respectively). However, there was no significant 

difference in the frequency of LAG-3 (Figure 5.5C). The frequencies of PD-1 and 

CTLA-4 on CD8 T cells were significantly increased at diagnosis compared to 6-

12 months post-ASCT (p=0.008; p=0.028) (Figure 5.5D). There was a significant 

increase in the frequency of Ki-67 on CD8 T cells at 3 months post-ASCT 

compared to new diagnosis (p=0.004). Cytotoxic CD8 T cells expressing GzmB 

were significantly increased at 3 and 6-12 months post-ASCT (p=<0.0001 for 

both). There was no significant difference in the frequency of LAG-3 or ICOS 

between new diagnosis and post-ASCT (Figure 5.5D). Similar findings were 

observed in paired samples (Appendix 8), however, only few patients had paired 

samples at diagnosis and post-ASCT (n=7).  

Collectively, the results may indicate a reduction in the proportion of CD3 and 

CD4 T cells, with features of immune activation in effector T cells post-transplant, 

particularly CD4 effectors. Whether this is directly related to the transplant or is a 

post-treatment effect remains to be established. 
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Figure 5.3: Co-activation and co-inhibitory receptors on CD4 effectors. 
Frequency of PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 on CD4 effectors 
(CD4+FoxP3-) in the BM of HD, MM patients 3 months and 6-12 months post-
ASCT. **p < 0.01, ***p <0.001, ****p <0.0001. 

3M=Myeloma patients at 3 months post-ASCT (n=61) 

6-12M= Myeloma patients at 6-12 months post-ASCT (n=49) 

HD=Healthy donors (n=15)  
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Figure 5.4: Co-activation and co-inhibitory receptors on CD8 T cells. 
Frequency of PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 on CD8 T cells in 
BM of HD, MM patients 3 months and 6-12 months post-ASCT. **p < 0.01, ***p 
<0.001, ****p <0.0001. 

3M=Myeloma patients at 3 months post-ASCT (n=61) 

6-12M= Myeloma patients at 6-12 months post-ASCT (n=49) 

HD=Healthy donors (n=15) 
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Figure 5.5: Changes in T cell subsets and immune checkpoint markers on 
T cells at diagnosis and post-ASCT. (A) Percentages of CD3, CD4, CD8 T 
cells, Tregs expressed as % of live MNCs, and as % of CD4 cells. (B), CD4:Tregs 
ratio (left), CD8:Tregs ratio (middle panel), and CD4:CD8 ratio (right). (C), 
Frequency of PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 on (C) CD4 effectors 
and (D) CD8 T cells in the BM of newly diagnosed and post-ASCT patients. *p < 
0.05, **p < 0.01, ***p <0.001, ****p <0.0001.  

ND=New diagnosis (n=78) 

3M=Myeloma patients at 3 months post-ASCT (n=61) 

6-12M= Myeloma patients at 6-12 months post-ASCT (n=49). 
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5.2.4 Tregs post-ACT express high levels of immune checkpoint proteins 

compared to healthy donors 

Next, the immune checkpoint phenotype of Treg cells was examined. Tregs at 3 

months post-ASCT expressed higher frequencies of ICOS, CTLA-4, and CD25 

compared with HD (HD n=12, CD25% and 15, rest) (p=0.0025, p=0.0025, and 

p=0.035 respectively), while Tregs in MM patients at 6-12 months post-ASCT 

expressed high frequency of LAG-3 compared with HD (p=0.029) (Figure 5.6).  
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Figure 5.6: Expression of co-inhibitory and co-activation proteins on Treg 
cells. Frequency of PD-1, LAG-3, ICOS, CTLA-4, and Ki-67 expression on Treg 
cells (CD+FoxP3+) in BM of HD, MM patients 3 months and 6-12 months post-
ASCT, and frequency of CD25 on Tregs in BM of HD and MM patients 3 months 
post-ASCT. *p < 0.05, **p < 0.01. 

3M=Myeloma patients at 3 months post-ASCT (n=13, CD25%, and 61, rest) 

6-12M=Myeloma patients at 6-12 months post-ASCT (n=49) 

HD=Healthy donors (n=12, CD25% and 15, rest) 
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5.2.5 T cell subsets post-ASCT and PFS 

Several studies have correlated T cell reconstitution post-ASCT with improved 

survival (Porrata et al., 2001; Brown et al., 2009; Ho et al., 2017), therefore, the 

effect of T cell subsets on PFS post-ASCT was examined. In this study, there 

was no correlation between frequencies of CD3, CD4, and CD8 T cells and PFS 

at 3 and 6-12 months post-ASCT (Figure 5.7A, B, and C). However, patients with 

low frequency of CD3 at 3 months post-ASCT may have a shorter PFS, although 

not statisticaly significant (p=0.11). 

No correlation was found between the frequency of Treg cells and PFS in MM 

patients at 3 and 6-12 months post-ASCT (Figure 5.7D). The number of patients 

in this study is small, thus underpowered to determine the influence of T cell 

subsets on PFS. Larger studies are required to validate these findings. Taken 

together, this data may indicate that T cell subsets post-ASCT are not contributing 

to PFS, however, it could be hypothesised that the pattern of T cell activation or 

exhaustion in the post-transplant setting impact PFS in this cohort of patients. To 

test this hypothesis, the association of co-inhibitory and co-activation receptors 

with PFS was next examined.  
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Figure 5.7: T cell subsets and PFS. PFS in patients with high (>median) and 
low (≤ median) frequency of (A) CD3, (B) CD4, (C) CD8, and (D) Tregs in patients 
3 months post-ASCT (left) and 6-12 months post-ASCT (right). 
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5.2.6 Expression of immune checkpoints on CD4 effectors and CD8 T cells 

correlates with PFS post-ASCT 

Having identified high levels of immune checkpoint proteins on CD4 effectors, 

CD8, and Treg cells in MM patients post-ASCT, the correlation of co-inhibitory 

and co-activation receptors on these T cell subsets with PFS was examined to 

test the hypothesis that immune checkpoint proteins on T cells in BM of MM 

patients post-ASCT may affect clinical outcome.  

Patients were first divided into two groups using the median % positive for each 

marker on CD4 effectors. Starting with frequency of PD-1 on CD4 effectors, MM 

patients at 3 months post ASCT with high frequency of PD-1 on CD4 effectors 

(>median) had significantly shorter PFS compared to MM patients with low 

frequency of PD-1 (≤median) (median 18 months vs 36; p=0.042) (Figure 5.8A). 

In contrast, there was no correlation between frequency of PD-1 on CD8 T cells 

and PFS (Figure 5.8A).  

CD8 T cells in MM patients at 3 months post-ASCT with high frequency of Ki-67 

(>median) had significantly shorter PFS compared to MM patients with low 

frequency of Ki-67 (≤median) (median 18 months vs 27; p=0.048) (Figure 5.8B), 

while CD4 effectors with high frequency of Ki-67 showed a trend towards shorter 

PFS compared to MM patients with low frequency of Ki-67 (p=0.08) (Figure 5.8B). 

MM patients with high frequency of LAG-3 (>median) on CD4 effectors at 3 

months had significantly shorter PFS compared to MM patients with low 

frequency of LAG-3 (≤median) (median 18 months vs 53; p=0.003) (Figure 5.8C), 

this correlation was also seen with the frequency of LAG-3 on CD8 T cells and 

Tregs (median 20 months vs 53; p=0.006, median 20 months vs 53; p=0.046, 

respectively) (Figure 5.8C). Moreover, there were considerable correlations 

between the frequency of LAG-3 on different T cell subsets; (CD4eff LAG-3+ vs 

CD8 LAG-3+ r=0.82, p<0.0001; CD4eff LAG-3+ vs Tregs LAG-3+, r=0.56, 

p<0.0001; Tregs LAG-3 vs CD8 LAG-3, r=0.5, P<0.0001) (Figure 5.9).  

The plasam cell percentage was available for 55 patients. There was no 

correlation between the frequency of PD-1 on CD4 effectors, Ki-67 on CD8 T 
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cells, LAG-3 on CD4 effectors and CD8 T cells with percentage of plasma cells 

in the BM (Appendix 9). However, there was a positive correlation between the 

frequency of LAG-3 on Tregs with the percentage of plasma cells (r=0.32, p=0.02) 

(Appendix 9). There was no correlation between co-inhibitory or co-activation 

receptors on CD4 effectors, CD8, and Treg cells with PFS at 6-12 months post-

ASCT (Appendix 10).   
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Figure 5.8: Co-inhibitory and co-activation receptors on CD4 effectors and 
CD8 T cells and effect on PFS in MM patients 3 months post-ASCT. (A) PFS 
in patients with high (>median) and low (≤ median) frequency of PD-1 on CD4 
effectors  (left) and CD8 T cells  (right), (B) PFS in patients with high (>median) 
and low (≤ median) frequency of Ki-67 in CD4 effectors  (left) and CD8 T cells  
(right) , and (C) PFS in patients with high (>median) and low (≤ median) frequency 
of LAG-3 on CD4 effectors (left), CD8 T cells (middle panel), and Tregs (right). 
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Figure 5.9: Correlation between co-inhibitory and co-activation 
receptors.  (A) Correlation of CD4eff LAG-3 with CD4eff PD-1 (left), CD8 
LAG-3 (right), CD8 Ki-67 (bottom left), and Tregs LAG-3 (bottom right). (B) 
Correlation of CD4eff PD-1 with CD8 LAG-3 (left), Tregs LAG-3 (right), and 
CD8 Ki-67 (bottom). 
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Figure 5.9: Correlation between co-inhibitory and co-activation receptors.  

(A) Correlation of CD4eff LAG-3  with CD4eff PD-1 (left), CD8 LAG-3 (right), CD8 
Ki-67 (bottom left), and Tregs LAG-3 (bottom right). (B) Correlation of CD4eff PD-
1 with CD8 LAG-3 (left), Tregs LAG-3 (right), and CD8 Ki-67 (bottom). (C) 
Correlation of CD8 Ki-67 with Tregs LAG-3 (left), and CD8 LAG-3 (right). (D) 
corraltion of CD8 LAG-3 with Tregs LAG-3.(n=61). 

CD4eff LAG-3: Frequency of LAG-3 on CD4 effectors (CD4+FoxP3-) 

CD4eff PD-1: Frequency of PD-1 on CD4 effectors (CD4+FoxP3-) 

CD8 LAG-3: Frequency of LAG-3 on CD8 T cells  

Tregs LAG-3: Frequency of LAG-3 on Tregs (CD4+FoxP3+) 

CD8 Ki-67: Frequency of Ki-67 on CD8 T cells  
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5.2.7 Frequency of PD-1 on CD4 effectors and Ki-67 in CD8 T cells are an 

independent predictor of PFS   

A multivariate Cox regression model was built including R-ISS, depth of 

response, and the immune phenotypes identified in section 5.2.6 to correlate with 

PFS, based on univariate analsyis see Appendix 11. The frequency of LAG-3 on 

CD4 effectors and CD8 T cells were excluded due to strong correlation between 

the two phenotypes and with the frequency of LAG-3 on Tregs, while the immune 

phenotypes included in the model were not highly correlated (Tregs LAG-3+ vs 

CD4eff PD-1+ r=0.2, p=0.11; Tregs LAG-3+ vs CD8 Ki-67+, r=0.03, p=0.8; 

CD4eff PD-1+ vs CD8 Ki-67, r=0.02, P=0.88) (Figure 5.9). In this model, high 

frequency of PD-1 on CD4 effectors retained independent prognostic value, along 

with Ki-67 in CD8 T cells and R-ISS stage (Figure 5.10). These findings reveal 

potential immune biomarkers for poor outcomes post-ASCT, and prompt deeper 

phenotypic analysis.  
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Figure 5.10: Effect of clinical and immunological features at 3 months post-
ASCT on PFS. Forest plot for multivariate Cox regression analysis showing 
hazard ratios (HR) and 95% confidence intervals for each parameter.  
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5.2.8 UMAP enables visualisation of flow cytometry data and reveals 

phenotypic differences between T cells in patients with CD4eff PD-1lo and 

CD4eff PD-1hi 

The observed association between expression of PD-1 on CD4 effectors and 

clinical outcomes raised the possibility that patients with high frequency of this 

subset may have a distinct T cell phenotype contributing to worse clinical 

outcome. Therefore, the algorithm UMAP (Uniform Manifold Approximation and 

Projection) was undertaken to analyse T cell phenotype using 6 patients with high 

frequency of PD-1 on CD4 effectors and 6 patients with low frequency of PD-1 

on CD4 effectors as described in chapter 2.  

Recent advances in flow cytometry led to an increase in the number of 

parameters that can be measured simultaneously from single cell resulting in the 

generation of massive and high-dimensional datasets. Therefore, novel 

computational techniques were developed, such as t-SNE and UMAP, to enable 

visualization of high-dimensional cell parameters in a 2-dimensional map by 

examining single cells and plotting cells with similar phenotypes in close 

proximity, providing tools to visualize, analyse, and interpret large amounts of 

data in automated and unbiased way (Saeys, Van Gassen and Lambrecht, 2016). 

Both t-SNE and UMAP were used to analyse and visualize human BM  T cells  

(Amir et al., 2013; Becht et al., 2019). However, for the purpose of this study 

UMAP was chosen over t-SNE for two reasons: (1) UMAP is faster than t-SNE, it 

takes around 5 minutes to run 200,000 cells using UMAP versus over 2 hours for 

t-SNE, and (2) there is a better separation of clusters using UMAP therefore 

organising the clusters in meaningful way compared to t-SNE (Becht et al., 2019). 

To determine whether there were differences in T cell subpopulations between 

the two groups of patients, UMAP was the multidimention reduction tool used, 

and FlowSOM algorithm was used to cluster cells using a predefined number of 

cluster set by the user, allowing the identification of cell populations that can be 

phenotypically characterised by their median marker expression (Wu et al., 

2019). Cells were catagorised into 15 clusters, these 15 subpopulations of CD3+ 

cells were generated based on the expression of CD4, CD8, FoxP3, PD-1, LAG-

3, ICOS, Ki-67, and GzmB. The clusters were generated on the basis of the 
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median marker intensities and heatmap was generated accordingly (Figure 

5.11A). Subsequently the differences in frequencies of the identified clusters 

between the two groups were examined. For the annotated clusters, cell 

frequencies were calculated in each cluster and compared between the CD4eff 

PD-1lo and CD4eff PD-1hi and plotted (Figure 5.11C). The analysis revealed 

cluster 3 (CD8+ GzmB+), cluster 6 (CD4+), cluster 8 (GzmB), and cluster 9 

(CD4+) to be significantly higher in CD4eff PD-1lo compared to CD4eff PD-1hi 

(p=0.015, p=0.002, p=0.004, p=0.009 respectively). On the other hand, cluster 4 

(CD8+GzmB+PD-1+), cluster 12 (CD4+ICOS+CTLA-4+PD-1+), and cluster 14 

(Tregs; CD4+FoxP3+PD-1+LAG-3+CTLA-4+Ki-67+) were significantly higher in 

CD4eff PD-1hi compared to CD4eff PD-1lo (p=0.009, p=0.015, p=0.002 

respectively). There was a trend towards increased cluster 1 

(CD8+GzmB+CTAL-4+LAG-3+) in CD4eff PD-1hi (p=0.07). Taken together this 

data is consistent with the hypothesis that T cells in patients with CD4eff PD-1hi 

are enriched for dysfunctional subsets including PD-1 expressing cytotoxic CD8 

T cells, activated ICOS+ CD4 effectors co-expressing PD-1 and CTLA-4, and 

contain a high frequency of activated Treg cells. These findings warrant further 

validation in a larger cohort of patients.  
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Figure 5.11: Dimension reduction analysis revels phenotypic differences 
between T cells in patients with CD4eff PD-1hi and CD4eff PD-1lo. (A) Flow 
cytometric data of T cells (CD3+) from 6 patients with CD4eff PD-1hi and 6 
patients with CD4eff PD-1lo analysed by the dimension reduction algorithm 
Uniform manifold approximation and projection (UMAP) and concatenated (left), 
heatmap showing median expression for each marker in all 15 clusters (right). 
(B) individual umap for each patient.   
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Figure 5.11: Dimension reduction analysis revels phenotypic differences 
between T cells in patients with CD4eff PD-1hi and CD4eff PD-1lo. (C) T cell 
frequencies in clusters identified in the unsupervised analysis and are 
statistically significant between patients with CD4eff PD-1lo and CD4eff PD-1hi. 
*p < 0.05 **p < 0.01. 
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5.2.9 Effector T cells from CD4effPD-1hi patients post-ASCT do not show 

reduced cytokine expression 

Next, T cells function was assessed in these 2 groups of patients (CD4eff PD-1hi 

and CD4eff PD-1lo) by stimulating whole BM MNCs with anti-CD3 and anti-CD28 

antibodies, and assessing cytokine expression. After 6 hours of stimulation, there 

was no significant difference in cytokine expression in activated CD4 effectors 

(CD4+FoxP3-CD69+ cells) between 4 patients with CD4effPD-1lo and 4 patients 

with CD4eff PD-1hi when staining intracellularly for TNF-alpha, INF-gamma, and 

IL-2 (Figure 5.12A). Similar findings were observed amongst activated CD8 T 

cells (CD8+CD69+) (Figure 5.12B). The data from this small cohort of patients 

raises the question of whether the expression of multiple co-inhibitory receptors 

in addition to PD-1 is needed for affecting T cell function in post-ASCT setting. 

However, the experiment is underpowered to determine the T cell functional 

differences between patients with CD4eff PD-1hi and CD4eff PD-1lo.  
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Figure 5.12: Cytokine expression in CD4 effectors and CD8 T cells in 
patients with CD4eff PD-1hi and CD4eff PD-1lo. (A) TNF-alfa in CD69+CD4 
effectors after 6 hours stimulation with anti-CD3 and anti-CD28 (left), INF-gamma 
(middle panel), and IL2 (left). (B) TNF-alfa in CD8+CD69 after 6 hours stimulation 
(left), INF-gamma (middle panel), and IL2 (left). 

PD-1lo= patients with low frequency of PD-1 on CD4 effectors (n=4) 

PD-1hi= patients with high frequency of PD-1 on CD4 effectors (n=4) 
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5.2.10 Unsupervised analysis of T cell phenotype reveals a cluster with 

high risk of early disease progression 

As an alternative to analysing prognostic associations using single feature 

analysis, eg. PD-1 on CD4 effectors, we undertook unsupervised clustering of the 

data from the 61 patients studied at 3 months post-ASCT, based on the frequency 

of co-activation and co-inhibitory receptors on CD4 effectors, CD8, and Treg 

cells. This was done to explore if a particular combination of T cell phenotypes 

was able to identify subgroups of patients with distinct clinical outcomes. The 

analysis produced unsupervised hierarchical clusters and heatmap of the scaled 

T cell subsets expressing co-inhibitory and co-activation receptors. The number 

of clusters was determined through NbClust, which is a package that provides 30 

indices to determine the best number of clusters (Charrad et al., 2014). NbClust 

proposed the optimal number of clusters in this cohort to be 2,3 or 7 clusters, it 

was not possible to split the cohort into 2 or 3 clusters due to small number of 

patients in one cluster (n=2) versus the other. Therefore, patients were divided 

into 7 clusters (Figure 5.13A, and B). Patients who were classified as cluster 3 

exhibited a shorter PFS compared to other patients (median 18 months vs 36; 

p=0.03) (Figure 5.13C).  

As this unsupervised clustering of T cell phenotype had identified 2 subgroups of 

patients with different survival outcomes, the next aim was to characterize cluster 

3 in more detail. Patients in cluster 3 had a significant increase in the frequency 

of Treg cells (CD4+FoxP3+; p=0.038) (Figure 5.13D). Moreover, T cells found in 

patients in cluster 3 were phenotypically different when compared with other 

patients; Treg cells expressed higher frequencies of Ki-67, ICOS and LAG-3 

compared to patients in other clusters (p=0.038, p=0.002, p=0.042 respectively). 

This suggests that patients in cluster 3 contain higher levels of activated Tregs 

with enhanced immune suppressive function. Patients in cluster 3 were also 

found to have high frequencies of Ki-67, ICOS, PD-1, and LAG-3 on CD4 

effectors (p=0.002, p=<0.0001, p=0.009, p=0.004, respectively), and a trend 

towards higher CTLA-4 (p=0.068). Interestingly these patients had significantly 

lower cytotoxic CD4 effectors (CD4effGzmB+; p=0.015).  Finally, CD8 T cells in 

patients in cluster 3 were found to also express higher levels of ICOS, PD-1, and 

LAG-3 (p=<0.0001, p=0.009, p=0.012 respectively).  Higher levels of these co-
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inhibitory and co-activation receptors in CD4 effectors and C8 T cells suggested 

an expansion of activated but dysfunctional T cells in the BM of patients in cluster 

3.  
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Figure 5.13: Unsupervised clustering using single expression of co-
inhibitory and co-activation markers identified a subgroup with distinct 
phenotype and prognostic features. (A) Unsupervised hierarchical clustering 
and heatmap of co-activation and co-inhibitory receptors on CD4 effectors, CD8, 
and Treg cells in 61 patients at 3 months post-ASCT. (B) The dendogram was 
cut into 7 clusters according to NbClust package. (C) PFS in patients in cluster 3 
and clusters 1+2+4+5+6+7. (D) Frequency of Tregs in patients in cluster 3 and 
clusters 1+2+4+5+6+7.   
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Figure 5.13: Unsupervised clustering using single expression of co-
inhibitory and co-activation markers identified a subgroup with distinct 
phenotype and prognostic features. (A) Unsupervised hierarchical clustering 
and heatmap of co-activation and co-inhibitory receptors on CD4 effectors, CD8, 
and Treg cells in 61 patients at 3 months post-ASCT. (B) The dendogram was 
cut into 7 clusters according to NbClust package. (C) PFS in patients in cluster 3 
and clusters 1+2+4+5+6+7. (D) Frequency of Tregs in patients in cluster 3 and 
clusters 1+2+4+5+6+7. (E) Frequency of co-activation and co-inhibitory receptors 
on Tregs, CD4 effectors and CD8 T cells in patients in cluster 3 and clusters 
1+2+4+5+6+7. *p < 0.05 **p < 0.01, ***p <0.001, ****p <0.0001. 
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5.2.11 LAG-3 co-inhibitory receptor is a potential target in MM patients 

post-ASCT 

Having identified patients in cluster 3 to have shorter PFS and significantly higher 

frequency of LAG-3 on CD4 effectors and CD8 T cells, LAG-3 can be considered 

as a potential target to enhance T cell proliferation and function in MM patients. 

Therefore, an ex-vivo experiment was designed using LAG-3 blocking antibody, 

and the proliferation of CD8 T cells in post-ASCT patients was examined using 

CTV assay. First, to determine the optimal stimulation conditions to examine T 

cell proliferation in BM of MM patients post-ASCT, BM MNCs from a MM patient 

at 3 months post-ASCT were stimulated with anti-CD3 at different concentrations 

(0.05 ug/ml, 0.1 ug/ml, and 0.5 ug/ml), PHA 5 ug/ml, or SEB o.1 ng/ml. The 

frequencies of Ki-67, GzmB, and LAG-3 were examined after 48 hours and 4 

days of stimulation to confirm the activation of CD8 T cells. The frequencies of 

Ki-67 and GzmB were found to be highly expressed in CD8 T cells after 4 days 

of stimulation compared to 48 hours in all stimulation conditions (Figure 5.14A), 

while LAG-3 showed similar expression after 4 days of stimulation compared to 

48 hours (Figure 5.14A). Both frequencies of Ki-67 and LAG-3 were higher on 

CD8 T cells after 4 days of stimulation with anti-CD3. This confirms the activation 

of CD8 T cells in all stimulation conditions after 4 days of stimulation with increase 

activation when cells were stimulated using anti-CD3. Consequently, the 

proliferation of CD8 T cells was then measured by CTV after 4 days, the %CD8 

proliferation was 37.5%, 48.8%, 36.4%, 23.65%, and 5.01% with the anti-CD3, 

PHA and SEB conditions respectively (Figure 5.14B). CD8 proliferation using 

anti-CD3 0.05 ug/ml was chosen for the in vitro CTV assay because this 

stimulation induced more CD8 proliferation compared to PHA and SEB 

stimulation. However, it still allowed the examination of LAG-3 blocking by not 

inducing extensive proliferation as seen at higher concentrations of anti-CD3 (0.1 

ug/ml). To investigate the effect of LAG-3 blockade on CD8 T cell proliferation, 

BM MNCs from patients at 3 months post-ASCT (n=3) were labelled with CTV as 

described in chapter 2 and stimulated with anti-CD3 0.05 ug/ml for 4 days, with 

anti-LAG-3 antibody or isotype control. In all 3 patients, the addition of anti-LAG-

3 antibody was associated with increased CD8 T cell proliferation compared to 

isotype control (p=0.027) (Figure 5.15C). These results may indicate that LAG-3 
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inhibition can result in increased T cell proliferation and warrants confirmation in 

lager number of patients. 
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Figure 5.14: CD8 proliferation in different stimulation conditions. (A) BM 
MNCs from MM patient at 3 months post-ASCT were stimulated with anti-CD3 
0.05ug/ml, anti-CD3 0.1ug/ml, anti-CD3 0.5ug/ml, PHA 5ug/ml, or SEB o.1 ng/m 
, and the  frequency of Ki-67, GzmB, and LAG-3 on CD8 T cells was determined 
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by flow cytometry after stimulation for 48 hours and 4 days. (B) BM MNCs were 
labelled with Cell Trace Violet proliferation dye (CTV) and stimulated with anti-
CD3 0.05ug/ml, anti-CD3 0.1ug/ml, anti-CD3 0.5ug/ml, PHA 5ug/ml, or SEB 0.1 
ng/ml for 4 days, the frequency of proliferating CD8+ T cells was measured by 
CTV dilution, representative histograms showing the dilution of CTV in stimulated 
(red) and unstimulated (blue) CD8+ cells. Experiment was performed in 
duplicates. 
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Figure 5.15: LAG-3 inhibition stimulates the proliferation of CD8+ T cells in 
vitro.  

BM MNCs from 3 MM patients 3 months post-ASCT were labelled with CTV and  
stimulated with anti-CD3 0.05 ug/ml for 4 days with isotype control (10 ug/ml) or 
174B LAG-3 (10 ug/ml). (A) Dot plots and (B) histograms of one patient showing 
CD8+ T cell proliferation in duplicate. (C) Proliferation of CD8+ T cells in 3 MM 
patients. Experiment was performed in duplicates. *p < 0.05 calculated by paired 
t test. 
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5.3 Chapter  Discussion 

Autologous ASCT remains the standard treatment for patients with MM, and the 

development of strategies to increase the duration of response remains a critical 

clinical objective. Immunotherapeutic strategies, including immune checkpoint 

blockade, are promising avenues of research that may be most applicable in the 

minimal residual disease state following ASCT (Lendvai, Cohen and Cho, 2015). 

There is indirect evidence of immune control of myeloma, the progression of 

MGUS to myeloma occurs not only due to accumulation of oncogenic events 

(Agarwal and Ghobrial, 2013), but also because of the described characteristic 

of immunological tumour escape (Mittal et al., 2014; Dhodapkar et al., 2015), 

Minnie et al. found that myeloma progression was associated with exhausted 

CD8 T cells, and in vivo PD-1 or TIGIT blockade significantly prolonged myeloma 

control following SCT (Minnie et al., 2018). This may indicate that the benefit of 

ASCT is not just a result of cytoreduction, thereby providing a rationale for 

immune-based strategies, with the aim of improving clinical outcomes of ASCT. 

This work is an attempt to map the immune checkpoint landscape in MM patients 

following ASCT to identify potential targets for immunotherapy and understand 

the influence of immune checkpoints on PFS post-ASCT. This study identifies 

high frequency of LAG-3 on CD4 effectors, CD8, and Tregs, high frequency of 

PD-1 on CD4 effectors, and high frequency of Ki-67 on CD8 T cells post-ASCT 

to be associated with shorter PFS in MM patients, and patients with high 

frequency of PD-1 on CD4 effectors have a T cell phenotype indicative of 

exhaustion. Moreover, when T cell phenotype was analysed in a cohort of 61 

patients at 3 months post-ASCT, patients with a distinct immune profile 

associated with T cell exhustion were found to be at higher risk of early disease 

progression, confirming the correlation of immune dysregulation in MM with 

prognosis.  

 

The recovery of innate immunity (e.g. NK cells and neutrophils) is achieved within 

weeks of ASCT, while adaptive immunity (T and B cells) recovers within months 

to years (Jimenez-Zepeda et al., 2015). Consistent with previous reports which 
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examined circulating T cell reconstitution post-ASCT, the frequency of CD3 and 

CD4 T cells  in BM were lower post-ASCT, while there was no significant change 

in CD8 T cells frequency, thus resulting in a relative, or proportionate, increase in 

CD8 cells (Rueff et al., 2014; Chung et al., 2016). T cells are known to be 

generated from two pathways, thymus derived through active thymopoiesis, and 

expanded clones at the periphery through homeostatic proliferation. Following  

lymphopenia induced by high-dose chemotherapy, the thymic pathway is 

compromised, and T cells rely on peripheral expansion to recover their numbers. 

During this process, residual mature T cells proliferate rapidly in response to 

cytokines mainly IL-15, resulting in an early increase in memory CD8 T cells 

(Williams, K., Hakim, F. T. & Gress, 2008; Chung et al., 2016). The recovery of 

CD4 T cell number is dependent upon active thymopoiesis, however, this 

pathway is compromised in MM patients due to age and chemotherapy agents 

therefore the recovery of CD4 T cells is slower (Williams, K., Hakim, F. T. & 

Gress, 2008), and this could explain the findings in this chapter where the 

reconstitution of CD8 T cells outpaced that of CD4 T cells.  

There is limited data on the kinetics of Tregs reconstitution following ASCT. 

Batorov et al. described rapid recovery of circulating Tregs on the day of 

engraftment, and thereafter it decreased over the course of the following year  

(Batorov et al., 2018). Ganeshan et al. demonstrated an increase in circulating 

Tregs 6 months post-ASCT  (Ganeshan et al., 2011). Unlike previous studies, 

however, which examined Tregs in PB, this work found a high frequency of Tregs 

in BM of MM patients at 3 and 6-12 months post-ASCT. Treg depletion was found 

to improve survival in murine myeloma model, highlighting the importance of 

Tregs as a key immunosuppressive pathway that facilitates disease progression 

(Kawano et al., 2018). Therefore, future designs of effective immunotherapeutic 

strategies will need to be adapted to the influence of Tregs in the 

microenvironment if the potential of such strategies is to be achieved. 

Immune reconstitution following ASCT has been investigated and correlated with 

clinical outcomes. Several studies have indicated an association between rapid 

immune recovery at day 15 (Porrata et al., 2001) and day 23 of transplant (Kim 

et al., 2006) with favourable outcomes. There was no correlation between T cell 

subsets and PFS, and this is consistent with previous study that examined 
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correlation between CD4, CD8 T cells and PFS at longer time point (Rueff et al., 

2014). Yet, the specific dynamics of T cell recovery in the context of the current 

understanding of dysfunctional or exhausted T cells have not been defined.  

The data in this chapter demonstrate high expression of immune checkpoint 

proteins on CD4 effectors, CD8, and Treg T cells. This differs from previous 

findings reported by Chung et al. where there was no increase in PD-1, LAG-3, 

or TIM-3 in MM patients post-ASCT compared to pre-ASCT (Chung et al., 2016). 

However, the authors studied PB, in contrast to this study on BM T cells, as this 

is the site of tumour. Recent in vivo MM models reported differences in the 

immune phenotype of circulating and BM resident T cells (Kawano et al., 2018), 

highlighting the importance of examining BM T cells for the assessment of the 

dynamic immune landscape. Patients with a high frequency of LAG-3 on CD4 

effectors, CD8, and Treg cells had shorter PFS, as did patients with high 

frequency of PD-1 on CD4 effectors. In vitro PD-1 blockade was found to 

augment T cell response in MM (Rosenblatt et al., 2011). The results in this 

chapter provide a rationale for testing early checkpoint blockade in post-

transplant treatment strategies. In this study, a high frequency of PD-1 on CD4 

effectors, and Ki-67 on CD8 T cells were both identified as independent correlates 

of shorter PFS on multivariate analysis. Ki-67, which is a protein expressed by 

dividing cells (Scholzen and Gerdes, 2000) was found to be highly expressed by 

CD4 and CD8 T cells with exhausted phenotype at tumour site in melanoma 

patients compared to PB or normal tissue (Ahmadzadeh et al., 2009). 

This is the first study comparing immune checkpoint protients in the BM of MM 

patints at 3 and 6-12 months post AST. There was a trend twards higher 

frequency of ICOS and CTLA-4 on Tregs at 6-12 months post-ASCT (p=0.09 for 

both), therefore examing a larger cohort may show a significant increase of these 

checkpoint protiens as seen at 3 months post-ASCT. On the other hand, LAG-3 

was highly expressed on Tregs at 6-12 months post-ASCT. This could be in 

response to DCs reconstitution as LAG-3 on Tregs binds to MHC class II 

molecules expressed by DCs and supresses their immunostimulatory function 

(Shevach, 2009).  
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T cell exhaustion phenotype was reported to be associated with immune 

impairment and relapse following ASCT (Chung et al., 2016). In keeping with this, 

UMAP analysis from patients with high CD4eff PD-1 demonstrated high 

expression of PD-1 on CD8 T cells in this group of patients compared to those 

with low CD4eff PD-1, a phenotype associated with chronic antigenic stimulation 

(Gros et al., 2014). MM patients were found to express high levels of PD-1 on 

CD8 T cells, and these cells were characterised by impaired proliferation and 

cytokine release in vitro (Zelle-Rieser et al., 2016). Moreover, PD-1 expression 

on tumour-infiltrating T cells from melanoma patients correlated with impaired 

effector function (Ahmadzadeh et al., 2009). However, in the current study, there 

was no difference in cytokine secretion between patients with high or low CD4eff 

PD-1. One may hypothesize that the co-expression of multiple co-inhibitory 

receptors maybe required to influence cytokine secretory T cell function. The 

observation of high activation status of T cells following ASCT supports the 

possible need for the expression of multiple co-inhibitory receptors to regulate 

this T cell activation. 

T cell phenotype in the tumour microenvironment has been previously correlated 

with prognosis in different cancers (Fridman et al., 2012; Giraldo et al., 2015). 

Unsupervised clustering method identified a cluster of patients with T cells 

upregulating markers typically associated with exhaustion and dysfunction 

(Anderson, Joller and Kuchroo, 2017), these T cells were characterised by a high 

frequency of PD-1, LAG-3, CTLA-4, the co-expresson of these markers was 

previously reported in exhausted T cells in the tumour microenvironment in 

myeloma (Zelle-Rieser et al., 2016) and other cancers (Ahmadzadeh et al., 2009; 

Matsuzaki et al., 2010; Jiang, Li and Zhu, 2015). Patients in this cluster had a 

higher risk of disease progression. Interestingly, those patients had a high 

frequency of Treg cells with an immune suppressive phenotype, and such cells 

are reported to correlate with disease progression in MM (Chung et al., 2016; 

Kawano et al., 2018). In addition, patients in this cluster had a low frequency of 

cytotoxic CD4 effectors. Tregs were found to actively suppress cytolytic T cell 

activity (Kawano et al., 2018), suggesting that this Treg population may be related 

to the presence of poorly cytotoxic effector T cells (Giraldo et al., 2017).  In a 

study on patients with clear-cell renal carcinoma, T cells of patients with a high 
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risk of early disease progression were enriched in CD4+ICOS+GITR+ cells with 

a Treg phenotype, and high frequency of GITR, ICOS, LAG-3, PD-1, and TIM 3 

on CD4+ and CD8+ tumour-infiltrating T cells (Giraldo et al., 2017). Tumour 

reactive CD8 T cells were found to express PD-1, LAG-3, and TIM3. Moreover, 

tumour-reactive T cells co-expressed higher levels of ICOS and PD-1 compared 

to circulating CD8 T cells in patients with melanoma (Gros et al., 2014). However, 

from this data it is not possible to conclude that T cells in patients in cluster 3 are 

myeloma-reactive T cells.  

This is the first study to correlate multiparametric expression of co-inhibitory and 

co-activation receptors in the BM microenvironment post-ASCT with PFS, 

highlighting its utility to detect patients with the potential of earlier relapse. 

Further, the findings may suggest that exhausted T cell phenotype could provide 

a predictive biomarker supporting earlier intervention to prevent relapse. The 

findings in this chapter corroborate another study (Chung et al., 2016) suggesting 

that optimal timing of immunotherapy may be early post-transplant, opening up 

possible immune checkpoint therapeutic opportunities for transplant eligible 

patients. In this study, small number of patients (n=14) were identified in cluster 

3. Therefore, the results must be interpreted with caution and needed to be 

validated in larger cohorts. However, despite this limitation the clusters described 

in the unsupervised analsysis provide a basis for future functional assays to 

investigate and confirme T cell dysfunction in patients in cluster 3.  

The identification of co-inhibitory receptors that antagonize the function of 

tumour- specific T cells is crucial for the development of effective cancer 

immunotherapy. LAG-3 is a co-inhibitory receptor expressed on Tregs, activated 

T cells, and NK cells, and it is known to negatively regulate the expansion of 

activated T cells (Matsuzaki et al., 2010). In a recent study, high expression of 

LAG-3 mRNA in circulating T cells post-ASCT was associated adverse outcomes 

in MM patients (Fabienne et al., 2018). LAG-3 blockade in addition to anti-PD-1 

strategy showed an additive therapeutic activity in preclinical models of cancer 

(Woo et al., 2013). On the basis of the finding of high LAG-3 expression on T 

cells and negative association with clinical outcomes, LAG-3 blocking antibody 

was used in vitro to examine T cell proliferation. The data show that in vitro 

blockade of LAG-3 in patients at 3 months post-ASCT increases T cell 
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proliferation. This warrants further validation in a larger cohort of patients, and 

future work should include in vitro blockade of LAG-3 in combination with anti-

PD-1 to release the break on effector T cells. Phase I/II trial for patients with 

relapsed MM is commencing in October 2019 to understand immunological 

effects and safety of anti- LAG-3 monoclonal antibody BMS-986016 as a single 

agent and in combination with pomalidomide and dexamethasone 

(NCT04065425). The data from this chapter provide initial support  that patients 

with high levels of PD-1 and LAG-3 on T cells are at higher risk of disease 

progression and these patients could benefit from anti-LAG-3 antibody as a single 

agent or in combination with anti-PD-1 to facilitate the expansion of activated T 

cells and induce anti-tumour immunity.  

Overall, this work suggests that distinct T cell phenotype indicative of exhaustion 

in both the CD4 and CD8 compartments and associated with increased Tregs, 

correlates with significantly shorter PFS in MM patients post-ASCT. The data 

highlights the contribution of immune dysregulation to disease progression and 

relapse, with T cell exhaustion as a biomarker that warrants validation in a larger 

cohort of patients, and prompt functional studies to uncover immune drivers of 

early relapse post-transplant. These preliminary findings provide a rationale for 

early introduction of checkpoint blockade agents such as anti-PD-1 and anti-LAG-

3 to induce antitumor immunity post-ASCT.  
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Chapter 6: Optimising a CyTOF panel to evaluate immune 

microenvironment in myeloma patients at diagnosis and post-ASCT 

 

6.1 Introduction 

The findings in previous chapters highlighted the correlation of dysfunctional T 

cells in the bone marrow (BM) of multiple myeloma (MM) patients and disease 

progression. Since the flow cytometry panels were set up for this project, other 

immune checkpoints have been recognised to play a role in cancer immunity, 

such as TIGIT (Guillerey et al., 2018) and TIM3 (Blaeschke et al., 2020; Lucas et 

al., 2020). While flow cytometry technology is limited by the number of makers 

that can be detected on individual cells, Cytometry by time-of-flight (CyTOF) 

substantially increases the number of parameters that can be detected in single 

cell analysis, allowing in depth examination of immune-cell populations in the 

tumour microenvironment (Han et al., 2018). Here, a CyTOF panel was designed 

to expand the existing flow cytometry panels to include relevant immune 

checkpoints, and cell populations beyond T cells such as NK and B cells.   

CyTOF uses antibodies that are conjugated to rare earth metals. These metal 

tags serve the same function as fluorophores in flow cytometry. There are more 

than 40 metal tags with high purity that can be used simultaneously in CyTOF 

(Ijsselsteijn et al., 2019). In principle, mass cytometry is based on inductively 

coupled plasma TOF mass spectrometry (ICP-TOF-MS) to quantify isotopic 

contents of elements in the periodic table. Andreu et al. was the first study that 

used ICP-MS in biological assays where they measured the endocytic uptake of 

low-density lipoproteins (LDLs) conjugated to colloidal gold in cultured cell 

(Andreu et al., 1998). Later, a study used this technology for immunophenotyping 

of a human leukaemia cell line (Ornatsky et al., 2006). The same authors 

described their new technology “mass cytometry” and demonstrated its 

capabilities for highly multiparametric analysis of BM and peripheral blood (PB) 

cellular markers (Bandura et al., 2009).  

The workflow of mass cytometry starts with staining cells with metal conjugated 

antibodies against a target of interest. The sample introduction system introduces 

cells one at time into the isotype-conjugated probe (ICP) source of ionization. 
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Cells are nebulized into single-cell droplets within a heat chamber. The aerosols 

are partially vaporised by the high temperature and carried by argon gas to the 

ICP source where the cells are atomised and ionised. This results in a cloud of 

ions which enters the time-of-flight (TOF) chamber which separates ions based 

on the mass:charge ratio as they are moving to the detector. Finally, the detector 

measures the mass spectrum which identify and quantify each isotype on 

individual cells. The data is generated in flow cytometry standard (fcs) files which 

can be analysed by FlowJo or dimensional reduction platform (Bendall et al., 

2012; Hartmann and Bendall, 2020). The advances of CyTOF high dimensional 

data analysis and visualization (Becht et al., 2019) expanded the application of 

this technology to different fields, including cellular pathways (Teh et al., 2020) 

and mapping cellular phenotype (Bendall et al., 2012; Ho et al., 2020). In MM, 

there are a few studies that examined the MM microenvironment (Adams et al., 

2019; Kourelis et al., 2019; Marsh-Wakefield et al., 2019).  

Although fluorescence compensation is not required in mass cytometry as 

stringently as it is for flow cytometry, there are three main reasons why crosstalk 

between different mass channels may still occur. First, potential isotopic 

impurities can lead to spillover of mass “M” to adjacent channels M+1, M-1, or 

M+2. The second source of spillover is oxide formation. Metals exhibit a degree 

of oxidation in the argon plasma which cannot be eliminated but can be minimised 

by adjusting the rate of gas flow to the plasma source. This oxidisation results in 

an increased in signal at M+16. The third source is the spillover between adjacent 

channels or abundance sensitivity. The spillover into another channel depends 

on the intensity of the signal “M” therefore, as in flow cytometry, a careful panel 

design can minimise this source of spillover (Ornatsky et al., 2008; Chevrier et 

al., 2018). 

The aim of the work described in this chapter is in depth examination of different 

T cell subsets and markers of T cell exhaustion in the BM at baseline and post-

ASCT to identify immune subsets that correlate with outcome. In order to 

investigate the BM microenvironment of MM patients at diagnosis and post-

ASCT, a CyTOF panel was designed. However, an optimisation and validation of 

the panel is required before using the panel for patient samples. Therefore, the 

specific objectives of this chapter are to: 
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1- Optimise the CyTOF panel and correct possible spillovers. 

2- Validate the expression of relevant markers in CyTOF by comparison to 

flow cytometry. 

3- Investigate the differences in T cell subsets, NK cells, and B cells in the 

BM of newly diagnosed and post-ASCT myeloma patients. 
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6.2 Methods 

6.2.1 CyTOF staining and analysis 

6.2.1.1 Antibodies and reagents 

• Buffers and solution preparation: 

• Maxpar Cell Staining buffer (Fluidigm, 201068). 

• Maxpar Fix and Perm buffer (Fluidigm, 201067). 

• Maxpar PBS (Fluidigm, 201058). 

• Nuclear Antigen Staining buffer (Fluidigm, 201063) was prepared by mixing 1 

part of Nuclear Antigen Staining Buffer Concentrate and 3 parts of Nuclear 

Antigen Staining Buffer Diluent. 

• Cell-ID Intercalator (Fluidigm, 201192A) working stock was prepared by making 

up 1:1000 dilution from stock in Maxpar Fix and Firm buffer. 

• Cisplatin (Fluidigm, 201192A) working stock was prepared by making up 1:100 

dilution from Cisplatin stock in Maxpar PBS.  

• Fresh 1.6% formaldehyde solution was prepared from the 16% formaldehyde 

stock ampule (Thermo Scientific, 28906) by diluting 1 part of the stock 

formaldehyde with 9 parts Maxpar PBS. 

The CyTOF antibodies used are shown in table 6.1.   
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Marker Metal tag Manufacturer  

CD3 89Y Fluidigm (Antibody Conjugation Service) 

CD38 141Pr Fluidigm (Antibody Conjugation Service) 

CD19 142Nd Fluidigm (3142001B) 

CD45RA 143Nd Fluidigm (3143006B) 

CD69 144Nd Fluidigm (3144018B) 

CD4 145Nd Fluidigm (3141004B) 

CD8 146Nd Fluidigm (3146001B) 

ICOS 148Nd Fluidigm (3148019B) 

CD56 149Sm Fluidigm (3149021B) 

OX40 150Nd Fluidigm (3150023B) 

KLRG1 151Eu Fluidigm (Antibody Conjugation Service) 

TIM3 153Eu Fluidigm (3153008B) 

TIGIT 154Sm Fluidigm (3154016B) 

PD1 155Gd Fluidigm (3155009B) 

EOMES 156Gd Fluidigm (Antibody Conjugation Service) 

41BB 158Gd Fluidigm (3158013B) 

GITR 159Tb Fluidigm (3159020B) 

CD28 160Gd Fluidigm (3160003B) 

TBET 161Dy Fluidigm (3161014B) 

FOXP3 162Dy Fluidigm (3162024A) 

LAG-3 165Ho Fluidigm (3165028B) 

CCR7 164Dy Fluidigm (Antibody Conjugation Service) 

NKG2D 166Er Fluidigm (3166016B) 

CD27 167Er Fluidigm (3167006B) 

CD25 169Tm Fluidigm (3169003B) 

CTLA4 170Er Fluidigm (3170005B) 

CD101 171Er Fluidigm (Antibody Conjugation Service) 

KI67 172Yb Fluidigm (3172024B) 

GZMB 173Yb Fluidigm (3173006B) 

HLA-DR 174Yb Fluidigm (3174001B) 

CD14 175Lu Fluidigm (3175015B) 

CD57 176Yb Fluidigm (3176019B) 

CD11b 209Bi Fluidigm (3209003B) 

Table 6.1: Table showing anti-human mass cytometry antibodies used in 
CyTOF staining. 
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6.2.1.2 Detection of surface and intracellular markers by mass cyometry 

All experiments in this chapter were performed on fresh samples as listed in Table 

6.2. 

Experiment Aim Samples and Cells Panel 

Experiment 1 
 
(section 
6.3.1) 

To initially assess 
the set up of the 
CyTOF panel, and 
compare the 
expression of some 
markers using 
CyTOF and flow 
cytometry. 

BM samples from 
relapsed MM patients. 

CyTOF 
panel (Table 
6.3), flow 
cytometry 
panels 1 and 
2 (Table 2.3 
and 2.4) 

Experiment 2 
(section 
6.3.2) 

To optimise CyTOF 
panel in terms of 
antibody dilution to 
correct spillovers. 

PB MNCs from normal 
donor. 

CyTOF 
panel (Table 
6.3) 

Experiment 3 
(section 
6.3.3) 

To test new antibody 
dilutions. 

Stimulated and 
unstimulated PB MNCs 
from normal donor.  

CyTOF 
panel (Table 
6.6). 

Experiment 4 
(section 
6.3.4) 

To validate the 
CyTOF panel against 
extended flow 
cytometry panels. 

BM samples from MM 
patients. 

CyTOF 
panel (Table 
6.6), flow 
cytometry 
panels 3 and 
4 (Table 6.4 
and 6.5). 

Experiment 5 
(section 
6.3.5) 

To examine the 
immune cell 
populations at 
baseline and post-
ASCT. 

BM samples from newly 
diagnosed and post-
ASCT MM patients. 

CyTOF 
panel (Table 
6.6). 

Table 6.2: Table listing experiments and CyTOF panels used in this chapter. 

 

In all experiments, 2 x10^6 BM MNCs and/or PB MNCS were used for staining 

with CyTOF panels. First, cells were stained for viability with Cisplatin (live cells 

were Cisplatin negative and dead cells were Cisplatin positive) by resuspending 

the cells in 180μl of Maxpar PBS, then adding 20μl of Cislaltin (working stock), 

followed by 5 minutes incubation. Cells were then washed 3 times with Maxpar 

Staining buffer. For surface staining, cells were resuspended in 50μl of 

extracellular master mix. Cells were incubated for 30 minutes at room 

temperature. Cells were then washed 3 times with 200μl of Maxpar Staining 
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buffer. Cells were resuspended in 200μl Maxpar Nuclear Antigen Staining buffer 

and incubated for 30 minutes. Cells were washed twice with Maxpar Nuclear 

Antigen Staining perm. For the intracellular staining the cells were resuspended 

in 50μl of intracellular mastermix and incubated for 1 hour at room temperature. 

Cells were washed 3 times with Maxpar Nuclear Antigen Staining perm. Cells 

were then resuspended in 200ul of formaldehyde (1.6%) for 10 minutes at room 

temperature. Cells were then resuspended in 200μl of Cell-ID intercalator 

(working solution) and kept overnight in the fridge at 40C. The next day, the cells 

were washed 3 times with Maxpar Staining buffer. Directly prior to acquiring on 

Helios, the cells were resuspended in Maxpar water (Fluidigm, 201069), and 

passed through a 35uM filter into a FACS tube. EQ four element calibration beads 

(Fluidigm, 201078) containing 140/142Ce, 151/153Eu, 165Ho, and 175/176Lu 

were added at a final concentration of 1:5 of the sample volume to be able to 

normalise the data to compensate for signal changes in instrument sensitivity. 

Cells were then immediately acquired on Helios CyTOF (Fluidigm,CA,USA). All 

samples were acquired with a flow rate of 400 events per second. The resulting 

fcs files were normalised using the CyTOF software’s internal FCS-Processing 

module.  

 

6.2.1.2 Mass cytometry data analysis. 

Samples were analysed using FlowJo V.10. The expression of the markers in the 

CyTOF panel in T cells, B cells, NK cells, and myeloid cells are shown in Figure 

6.1. Nucleated cells were manually gated according to DNA intercalators 191Ir 

and 193Ir signals, singlets have lower event length values compared to 

aggregates which enables gating single cells, and live cells were gated as 

cisplatin negative cells as shown in Figure 6.2A. 

For the CyTOF antibody titration experiment in section 6.3.2, the dimension 

reduction algorithm Uniform manifold approximation and projection (UMAP) was 

used to show the expression level of all markers used in the panel. In section 

6.3.5, the immune phenotypes of BM MNCs were visualised using UMAP 

algorithm which was performed using concatenated fcs files from newly 

diagnosed patients and concatenated fcs files from post-ASCT patients. All of the 
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UMAP analysis was performed on Cytofpipe using phonograph as clustering 

method. Spanning-tree progression analysis of density-normalized events 

(SPADE) was conducted on Cytobank using concatenated fcs files from newly 

diagnosed patients and concatenated fcs files from post-ASCT patients. 
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Marker Metal tag 

CD3 89Y 

CD38 141Pr 

CD19 142 Nd 

CD45RA 143Nd 

CD69 144Nd 

CD4 145Nd 

CD8 146Nd 

ICOS 148Nd 

CD56 149Sm 

OX40 150Nd 

KLRG1 151Eu 

TIM3 153Eu 

TIGIT 154Sm 

PD1 155Gd 

EOMES 156Gd 

41BB 158Gd 

GITR 159Tb 

CD28 160Gd 

TBET 161Dy 

FOXP3 162Dy 

LAG-3 165Ho 

CCR7 164Dy 

NKG2D 166Er 

CD27 167Er 

CD25 169Tm 

CTLA4 170Er 

CD101 171Er 

KI67 172Yb 

GZMB 173Yb 

HLA-DR 174Yb 

CD14 175Lu 

CD57 176Yb 

DNA 191Ir 

DNA 193Ir 
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Cisplatin 195Pt 

CD11b 209Bi 

 

Table 6.3: List of markers in the CyTOF panel. 

 

 

 

 

  



194 
 

  

Figure 6.1: The expression of the markers selected in the CyTOF 
panel on T cell, B cell, NK, and myeloid cells. 
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6.2.2 Comparing marker expression between CyTOF and flow cytometry 

To compare the marker expression between CyTOF and flow cytometry, 2 fresh 

BM samples from relapsed myeloma patients which were stained for CyTOF were 

also stained for flow cytometry in experiment 1. This was using flow cytometry 

panels 1 and 2 which were used in previous chapters (Tables 2.3 and 2.4). 

Thereafter, an expanded flow cytometric panel was designed and used to include 

more markers. In experiment 4, 3 fresh BM samples from MM patients (two 

patients at diagnosis and one patient at 3 months post-ASCT) were stained by 

CyTOF and flow cytometry using flow cytometry panels 3 and 4 (Tables 6.4 and 

6.5). 

All samples were stained for flow cytometry as described in the methods chapter 

(Chapter 2). Two panels were used (Tables 2.3 and 2.4 in Expt 1, and Tables 6.4 

and 6.5 in Expt 4) in order to accommodate the number of antigens included in 

the CyTOF panel. Briefly, cells were first stained for surface markers by 

resuspending the cells in 50μl of extracellular antibody master mix. Cells were 

incubated for 30 minutes, washed 3 times with FACS buffer, and then 

resuspended in 100μl FoxPerm buffer and incubated for a further 20 minutes. 

Cells were washed 3 times with FoxWash. Finally, for the intracellular staining 

the cells were resuspended in 50μl of intracellular antibody mastermix and 

incubated for 30 minutes. All incubations were carried out on ice in the dark. 

Finally, cells were washed 3 times with FoxWash, and then resuspeneded in 

200μl of FACS buffer, and run on a BD LSR Fortessa.  
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Target antigen 
Catalogue 

number 
Supplier 

CD8 BUV496 612942 BD Biosciences 

CD45RA BUV563 612926 BD Biosciences 

CD4 BUV615 612987 BD Biosciences 

CD38 BUV737 741837 BD Biosciences 

CD3 BUV805 612893 BD Biosciences 

FoxP3 BV421 320124 Biolegend 

Viability BV570 L34968 ThermoFisher 

CD57 BV605 393304 Biolegend 

Ki67 BV650 563757 BD Biosciences 

CCR7 BV750 353254 Biolegend 

CD69 BV786 310932 Biolegend 

KLRG-1 PerCp-Cy5.5 368612 Biolegend 

LAG-3 PE 369306 Biolegend 

GzmB PE-CF594 562462 BD Biosciences 

CD25 PE-Cy5 555433 BD Biosciences 

PD1 PE-CY7 329918 Biolegend 

CD101 APC 331007 Biolegend 

HLA-DR AF700 327014 Biolegend 

Table 6.4: Flow cytometry staining T cell panel 3. Table showing anti-human flow 
cytometry antibodies used in staining panel 3 in experiment 4. 
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marker  
Catalogue 

number 
Supplier 

CD8 BUV496 612942 BD Biosciences 

CD45RA BUV563 612926 BD Biosciences 

CD4 BUV615 612987 BD Biosciences 

41BB BUV661 741642 BD Biosciences 

CD38 BUV737 741837 BD Biosciences 

CD3 BUV805 612893 BD Biosciences 

FoxP3 BV421 320124 Biolegend 

Viability BV570 L34968 ThermoFisher 

CD57 BV605 393304 Biolegend 

TIM-3 BV650 565564 BD Biosciences 

TBET BV711 644819 Biolegend 

ICOS BV786 313534 Biolegend 

EOMES PerCp-Cy5.5 46487582 eBioscience 

LAG-3 PE 369306 Biolegend 

GrzmB PE-CF594 562462 BD Biosciences 

CD25 PE-Cy5 302608 Biolegend 

PD-1 PE-CY7 329918 Biolegend 

CTLA-4 APC 349908 Biolegend 

TIGIT AF700 56950042 eBioscience 

GITR APC-Cy7 371221 Biolegend 

Table 6.5: Flow cytometry staining T cell panel 4. Table showing anti-human flow 
cytometry antibodies used in staining panel 4 in experiment 4. 
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6.3 Results  

 

6.3.1 Spillover between channels in the CyTOF panel 

In flow cytometry, the emission spectra of fluorescent dyes can overlap causing 

the signal to be measured in the primary channel along with the adjacent 

channels, which may considerably affect the interpretation of the data. This can 

be mathematically corrected by compensation. In mass cytometry, although the 

spillover is considered to be small, it can occur due to spillover between adjacent 

channels “M+1” which is called abundance sensitivity, oxidation “M+16”, or 

isotopic impurities (Chevrier et al., 2018). Strategies to avoid spillover were 

undertaken during the design of the CyTOF panel in collaboration with Fluidigm. 

The most sensitive metal tags in the 153-176 Da range were used for low 

abundance antigens. High abundance antigens were paired with low sensitivity 

isotopes, such as using 89Y to detect CD3 (Han et al., 2018).  However, the 

antigen abundances for some markers used in the panel were not known. 

Therefore, the panel was first tested using 2 fresh BM samples from relapsed 

myeloma patients. Two iridium isotopes (191Ir and 193Ir) were used to detect 

nucleated cells by the CyTOF instrument, and cisplatin which is detected in the 

195Pt channel was used to discriminate live cells from dead cells (Figure 6.2A).  

All markers were gated as shown in double histogram plots against CD3 (Figure 

6.2B). There was good staining as seen from positive and negative gates for the 

following markers: CD3, CD38, CD19, CD45, CD96, CD4, CD8, CD56, KLRG1, 

TIM3, TIGIT, PD-1, EOMES, GITR, CD28, TBET, FoxP3, CCR7, NKG2D, CD27, 

CD25, CD101, Ki-67, GzmB, HLA-DR, CD14, CD57, and CD11b. However, there 

was low expression for some markers: ICOS, OX40, 41BB, LAG-3, CTLA-4. 

Whether the low frequency of these markers is due to difference in biological 

expression, or low antibody staining was unknown at this point.   

To determine whether spillover occurred in this CyTOF stain, each marker in the 

panel was checked against all other markers using biaxial gating. The results 

showed possible spillover between the following markers: CD38-CD56, Ki-67-

GzmB (M+1), Ki-67-HLA-DR (M+2), GzmB-HLA-DR (M+1), CD45RA-CD69 
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(M+1), CD45RA-KLRG1, CD45RA-TIGIT, CD56-OX40 (M+1) and CD101-GzmB 

(M+2) (Figure 6.2C).  
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (A) CyTOF gating strategy, intact cells 
were identified based on DNA staining, singlets were gated based on event length 
and viable cells based on cisplatin exclusion. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells. 

 

 

 

 



203 
 

 

 

 

Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
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markers gated from live cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells. 

 

 



206 
 

 

 

  

Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells.  



207 
 

 

 

 

Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples form relapsed myeloma patients. (B) Histogram plots showing all 
markers gated from live cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples from relapsed myeloma patients. (C) Histogram plots showing spillover 
between channels in CD4 effectors (CD4+FoxP3+) and CD8 T cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples from relapsed myeloma patients. (C) Histogram plots showing spillover 
between channels in CD4 effectors (CD4+FoxP3+) and CD8 T cells. 
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Figure 6.2: Expression of all markers in the CyTOF panel using 2 bone marrow 
samples from relapsed myeloma patients. (C) Histogram plots showing spillover 
between channels in CD4 effectors (CD4+FoxP3+) and CD8 T cells. 
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Next, to compare the expression of some markers using CyTOF and flow 

cytometry, the same BM samples were stained with flow cytometric T cell panels 

1 and 2 (Table 2.3 and 2.4), the cells were gated using forward light scatter and 

side light scatter, singlets selected based on FSC-area vs. height, and viability 

based on dye exclusion (see Appendix 12). Meanwhile, the cells stained with 

mass cytometry were gated using DNA-intercalator to identify the cells from 

debris, singlets were selected based on event length, and cisplatin exclusion to 

gate live cells as mentioned above. When comparing histogram plots generated 

by CyTOF with flow cytometry, the results showed similar frequencies of CD3, 

CD4, CD8, and FoxP3 between the two methods. Similar levels of percentage 

positivity for PD-1, ICOS, CTLA-4, and CD25 on CD4 effectors and CD8 T cells 

was also seen between CyTOF and flow cytometry. However, CyTOF staining 

showed lower frequencies of LAG-3, HLA-DR, CD38, and GzmB compared to 

flow cytometry (Figure 6.3B and 6.3C), while the frequency of Ki-67 positivity was 

higher with CyTOF compared to flow cytometry (Figure 6.3B). This could be due 

to possible spillover or using suboptimal concentration of the antibody used in 

CyTOF staining for LAG-3, Ki-67, HLA-DR, CD38 and GzmB. 
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Figure 6.3: Comparison of CyTOF and flow cytometry staining of 2 BM MNCs 
from relapsed myeloma patients. (A) Histogram plots comparing the frequency of 
CD3, CD8, CD4, Tregs. 
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Figure 6.3: Comparison of CyTOF and flow cytometry staining of 2 BM MNCs 
from relapsed myeloma patients. (B) Histogram plots comparing the frequency of 
PD-1, LAG-3, ICOS, and Ki-67 on CD4 effectors and CD8 T cells using flow 
cytometry panel 1 (Table 2.3). 
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Figure 6.3: Comparison of CyTOF and flow cytometry staining of 2 BM MNCs 
from relapsed myeloma patients. (B) Histogram plots comparing the frequency of 
PD-1, LAG-3, ICOS, and Ki-67 on CD4 effectors and CD8 T cells using flow 
cytometry panel 1 (Table 2.3). 

  



215 
 

 

 

Figure 6.3: Comparison of CyTOF and flow cytometry staining of 2 BM MNCs 
from relapsed myeloma patients. (C) Histogram plots comparing the frequency of 
GITR, CD25, ICOS, HLA-DR, and CTLA-4 on CD4 effectors and CD8 T cells 
using flow cytometry panel 2 (Table 2.4). 
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Figure 6.3: Comparison of CyTOF and flow cytometry staining of 2 BM MNCs 
from relapsed myeloma patients. (C) Histogram plots comparing the frequency of 
GITR, CD25, ICOS, HLA-DR, and CTLA-4 on CD4 effectors and CD8 T cells 
using flow cytometry panel 2 (Table 2.4).
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6.3.2 CyTOF antibody titration and separation index  

In the experiments for this section, PB MNCs were used to optimise the CyTOF 

panel with regard to antibody dilution to correct spillovers. Titrations were 

performed for CyTOF antibodies to obtain the optimal antibody concentration 

which maximised separation between positive and negative populations, and 

minimised spillover to neighbouring channels. The Separation Index (SI) was 

defined by the following equation, Separation Index= (Median signal positive-

Median signal negative) / [(84% Negative- Median signal negative)/0.995] 

(Telford et al., 2009; Vera et al., 2019), and was used to evaluate the results of 

the staining. The higher the separation index value, the better the separation 

between positive and negative populations. PB MNCs from heathy donor were 

stimulated with soluble anti-CD3 (OKT3) and anti-CD28 (15E8; obtained from 

Miltenyi Biotec) at 0.5 μg/ml for 48 hours, and 3x10^6 MNCs were stained by 

CyTOF antibodies (Table 6.3) in the following conditions: undiluted (antibody 

concentration recommended by Fluidigm), 1:2, 1:4, and 1:8 dilution. The 

separation index was calculated for all markers in each dilution (Figure 6.4A). 

Biaxial gating and Histogram plots show the gating of each marker gated from 

live cells (Figure 6.4B). Finally, high dimensional analysis was performed to 

illustrate the relative utility of UMAP to help chose optimal antibody dilution. The 

dimension reduction is the analysis that will be eventually used to analyse data 

from this panel and spillovers can affect this analysis (Chevrier et al., 2018). 

Therefore, UMAP analysis was performed to demonstrate the expression of each 

marker in UMAP analysis (Figure 6.4C). The results showed that using 1:2 

dilution resulted in the highest separation index for the following markers: CD3, 

CD38, CD69, CD4, TIM3, TIGIT, PD-1, EOMES, 41BB, CD28, TBET, FoxP3, 

CD27, CD25, CTLA-4, Ki-67, CD101, and CD57. There was no difference in the 

separation index between the different conditions for the following markers: 

CD19, CD45RA, CD8, ICOS, OX40, TIGIT, EOMES, GITR, CCR7, NKG2D, 

CTLA-4, GzmB, HLA-DR, CD14 and CD11b. While 1:2 dilution for CD56 and 

KLRG1 antibodies showed lower separation index compared to the other 

conditions, examining the Histogram plots showed that 1:2 dilution resulted in 

better separation of positive and negative populations. Visually, UMAP showed 
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higher intensity when using 1:2 dilution compared to undiluted condition for the 

following markers: CD19, CD45RA, CD4, CD8, and CD101. 
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Figure 6.4: Titration of antibodies in the CyTOF panel to correct spillovers and 
find optimal antibody dilutions. (A) The staining index (SI) of each marker in 
undiluted, 1:2, 1:4, and 1:8 dilution of the antibody. (B) Histogram plots showing 
the expression of each marker. (C) The expression of each marker in UMAP 
analysis. 
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Figure 6.4: Titration of antibodies in the CyTOF panel to correct spillovers and 
find optimal antibody dilutions. (A) The staining index (SI) of each marker in 
undiluted, 1:2, 1:4, and 1:8 dilution of the antibody. (B) Histogram plots showing 
the expression of each marker. (C) The expression of each marker in UMAP 
analysis.  
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Figure 6.4: Titration of antibodies in the CyTOF panel to correct spillovers and 
find optimal antibody dilutions. (A) The staining index (SI) of each marker in 
undiluted, 1:2, 1:4, and 1:8 dilution of the antibody. (B) Histogram plots showing 
the expression of each marker. (C) The expression of each marker in UMAP 
analysis. 
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Figure 6.4: Titration of antibodies in the CyTOF panel to correct spillovers and 
find optimal antibody dilutions. (A) The staining index (SI) of each marker in 
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the expression of each marker. (C) The expression of each marker in UMAP 
analysis. 
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Figure 6.4: Titration of antibodies in the CyTOF panel to correct spillovers and 
find optimal antibody dilutions. (A) The staining index (SI) of each marker in 
undiluted, 1:2, 1:4, and 1:8 dilution of the antibody. (B) Histogram plots showing 
the expression of each marker. (C) The expression of each marker in UMAP 
analysis. 

 

  



231 
 

LAG-3 staining optimisation: When performing this experiment with activated PB 

MNCs, it was observed that the expression of LAG-3 was low in all conditions 

including undiluted antibody. This raised the concern that the low frequency of 

LAG-3 was not due to low biological expression. Therefore, the next experiment 

was performed with the aim of comparing LAG-3 antibody clones by flow 

cytometry. To do this, stimulated PB MNCs were stained with LAG-3 antibody 

clone: 874501, which is the same clone used for the CyTOF antibody, and a new 

LAG-3 antibody clone: 3DS223H. The results showed that LAG-3 was detected 

on CD4 and C8 T cells when using antibody clone: 3DS223H (Figure 6.5A and 

B), indicating that LAG-3 antibody used in the CyTOF panel (antibody clone: 

87450) produced suboptimal staining. Next, activated PB MNCs were stained 

using LAG-3 CyTOF antibody clone 3DS223H (3167010B) in two conditions: 

undiluted (antibody concentration recommended by Fluidigm) and 1:2 antibody 

dilution. Histogram plots showed better separation between LAG-3+ and LAG-3- 

population gated from live CD3+ cell when using the undiluted antibody (Figure 

6.6). The separation index was 11.1 and 9.9 for undiluted and 1:2 dilution 

respectively. The CyTOF LAG-3 antibody with clone 3DS223H was available by 

Fluidigm in 167Er metal tag. Subsequently, the CyTOF panel was changed to 

add LAG-3 167Er, replacing CD27. CD45RA and CCR7 can be used as markers 

of T cell differentiation without CD27, therefore, the 167Er channel was devoted 

to LAG-3 (Table 6.6).  
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Figure 6.5: Comparing clones of LAG-3 antibodies using flow cytometry.  

Histogram plots of activated PB MNCs stained with LAG-3 clone 874501 (left), 
and clone 3DS223H (right) gated from live CD3+ cells and showing LAG-3 
expression on (A) CD4 T cells, and (B) CD8 T cells. 
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Figure 6.6: Titration of LAG-3 CyTOF antibody clone 3DS223H.  

Histogram plots of activated PB MNCs stained with LAG-3 clone 3DS223H 
undiluted  (left) and 1:2 dilution (right) gated from live CD3+ cells and showing 
LAG-3 expression on (A) CD4 T cells, and (B) CD8 T cells. 
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Item Label 

CD3 89Y 

CD38 141Pr 

CD19 142Nd 

CD45RA 143Nd 

CD69 144Nd 

CD4 145Nd 

CD8 146Nd 

ICOS 148Nd 

CD56 149Sm 

OX40 150Nd 

KLRG1 151Eu 

TIM3 153Eu 

TIGIT 154Sm 

PD1 155Gd 

EOMES 156Gd 

41BB 158Gd 

GITR 159Tb 

CD28 160Gd 

TBET 161Dy 

FOXP3 162Dy 

CCR7 164Dy 

NKG2D 166Er 

LAG-3 167Er 

CD25 169Tm 

CTLA4 170Er 

CD101 171Er 

KI67 172Yb 

GZMB 173Yb 

HLA-DR 174Yb 

CD14 175Lu 

CD57 176Yb 

DNA 191Ir 

DNA 193Ir 

Cisplatin 195Pt 
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CD11b 209Bi 

 

Table 6.6: Updated CyTOF panel. 
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6.3.3 Spillover corrected with 1:2 antibody dilution 

The updated CyTOF panel (Table 6.6) was then tested using 1:2 dilution for all 

the antibodies, except LAG-3 antibody which was used undiluted. Stimulated and 

unstimulated PB MNCs from normal donor were mixed, in order to examine 

positive and negative populations for each marker in the panel. This revealed 

expression of each marker in positive and negative gates from live cells (Figure 

6.7A). Next, the spillovers between markers identified in previous experiment 

(Section 6.3.1) were examined. The results showed that 1:2 antibody dilution 

corrected spillover between the following markers: CD38-CD56, Ki-67-GzmB, Ki-

67-HLA-DR, CD45RA-CD69, CD45RA-KLRG1, CD45RA-TIGIT, CD56-OX40 

and CD101-GzmB (Figure 6.7B). However, the spillover between the two 

adjacent channels GzmB 173Yb and HLA-DR 174Yb was still not corrected, 

suggesting that further optimisation was required. 

Further dilution for GzmB and HLA-DR antibodies was next performed to find the 

antibody concentration that could correct the spillover between these two 

channels. PB MNCs from healthy donor were stimulated with anti-CD3 and anti-

CD28, and mixed with unstimulated MNCs. The cells were stained in 4 conditions 

(Table 6.7): 1st condition with 1:2 antibody dilution for HLA-DR and 1:4 antibody 

dilution for GzmB, 2nd condition with 1:4 antibody dilution for HLA-DR and and 

1:8 antibody dilution for GzmB, 3rd condition with 1:8 HLA-DR antibody dilution 

and 1:16 GzmB antibody dilution, and 4th condition with 1:16 HLA-DR antibody 

dilution and 1:32 GzmB antibody dilution. Histogram plots showed that 1:8 dilution 

resulted in the best separation of HLA-DR positive and negative populations, 

while 1:16 dilution resulted in the best separation of GzmB positive and negative 

populations (Figure 6.8C). Further dilution of both antibodies resulted in 

undetectable positive populations (Figure 6.8D). It must be noted that while 

acquiring cells in the 2nd and 4th conditions there was a blockage in the Helios 

which resulted in a lower number acquired compared to the other conditions. The 

3rd condition corrected the spillover between GzmB and HLA-DR as shown in 

Histogram plots of HLA-DR and GzmB gated from CD4 and CD8 T cells (Figure 

6.8C). 
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Figure 6.7: Staining PB MNCs (unstimulated+stimulated) using updated CyTOF 
panel and new antibody dilutions. (A) Histogram plots showing the expression of 
all the markers gated from live cells. 
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Figure 6.7: Staining PB MNCs (unstimulated+stimulated) using updated CyTOF 
panel and new antibody dilutions. (A) Histogram plots showing the expression of 
all the markers gated from live cells. 
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Figure 6.7: Staining PB MNCs (unstimulated+stimulated) using updated CyTOF 
panel and new antibody dilutions. (B) Histogram plots showing the corrected 
spillovers. 

(C) Histogram plot showing HLA-DR and GzmB spillover not corrected with 1:2 
antibody dilution. 
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SAMPLE HLADR GzmB CD3 CD4 CD8 

A 1:2 1:4 1:2 1:2 1:2 

B 1:4 1:8 1:2 1:2 1:2 

C 1:8 1:16 1:2 1:2 1:2 

D 1:16 1:32 1:2 1:2 1:2 

 

Table 6.7: Table showing experiment layout for samples and antibody dilutions 
used to correct spillover between HLA-DR and GzmB. 
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Figure 6.8: Dilution of HLA-DR and GzmB CyTOF antibodies. Staining of PB 
MNCs (unstimulated+stimulated) in the following conditions (A) 1:2 dilution of 
HLA-DR antibody and 1:4 dilution of GzmB antibody, (B) 1:4 dilution of HLA-DR 
antibody and 1:8 dilution of GzmB antibody, (C) 1:8 dilution of HLA-DR antibody 
and 1:16 dilution of GzmB antibody, and (D) 1:16 dilution of HLA-DR antibody 
and 1:32 dilution of GzmB antibody. Histograms showing the expression of CD4 
and HLA-DR (top left), CD8 and HLA-DR (bottom left), CD4 and GzmB (top 
middle), CD8 and GzmB (bottom middle) gated from live CD3+ cells, HLA-DR 
and GzmB gated from CD4+ cells (top right), and HLA-DR and GzmB gated from 
CD8+ cells (bottom right).  
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Figure 6.8: Dilution of HLA-DR and GzmB CyTOF antibodies. Staining of PB 
MNCs (unstimulated+stimulated) in the following conditions (A) 1:2 dilution of 
HLA-DR antibody and 1:4 dilution of GzmB antibody, (B) 1:4 dilution of HLA-DR 
antibody and 1:8 dilution of GzmB antibody, (C) 1:8 dilution of HLA-DR antibody 
and 1:16 dilution of GzmB antibody, and (D) 1:16 dilution of HLA-DR antibody 
and 1:32 dilution of GzmB antibody. Histograms showing the expression of CD4 
and HLA-DR (top left), CD8 and HLA-DR (bottom left), CD4 and GzmB (top 
middle), CD8 and GzmB (bottom middle) gated from live CD3+ cells, HLA-DR 
and GzmB gated from CD4+ cells (top right), and HLA-DR and GzmB gated from 
CD8+ cells (bottom right).  
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6.3.4 Comparison of CyTOF vs. flow cytometry staining in BM samples 

Having optimised the CyTOF panel for BM samples, we sought to compare 

staining patterns and expression of markers in CyTOF and flow cytometry. The 

flow antibodies available for markers in the CyTOF panels were used in 2 flow 

panels ( flow cytometry panels 3 and 4; Tables 6.4 and 6.5) which were initially 

set up by Immune Regulation & Tumour Immunotherapy Laboratory but were 

adjusted to include some markers in the CyTOF panel. Some of the markers in 

the CyTOF panel were not included in the flow cytometry panels due to lack of 

conjugated flow antibodies. The comparison was performed using 3 BM samples 

from MM patients at diagnosis and 3 months post-ASCT. The BM MNCs were 

obtained, isolated and stained fresh by CyTOF or flow cytometry on the same 

day. To compare the staining of individual markers by CyTOF and flow cytometry, 

the expression of each marker was examined using Histogram plots. There was 

no difference in the frequency of markers between CyTOF and flow cytometry 

(Figure 6.9). This similarity was true whether the marker was expressed on the 

cell surface or intracellularly (EOMES, TBET, FoxP3, and CTLA-4). Further, a 

similar frequency of markers was observed whether the marker was expressed 

at high (e.g., GzmB, KLRG1) or lower (e.g., Ki-67, CD69) levels. Visually, a few 

Histogram do not show the exact same staining pattern between CyTOF and flow 

cytometry, even though frequencies are comparable (e.g., CCR7, CD45RA). 

Next, the spillover between GzmB and HLA-DR was examined. The Histogram 

plots gated from CD4 and CD8 T cells show comparable frequencies of GzmB 

and HLA-DR in CyTOF and flow cytometry (Figure 6.10). Therefore, CyTOF 

provides the same quality of staining as flow cytometry when staining BM MNCs 

for cell lineage, transcription factors, activation, exhaustion, and differentiation 

markers.  
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right). 
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right).  
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right). 
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right). 
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right). 
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right).  
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right). 
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right).  
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Figure 6.9: Validation of CyTOF panel and comparing with flow cytometry. 
Histogram plots of one representative BM sample showing markers gated from 
live CD3+ cells in CyTOF panel and flow panels (left) and dot plot with all 3 
samples (right).  
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Figure 6.10: HLA-DR and GzmB spillover corrected with 1:8 HLA-DR dilution 
and 1:16 GzmB dilution. Histogram plots of MM BM sample gated from CD4+ 
(top), and CD8+ (bottom) and stained with CyTOF panel and flow panel. 
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6.3.5 UMAP analysis reveals phenotypic differences in the BM of newly 

diagnosed and post-ASCT patients 

As discussed in section 6.1, a few studies have used CyTOF to investigate the 

MM microenvironment, yet a direct comparison of T cell subsets, NK, myeloid, 

and B cells at baseline and post-ASCT is still lacking. To test the validated CyTOF 

panel, BM samples from 3 newly diagnosed and 3 post-ASCT MM patients (Table 

6.8) were stained with surface and intracellular markers in a CyTOF panel (Table 

6.6). Unsupervised UMAP analysis was performed to examine the phenotypic 

differences between patients at diagnosis and post-ASCT. Since 3 patients were 

stained in each group, the fcs files were concatenated for each group to generate 

1 fcs file for newly diagnosed patients, and 1 fcs file for post-ASCT patients. 

Subsequently, these 2 fcs files were run on the Cytofpipe. In this analysis, 30 

clusters were produced based on the median marker intensities (Figure 6.11A). 

The differences in frequencies of the identified clusters between the two groups 

were also examined (Figure 6.11B). There were broadly key differences in cell 

populations. NK cells in clusters 3 (CD56+GzmB+TBET+CD57+) were found in 

newly diagnosed patients more than post-ASCT. This panel is intended to be 

used with frozen samples, as MM cells downregulate CD138 post thaw, it was 

felt not appropriate to include CD138 in this panel for tumour cell identification. 

MM cells in clusters 8 (CD56+CD38+), 7 (CD56+Ki-67+CD38+), and 13 (CD56-

CD38+) were found in newly diagnosed patients, while B cells in cluster 18 

(CD19+HLA-DR+) were present post-ASCT. Myeloid cells also showed 

phenotypic differences, cluster 29 (CD11b+CD101+) was present at baseline, 

while cluster 22 (CD11b+CD101-) was found post-ASCT. Additionally, 

monocytes in clusters 19 (CD11b+CD14+HLA-DR+) were found at higher 

frequency post-ASCT. In the T cell compartment, effector memory CD8 T cells in 

cluster 10 (CD8+NKG2D+KLRG1+CD45RA-CCR7-) were found at diagnosis, 

along with central memory CD4 T cells in cluster 14 (CD4+CCR7+CD45RA-

CD25+CD28+). To further examine the distinct clusters generated by the 

computational clustering, the clusters identified in UMAP analysis were examined 

by biaxial gating (Figure 6.11C). The gate for each marker is shown in Appendix 

13. CD8 T cells showed a shift to later stages of differentiation post-ASCT with 

cytotoxic CD8 T cells mainly found in clusters 21 and 28. Cells in cluster 21 were 
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effector and terminally differentiated CD8 T cells expressing high levels of TIGIT, 

GzmB, NKG2D, KLRG1, and a marker of terminal differentiation CD57. Cells in 

cluster 28 were terminally differentiated CD8 T cells re-expressing CD45RA 

(GzmB+KLRG1+CD57+CD45RA+CCR7-). Exhausted CD4 T cells expressing 

PD-1 in cluster 16 were found at diagnosis and increased post-ASCT. Finally, 

Tregs co-expressing CTLA-4, PD-1, TIGIT, and LAG-3 in cluster 20 were 

increased in frequency post-ASCT. To further examine this cluster, manual gating 

was performed which showed two populations of FoxP3+ cells: CD4+ and CD8+ 

regulatory T cells (Figure 6.11C). Similarly, SPADE analysis was conducted on 

concatenated fcs files from the same newly diagnosed and post-ASCT patients. 

Terminally differentiated cytotoxic CD8 T cells expressing GzmB, CD57, and 

TIGIT were found post-ASCT. On the other hand, central memory CD4 T cells 

(CCR7+CD45RA-) were prominent at baseline, along with plasma cells and 

TBET expressing NK cells (Figure 6.12). This preliminary data may indicate 

differences in NK, myeloid, and B cells at diagnosis and post-ASCT. Moreover, it 

may suggest changes in T cell compartment from central memory CD4 T cells 

and activated CD8 effectors at diagnosis, to terminally differentiated cytotoxic 

CD8 T cells mostly found post-ASCT. This provides further T cell characterisation 

than the T cell profiles previously described in chapters 3 and 5, and warrants 

further investigation using more patient samples to better understand the 

changes in the MM microenvironment. 

  



256 
 

 
Sample Age Sex 

% plasma 
cells  

ISS 
stage genetic risk 

 
1 

New 
diagnosis 61 M 30-40   I  High risk 

 
2 

New 
diagnosis 62 M  80-90  III  standard risk 

 
3 

New 
diagnosis 51 F  40  I  standard risk 

 
4 

3M post-
ASCT 69 F  2-3  II   standard risk 

 
5 

3M post-
ASCT  59 M   1-2  II  standard risk 

 
6 

3M post-
ASCT 54 F  5  II High risk  

Table 6.8: Patient characteristics at diagnosis and post-ASCT. 
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Figure 6.11: Dimension reduction analysis of BM MNCs from newly diagnosed 
and post-ASCT myeloma patients. (A) CyTOF data of concatenated fcs files from 
newly diagnosed and post-ASCT MM patients analysed by UMAP colour-coded 
for clusters (top), and heatmap showing median expression for each marker in all 
30 clusters (bottom). (B) Cells frequencies in clusters identified in the 
unsupervised analysis.  
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Figure 6.11: Dimension reduction analysis of BM MNCs from newly diagnosed 
and post-ASCT myeloma patients. (C) Biaxial plots of clusters 10, 14, 21, 28, 
and 20. 
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Figure 6.11: Dimension reduction analysis of BM MNCs from newly diagnosed 
and post-ASCT myeloma patients. (C) Biaxial plots of clusters 10, 14, 21, 28, 
and 20. 
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Figure 6.12: SPADE analysis of BM MNCs from newly diagnosed and post-
ASCT myeloma patients. The size of the nodes indicates the frequency of each 
population, while the colour indicates the expression of the indicated marker 
(GzmB, CD57, TIGIT, TBET, CD45RA, CCR7, CD56, and CD38). 
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(GzmB, CD57, TIGIT, TBET, CD45RA, CCR7, CD56, and CD38). 
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6.4 Discussion  

 

The use of a novel multiparametric CyTOF approach combined with 

unsupervised dimensional reduction algorithms can characterise distinct immune 

phenotypes in the microenvironment of MM patients. The dimension reduction 

algorithms are an unbiased way of data analysis that can be introduced by 

manual gating (Robinson et al., 2017). However, spillovers between channels 

have previously been reported and may result in misinterpretation of the data 

(Lun et al., 2017; Takahashi et al., 2017). In this chapter, a CyTOF panel was 

optimised to correct spillovers, and validated against flow cytometry for its 

application to BM patient samples in the context of clinical translational studies.  

There was a need to expand flow cytometry panels for further characterisation of 

T cells in terms of differentiation status, exhaustion, and activation markers, as 

well as to include other immune cells such as myeloid, B, and NK cells. Mass 

cytometry offers a greater advantage over conventional flow cytometry with the 

ability to profile more than 40 markers at the single cell level. Recent studies have 

started to incorporate CyTOF technology to characterise T cell populations in the 

tumour microenvironment, and to identify immune signature with prognostic 

significance in patients with follicular lymphoma (Yang et al., 2019) and colorectal 

cancer (Norton et al., 2019). Studies have also sought to identify novel changes 

in immune cell profiles which correlate with the depth of response observed in 

relapsed MM patients treated with daratumumab (Adams et al., 2019). 

Interestingly, a study revealed lower protein expression of MHC class II on 

monocytes from MM patients using CyTOF which was not reflected when using 

single-cell RNA-sequencing (Zavidij et al., 2020). 

The fluorescent spillover remains one of the challenges of multicolour flow 

cytometry panels. Whilst spillovers remain small in CyTOF technology, they still 

pose a problem, particularly in the M+1 and M+16 channels. The results from the 

optimisation experiments performed demonstrated spillover between adjacent 

channels Ki-67-GzmB, HLA-DR-GzmB, CD45RA-CD69, CD56-OX40, but also 

unexpected channels CD38-CD56, highlighting the importance of manual gating 

to check for possible spillovers in CyTOF channels. Spillovers in mass cytometry 
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are mostly linear. In particular, the signal intensity observed in a channel is a 

linear combination of the real signal and crosstalk from other channels that spill 

into it. A study described correcting these spillovers using compensation beads 

and R based software (Chevrier et al., 2018). However, although uncommon, 

nonlinear spillovers can occur due to high antibody signal intensities from high 

antigen abundance (Sekhri, Kim and Behbehani, 2019). Also, correcting spillover 

using compensation beads can result in the spread of negative data affected by 

the spillover. Therefore, finding the proper antibody concentration is highly 

recommended to minimise spillovers. The antibody titration allows the 

optimisation of resolution between positive and negative populations for robust 

population identification, and minimisation of spillovers between channels 

(Gullaksen et al., 2019; Vera et al., 2019). The results showed that a 1:2 dilution 

resulted in the highest separation index, and the best separation between positive 

and negative populations. This dilution corrected all spillovers between channels, 

except for GzmB and HLA-DR which needed further dilution. However, 

decreasing antibody concentration can reduce signal to noise ratio and result in 

loss of positive population, which was the case when using a dilution of 1:16 HLA-

DR antibody, and a 1:32 dilution of GzmB antibody. 

The visualization and quantification of high dimensional CyTOF data is 

challenging. It requires a different approach to data analysis, moving from biaxial 

and Boolean gating used to analyse flow cytometry data to unsupervised 

clustering algorithms such as UMAP, SPADE, and Scaffold (Kimball et al., 2018) 

which require proper training on the unsupervised and automated identification 

of cell clusters. However, for comparing relevant markers on CyTOF and flow 

cytometry, representative examples of the biaxial plots for each markers and dot 

plots for BM samples were used to analyse the data. The results showed, with 

some exceptions, comparable frequencies for extracellular and intracellular 

markers between CyTOF and flow cytometry. This finding aligns with a recently 

published comparison of mass and flow cytometry (Gadalla et al., 2019). The 

frequency of LAG-3 was low on CD3+ cells in all three samples. In addition, 

TBET, EOMES, ICOS, GITR, and TIM3 were expressed at low levels when 

stained by CyTOF and flow cytometry. In some markers (CD45RA, CCR7, HLA-

DR and CD57) there was not a good correlation between CyTOF and flow 
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cytometry. Therefore, further validation is needed with larger number of samples. 

Also, it is useful to check the epitope specificity of the antibodies. 

CyTOF technology is quickly gathering interest in the myeloma field with a few 

studies that incorporated this technology to identify novel immune subsets in the 

microenvironment that may inform on disease progression, or have implications 

for the rational selection of immunotherapies. One study identified activated and 

BM resident CD39−Tregs in the BM of newly diagnosed MM patients which were 

not present in MGUS patients (Marsh-Wakefield et al., 2019). Another study 

showed that the post-ASCT period is associated with an increase of exhausted 

CD8 T cell and ICOS+ Treg subsets (Kourelis et al., 2019). Recently, a decrease 

in the memory CD8 T cells was found in the BM of SMM patients compared to 

healthy donors (Zavidij et al., 2020). The validated CyTOF panel in this chapter 

will be used for comprehensive mapping of the immune microenvironment of MM 

patients in the host laboratory. The panel was tested using BM samples from 

three MM patients at diagnosis and another three patients at 3 months post-

ASCT, as it was expected that differences would exist between these groups of 

patients, allowing us to explore the usefulness of CyTOF in these situations.   

It can be observed from UMAP analysis that the phenotype of CD8 T cells is 

altered from effector memory at diagnosis, to terminally differentiated cytotoxic T 

cells post-ASCT. The terminally differentiated CD8 T cells expressed CD57, a 

phenotype associated with senescent T cells with low proliferative capacity in the 

BM of MM patients (Zelle-Rieser et al., 2016). Circulating senescent CD8 T cells 

were previously reported post-ASCT in MM patients (Lucas et al., 2020), and 

correlated with shorter time to progression after transplant (Kourelis et al., 2019). 

Effector CD8 T cells expressed a co-inhibitory receptor TIGIT post-ASCT. An 

anti-TIGIT antibody demonstrated anti-myeloma activity when administered as a 

single agent after stem cell transplantation in a MM mouse model. Moreover, it 

resulted in central memory CD8 expansion which may be responsible for long-

term MM control (Minnie et al., 2018). An anti-TIGIT antibody (BMS-986207) has 

entered a phase I/II clinical trial for relapsed myeloma patients (NCT04065425). 

However, intervening with immunotherapy earlier, such as post-ASCT, may 

maximise immune control of residual disease and prevent relapse.  
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Tregs were found at baseline and increased post-ASCT. The results of this study 

confirm and build upon the previously reported flow cytometry findings in chapters 

3 and 5. The analysis revealed the presence of CD8+FoxP3+ cells in cluster 20. 

In the CD4 subset, regulatory T cells were extensively studied in MM and Treg 

depletion was found to improve survival in a syngeneic murine model of MM 

(Kawano et al., 2018). However, in the CD8 positive subset their heterogeneity is 

not well defined. Raja et al. reported an increase of circulating CD8+FoxP3+ 

regulatory T cells in MM patients compared to healthy donors. Moreover, these 

cells exhibited suppressive function in vitro (Muthu Raja et al., 2012). The results 

also showed enrichment of NK cells in newly diagnosed patients which may 

indicate an early immune response. This finding was previously reported in MM 

patients compared to healthy donors (Zavidij et al., 2020), and MGUS patients 

(Bailur et al., 2019). The use of mass cytometry and UMAP analysis revealed that 

NK cells in cluster 3 are cytotoxic NK cells expressing TBET. The upregulation of 

TBET was found to be associated with NK terminal differentiation and with higher 

perforin production, suggesting that TBET regulates the cytotoxic transcription in 

NK cells (Simonetta et al., 2015). The functionality of NK cells in MM remain under 

intensive investigation. It has been demonstrated that NK cells from newly 

diagnosed MM patients exhibited antitumor response when cultured with 

autologous MM cells in vitro following IL-15 priming (Wagner et al., 2017). 

Another study utilised CyTOF to show a shift of the NK subpopulation in MM 

patients following daratumumab treatment, and these persisting cells were 

activated with retained cytotoxic functionality (Casneuf et al., 2020). These 

preliminary results suggest multiple potential translational avenues for further 

exploration. However, the number of patients in each cohort is small, and larger 

cohorts are required to validate these finding with proper statistical analysis. This 

warrants functional studies to assess proliferation and cytotoxic capacity of T cells 

in these settings. This pilot study is underpowered to determine the clinical 

relevance of the clusters. Therefore, correlation of clusters with clinical outcomes 

in a large patient cohort can reveal possible biomarkers of disease progression. 

Finally, a validation of the CyTOF panel using cryopreserved and fresh MNCs will 

be needed before using it on post-thaw cells.   
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CyTOF technology combined with novel gating algorithms can rapidly identify 

previously unknown phenotypes in the tumour microenvironment. In this chapter, 

CyTOF was able to simultaneously measure all markers whereas flow cytometry 

required more than one panel. This allowed detailed high-dimensional analyses 

to be performed and different immune cell populations were plotted on UMAP for 

subsequent examination. This approach is beneficial for identifying immune 

populations that are clinically relevant and may have therapeutic implications 

because it provides an unbiased analysis of the immune subsets without a prior 

decision of cell characteristics. In flow cytometry, the samples need to be 

acquired shortly after staining. In mass cytometry, the metal-tagged samples can 

be cryopreserved up to 1 month without losing the staining of surface and 

intracellular markers (Sumatoh et al., 2017), or even up to 3 months according to 

Fuidigm protocols. Therefore, samples can be collected over time and acquired 

simultaneously. On the other hand, there are some limitations of CyTOF 

technology that must be taken into consideration when choosing to use this 

technology over flow cytometry. It is not possible to sort cell populations for 

downstream applications as cells are vaporized in CyTOF. The CyTOF has 

longer acquisition times on Helios due to slower flow rate compared to flow 

cytometry, with advised throughput rate of around 400 events per second. Finally, 

CyTOF requires careful processing of samples to avoid heavy-metal 

contamination, which can be present in the patient sample due to chemotherapy, 

or the reagents and glassware used in the laboratory. In particular, Ficoll contains 

large amounts of iodine that result in contamination (Lu et al., 2015). 

Consequently, Ficoll was not used in processing of the samples stained with 

CyTOF panel.  

In summary, this work optimised and validated a CyTOF panel to be used for BM 

samples from MM patients. This panel can be used across different projects at 

the multiple myeloma laboratory at UCL, including identifying key immune 

populations at diagnosis and post-ASCT and correlating with clinical outcomes in 

large patient cohorts. This can potentially improve our understanding of the 

immune microenvironment, and inform rational design of immunotherapeutic 

strategies for MM. 
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Chapter 7. Final discussion and future work 

 

7.1 Chapter introduction 

MM is the second most common haematological malignancy, responsible for 

around 2% of all cancer deaths. The understanding of the pathogenesis of the 

disease has led to the development of new treatments (Smith and Yong, 2013). 

However, as mentioned in Chapter 1, MM remains incurable, and management 

of this cancer is challenging due to drug resistance and heterogeneity of the 

disease. Accumulating evidence suggest that immune dysregulation may  

correlate with clinical outcomes in MM. Impaired antigen presentation is reported 

in patients with MM compared to MGUS, and impaired function of cytotoxic CD8 

T cells (Racanelli et al 2010). Treg cells are present in the BM and are induced 

by myeloma cells (Kawano et al., 2018). Clinical outcomes correlate with T cell 

subsets in MM patients (Miguel et al., 1992), and early immune reconstitution is 

associated with better overall survival (Binder et al., 2019). Higher Th17 / Treg 

cell ratios were found in PB of long survival MM patients, indicating that longer 

survival is associated with distinct immune profile characterised by lower immune 

suppression (Bryant et al., 2013). Biological insight into key immune suppressive 

markers is important for effective design of immune strategies to control disease 

progression and induce durable remission. Through the work in thesis, T cell 

subsets in the BM microenvironment were characterised by high dimensional flow 

cytometry in newly diagnosed and post-ASCT patients with MM, and correlated 

with clinical outcomes. This work shows the independent prognostic impact of 

immune cell signatures in BM of untreated and post-ASCT MM patients. There 

was no correlation between these immune signatures and stage or disease 

burden. However, high disease burden in the BM may result in a decrease in 

other cellular compartments. The minority of patients had >80% BM plasma cell 

infiltration (10% newly diagnosed patients; and 4% post-ASCT patients), which 

may have amplified differences in marker expression, thus the findings await 

confirmation in further patient cohorts.The T cells in the BM were examined in 

this work rather than PB as this is the site of tumour residence. Differences in 

circulating and BM T cell immune phenotype was previously reported (Kawano 
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et al., 2018).  A study in patient samples also reported functional differences 

between BM and PB effector T cells (Choi et al., 2005). This thesis attempted a 

thorough characterisation of the BM T cell subsets in patients with MM at 

diagnosis and post-ASCT focussing on immune checkpoint proteins on T cell 

subsets, and correlating T cell suppressive factors with clinical outcome.  

 

7.2 Newly diagnosed MM patients 

The work in Chapters 3 and 4 examined bone marrow CD4 T cells and results 

indicated that CD4 effectors and Treg subsets correlate clinical outcomes. 

Specifically, increased proportion of Tregs in the BM of newly diagnosed MM 

patients, together with a high frequency of PD-1 on CD4 effectors, reduced TNF-

alpha secretion and transcriptional signature of dysfunctional CD4 T cells, 

represent an immunological profile that correlates with shorter PFS. These 

findings further corroborate the independent importance of immune dysregulation 

on disease progression (Kawano et al., 2018). However, examining a larger 

number of patient samples is required to confirm these findings, and further 

analysis in the context of advesrse risk factors such as high risk cytogenitcs is 

needed. In this study, only 3 out of 78 patients received lenalidomide, which has 

been described to inhibit the suppressive effects of Tregs (Galustian et al., 2009), 

and enhance T cell cytotoxicity (Krönke et al., 2014). Therefore, the prognostic 

impact of Tregs and frequency of PD-1 on CD4 cells remains to be confirmed in 

the context of lenalidomide or other IMiD-based therapies. Thus, a similar 

analysis in patients receiving lenalidomide-based regimens would be useful.  

This is the first study correlating high proportion of Tregs in the BM of MM patients 

with shorter PFS. Myeloma cells have been shown to promote Treg expansion in 

vitro (Tai et al., 2019) and in vivo, and Treg depletion improved survival in a 

murine model of MM (Kawano et al., 2018), indicating that this is a key 

immunosuppressive pathway that facilitates disease progression. Although the 

findings of differential expression of co-inhibitory receptors on Treg suggest 

possible differences in the suppressive function of the Treg compartment in 

patients with high and low frequency of Tregs, the current study does not directly 
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assess this. Accordingly, functional assays to investigate the suppressive 

functions of Tregs in these two groups is required.  

The CD4 effector:Treg ratio in the BM was confirmed to be independently 

prognostic, while low CD8:Treg ratio showed a trend tward shorter PFS. Low ratio 

of effector T cells to Treg cells is associated with poor outcomes in solid tumours 

(Shang et al., 2015), and ratio of effector T cells to Treg cells in PB of MM patients 

has been correlated with clinical outcomes (Favaloro et al., 2014). The data in 

Chapter 3 point to the importance of CD4 T cell compartment in anti-tumour 

immunity in MM, consistent with the finding that cytotoxic CD4 T cells from MM 

patients were found to eliminated autologous plasma cells in vitro (Zhang et al., 

2018). In an animal model, the depletion of either CD4 or CD8 T cells increased 

the rate of tumour growth in vivo (Vuckovic et al., 2019). 

In Chapter 3 high frequency of PD-1 on CD4 effectors (CD4effPD-1hi) was 

identified as an independent correlate of shorter PFS on multivariate analysis. 

PD-1 expression on both CD4 and CD8 subsets has been described in MM 

(Görgün et al., 2015; Paiva et al., 2015) with reports of dysfunctional CD8+PD-

1+ cells characterised by impaired proliferation and cytokine release in vitro 

(Zelle-Rieser et al., 2016).  

The frequency of Tregs in BM and PB of MM patients is still a matter of debate, 

with few studies that examined the correlation between circulating and BM Tregs. 

Feyler et al. was the first study to investigate paired BM and PB samples form 

MM patients. The study reported that MM patients had significantly higher 

numbers of Tregs in the PB compared with BM (Feyler et al., 2009). In contrast, 

a recent study reported increased frequency of activated Tregs in BM of MM 

patients compared to PB (Lad et al., 2019). While other studies reported similar 

frequency of activated Tregs in the BM and PB of MM patients (Foglietta et al., 

2014; Wang et al., 2018). Interestingly, Muthu Raja et al. described an increase 

in circulating Tregs in newly diagnosed and relapsed MM patients compared to 

healthy donors, while Tregs in BM were only increased in relapsed MM patients 

compared to MGUS patients (Muthu Raja et al., 2012). This may indicate that 

these conflicting results are not only due the phenotype used for Treg 

identification, but also the classification of MM patients. In this study, paired BM 
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and PB samples were available for 7 patients. Although underpower, the results 

showed no specific Treg recruitment at the tumour site (Appendix 14). However, 

larger studies are required to understand the relationship of Tregs in the BM and 

PB.  

In light of the findings in Chapter 3, the CD4eff PD-1+ compartment was 

investigated in more detail. The data in Chapter 4 suggest that both CD4 and 

CD8 T cells in patients with a high frequency of PD-1 on CD4 effectors exhibit 

transcriptional and functional features of exhaustion. Thus, these findings may 

explain the results presented in Chapter 3 in which this subset (CD4effPD-1hi) 

correlated with inferior PFS. One limitation of this study is the small number of 

samples in functional experiments. Therefore, confirmation of the results of 

cytokine secretion experiment in a larger number of samples is required. 

Moreover, investigating the cytokine secretion compared with healthy donors 

may inform the function of the T cell population in MM patients compared to T 

cells from healthy donors. Upon stimulation, PD-1 expression is upregulated on 

T cells, therefore when using MNCs in functional assays, it was difficult to 

determine the cytokine secretion in CD4+PD-1+ and CD8+PD-1+ cells as most 

of the cells will express PD-1 upon stimulation. Therefore, CD4+PD-1+ and 

CD8+PD-1+ cells can be sorted to overcome this.  
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7.3 Post-ASCT MM patients  

 

The results presented in Chapter 5 support the hypothesis that the T cell 

phenotype and function in the post-ASCT BM associates with clinical outcomes, 

mainly, PFS from date of transplant.  A high frequency of PD-1 on CD4 effctors 

and Ki-67 on CD8 T cells in the BM was associated with shorter PFS. Moreover, 

high frequency of LAG-3 on CD4 effectors, CD8, and Tregs correlated with 

shoters PFS, and there were strong correlations between the frequency of LAG-

3 on different T cell subsets. The unsupervised analysis in this study identified a 

subset of patients with distinct T cell phenotype indicative of exhaustion to have 

shorter PFS and associated with increased Tregs.   Pending confirmation in larger 

cohorts, these findings reveal potential immune biomarkers for poor outcomes, 

and prompt functional studies to investigate T cell function in this cohort. In 

chronic viral infections and cancer, both LAG-3 and PD-1 cooperate to dampen 

T cell responses (Anderson, Joller and Kuchroo, 2017). LAG-3 in BM was found 

to be highly expressed by effector T cell and associated with clinical outcomes, 

and patients indentified in cluster 3 were found to express high levels of LAG-3 

on effector T cells. LAG-3 and PD-1 co-expression has been noted to mark 

dysfunctional or exhausted T cells in solid tumours, and LAG-3 and PD-1 co-

blockade enhanced the proliferation and cytokine production of tumor-specific T 

cells (Matsuzaki et al., 2010). Future work should also include in vitro functional 

assays with anti-LAG-3 blocking antibody alone or in combination with anti-PD-1 

to examine the potential of these immune therapeutic strategies and inform 

further in vivo work required to test the potential of these antibodies to induce 

sustained remissions post-ASCT.  

 

 

7.4 CyTOF panel 

Flow cytometry is widely used for phenotypic and functional characterisation of 

single cells. However, it is limited by the number markers that can be 
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simultaneously measured. Therefore, the samples are usually divided to be 

stained with multiple flow cytometry panels. Mass cytometry increases the 

number of markers that can be identified at a single cell level. This technology 

incorporates a large number of parameters into a single stain, allowing the 

acquisition of large amounts of data from limited sample sizes to better 

understand the immune microenvironment. In chapter 6, a CyTOF panel was 

designed to include linage markers in combination with markers of T cell 

activation, exhaustion, and differentiation. Designing an optimal CyTOF panel is 

as important as it is in flow cytometry. The spillover between channels is reduced 

in mass cytometry compared to flow cytometry, but it is not absent. Fluidigm has 

developed a web-based application which is called the Maxpar Panel Designer 

that facilitates the construction of optimal CyTOF panels. It calculates the 

background derived from signal overlap expected in all channels in the panel. 

Despite efforts to generate a low crosstalk antibody panel, the spillovers were 

present when the CyTOF panel was first tested on BM MNCs. The signal spillover 

between channels can result in misinterpretation of the data (Takahashi et al., 

2017). Therefore, antibody titration experiments were performed to correct 

spillovers between channels. The CyTOF panel was validated against flow 

cytometry for the markers in which the flow antibodies were available. The results 

showed comparable frequencies for extracellular and intracellular markers 

between CyTOF and flow cytometry. However, for some markers (CD45RA, 

CCR7, HLA-DR and CD57) there was not a good correlation between CyTOF 

and flow cytometry. Further validation is required with larger number of samples 

to confirm these results. Some markers in the CyTOF panel were not included in 

the validation as the flow antibodies were not available (CD19, CD56, NKG2D, 

41BB, CD14, CD28, CD11b). Therefore, comparing the expression of these 

markers using CyTOF and flow cytometry is needed. Notably, CyTOF was able 

to simultaneously measure all markers whereas flow cytometry required 2 panels 

in which the lineage markers were shared in both panels. Thus, CyTOF 

rationalises the use of the precious primary cells, as there are often limited 

available BM MNCs from MM patients which are frequently required for multiple 

scientific experiments in different research projects at the multiple myeloma 

laboratory.  
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The data generated by CyTOF is complex, which is a strong attribute of this 

technology, however it requires bioinformatic approaches to interpret and 

visualize the data. Analysing mass cytometry data is challenging and requires a 

shift form manual user-defined gating approach to unsupervised identification of 

cell clusters and phenotypes (Kimball et al., 2018). Following its optimisation, the 

CyTOF panel was tested using BM MNCs from MM patients at diagnosis and 3 

months post-ASCT. The unsupervised analysis using UMAP and SPADE 

revealed differences in clusters between the two groups of patients. The effector 

memory CD8 T cells were present at diagnosis, while terminally differentiated 

cytotoxic T cells and Tregs were present post-ASCT. Terminally differentiated 

effectors were found to be associated with shorter time to progression in MM 

patients post-transplant (Kourelis et al., 2019). Monocytes and NK cells were 

found in the BM of newly diagnosed patients more than post-ASCT. Such 

observations emphasize the importance of looking beyond T cells in the BM of 

MM patients. The optimised CyTOF panel will be used in different projects at the 

multiple myeloma laboratory at UCL to identify key immune populations at 

different stages of disease, and correlate with clinical outcomes in large patient 

cohorts. Detailed insight into the complex immune microenvironment using novel 

single cell approach will allow better understanding of the disease and may help 

inform rational design of therapeutic strategies for MM patients. 

 

 

 

7.5 Future work 

Taking this forward, there is still much work to be done to assess the 

immunomodulatory function of Tregs. This can be performed as described by 

Wang et al. where sorted Tregs (CD4+CD25+) are co-cultured with CD4+CD25− 

responder T cells labeled with CFSE, and proliferation of responder T cells is 

examined following stimulation with anti-CD3 and anti-CD28. Additionally, the 

concentration of IL-10 from the co-culture supernatants of proliferation assays 

can be measured using ELISA, or cells stained for flow cytometry. The CD4+ and 

CD8+ T cells from newly diagnosed patients with CD4effPD-1hi displayed 
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transcriptional features of dysfunction. It would be essential to confirm these 

findings in a larger patient cohort. In addition, it would be useful to confirm these 

results in another cohort such as patients with relapse or post-transplant, to 

validate the correlation of inferior outcomes with signatures of T cell dysfunction. 

CD4effPD-1hi correlated with inferior outcome. However, this study doesn’t 

address whether these are myeloma-specific T cells. The demonstration of 

tumour specificity of CD4effPD-1hi cells will be essential to prove that these cells 

indirectly influence the anti-tumour immune response by inhibiting cytotoxic CD8 

T cells, resulting in lack of tumour elimination. This can be achieved by culturing 

primary T cells with MHC-peptide tetramers, or CD138+ myeloma cells, and 

measuring cytokine secretion. The recent development of bioinformatic methods 

has enabled TCR reconstruction from single cell RNA sequencing (Stubbington 

et al., 2016). This will connect the T cell clonal dynamics, TCR specificity, 

phenotype and transcriptional status of lymphocytes which will help 

understanding of anti-tumour immune responses at the single cell level. 

In post-ASCT patients, a distinct T cell phenotype indicative of exhaustion in CD4 

and CD8 T cells and increased Tregs correlates with shorter PFS. T cells become 

exhausted as a result of chronic antigen stimulation. Therefore, MM patients can 

relapse due to the minimal residual disease (MRD) that persists despite high dose 

chemotherapy. This is enough to provide sufficient chronic antigen stimulation 

post-ASCT to cause T cell exhaustion. Also, the autograft of patients who relapse 

may contain high Tregs and exhausted T cells. While it is not standard practice 

to characterise the cellular composition of autografts, apart from the CD34+ cells, 

it may be beneficial to examine autografts to evaluate whether exhausted T cells 

and Tregs are overrepresented in the autografts of patients who progress. 

Functional assays including in vitro blockade of LAG-3 in combination with anti-

PD-1 will be important. This can be performed using stimulated BM MNCs from 

MM patients. Nivolumab and/or anti-LAG-3 can be added, along with an IgG4 

isotype control. The read out of this experiment will be assessing the cytokine 

secretion and cell proliferation. It will be important to extend this work to pre-

clinical models and determine whether early introduction of anti-PD-1 and/or anti-

LAG-3 blocking antibodies can induce antitumor immunity post-transplant. This 
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can be achieved by using a BM transplant model as described by Vuckovic et al. 

Briefly, B6 recipient mice will be injected with Vk*MYC myeloma 14 days prior to 

BMT. On day-1 the recipient mice will receive total body irradiation and on day 0 

will be transplanted with BM from B6 donor. Anti-PD-1 or control antibody will be 

then administered with or without anti-LAG-3 antibody twice weekly when in a 

state of MRD, then monitored for survival and T cell function. This can help to 

understand if PD-1 blockade can restore T cell immunity against MM, and 

whether this could be augmented with LAG-3 blockade to improve remission 

post-transplant.  

Immune signatures are correlated with relapse which may reflect anti-tumour 

immune response. Therefore, it will be interesting to investigate if this is reflected 

in the diversity and expansion of TCR post-transplant compared to baseline. This 

may shed some light on TCR reactivity when coupled with single cell sequencing.  

As mentioned in Chapter 6, the validated CyTOF panel will be used to identify 

key immune populations at diagnosis and post-ASCT. Additionally, it will be used 

in other projects including the evaluation of immune changes during patient 

progression from the precursor stage of smouldering MM to malignant MM. This 

will provide a comprehensive map of immune changes during disease 

progression from premalignant MM, and inform rational design of 

immunotherapeutic strategies to delay the progression to MM. 

 

In conclusion, this dissertation not only meaningfully improves our understanding 

of immune dysregulation in MM by characterising T cell subsets in the BM 

microenvironment, but also provides new and translationally relevant information 

to the field of MM immunology through the identification of potential targets for 

immunotherapy strategies, in specific clinical contexts. This work also provides a 

platform to pursue future studies to improve our understanding of the role of 

immune dysfunction in this cancer so that we can design therapeutic strategies 

to stimulate anti-tumour immunity in MM patients.  
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7. Appendix 

7.1 List of abstracts, presentations, and papers 

• Marrow infiltrating regulatory T cells associate with dysfunctional 

CD4+PD-1+ cells and inferior survival in newly diagnosed multiple 

myeloma patients. Alrasheed et al. Clinical Cancer Research. (Research 

article). 

• Regulatory T cell abundance and upregulation of immune-regulatory 

receptors on effector T cells are early indicators of relapse post ASCT for 

multiple myeloma. Lee L*, Alrasheed N* (co-first authors) et al. Article 

submitted October 2020. 

• Frequency of marrow infiltrating PD-1 expressing CD4 effectors following 

autologous stem cell transplant (ASCT) for multiple myeloma is prognostic 

for clinical outcome. Alrasheed et al. ASH abstract 4368. American 

Haematology Association Congress, Orlando, FL, USA, 2019. (Poster 

presentation). 

• Marrow infiltrating T-regulatory cells associates with PD-1 expressing CD4 

effector cells and inferior outcomes in patients undergoing novel-agent 

regimens for newly diagnosed multiple myeloma (MM). Alrasheed et al. 

PF563. European Haematology Association Congress, Amsterdam, 

Netherlands, 2019. (Poster presentation). 

• Immune checkpoint expression in myeloma bone marrow. UKMF Scientific 

Workshop. Immunotherapy and the Myeloma Microenvironment, London, 

UK, 2018. (Oral presentation). 

• Immune cell profiling in bone marrow of myeloma patients post autologous 

stem cell transplantation reveals presence of cytotoxic CD4 and CD8 cells 

with prominent expression of LAG-3 and other checkpoint proteins. 

Alrasheed et al. E1208, European Haematology Association Congress, 

Madrid, Spain, 2017. (Poster presentation). 
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7.2 Figures and tables 

 

Donor Hospital Age Sex 

1 UCH 27 Male 

2 UCH 57 Female 

3 UCH 60 Female 

4 AN 44 Male 

5 AN 35 Male 

6 AN 28 Female 

7 AN 40 male 

8 AN 28 Male 

9 AN 43 Female 

10 AN 33 Male 

11 AN 27 Female 

12 AN 27 Female 

13 AN 57 Male 

14 AN 36 Male 

15 AN 47 Female 

 

Appendix 1: Characteristics of heathy donors 

Abbreviations: 

UCH: University college hospital 

AN: Anthony Nolan 

  



280 
 

  Appendix 2: Univariable analysis for newly diagnosed patients in Chapter 3 

  

  Median (months) HR 95% CI 
P value (<0.05 considered 
statistically significant*) 

Genetic risk (high vs standard risk) 33 vs not reached 2.3 0.69 7.72 0.075 

ASCT (no vs yes) not reached vs not reached  2.36 0.98 5.68 0.066 

Response (PR/SD/PD vs CR/GPR) 25 vs not reached  2.08 0.82 5.3 0.09 

ISS stage (ISS II and III vs ISS I) not reached vs not reached  1.16 0.48 2.79 0.74 

Tregs (high vs low) 23 vs not reached 2.91 1.19 6.92 0.021* 

CD4eff:Treg ratio (low vs high) 25 vs not reached  4.22 1.76 10.15 0.005* 

CD8:Treg ratio (low vs high) 33 vs not reached 2.48 1.03 5.99 0.067 

CD4eff PD-1 (high vs low) 33 vs not reached 3.98 1.66 9.55 0.007* 

CD8 PD-1 (high vs low) not reached vs not reached  0.66 0.27 1.58 0.353 

CD4eff LAG-3 (high vs low) 33 vs not reached 0.59 0.25 1.42 0.24 

CD8 LAG-3 (high vs low) not reached vs not reached  0.89 0..37 2.16 0.8 

CD4eff ICOS (high vs low) 39 vs not reached 0.57 0.24 1.38 0.22 

CD8 ICOS (high vs low) 39 vs not reached 0.66 0.27 1.57 0.36 

CD4eff CTLA-4 (high vs low) not reached vs not reached  1.09 0.45 2.62 0.96 

CD8 CTLA-4 (high vs low) not reached vs not reached  0.91 0.38 2.19 0.85 

CD4eff GzmB (high vs low) not reached vs not reached  0.74 0.31 1.77 0.5 

CD8 GzmB (high vs low) not reached vs not reached  0.82 0.34 1.96 0.65 

CD4eff Ki-67 (high vs low) 33 vs not reached 1.83 0.76 4.45 0.18 

CD8 Ki-67 (high vs low) 34 vs not reached 1.97 0.83 4.89 0.12 

CD4eff GzmB+ICOS+ (high vs low) not reached vs not reached  0.37 0.16 0.09 0.317 

Tregs CTLA-4+PD-1+ (high vs low) 25 vs not reached  3.41 1.31 7.57 0.11 

CD4eff CTLA-4+PD-1+ (high vs low) 23 vs not reached 4.33 4.52 8.79 0.004* 

CD4eff PD-1+LAG-3+ (high vs low) 25 vs not reached  3.5 1.23 7.13 0.016* 
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Appendix 3: Correlation of % bone marrow plasma cells with CD4, CD8, 
CD4eff:Treg ratio, CD8:Treg ratio, Tregs, co- activation and co-inhibitory markers 
on CD4 effectors and CD8 T cells in newly diagnosed patients. (A) Correlation of 
% plasma cells with CD4, CD8, CD4eff:Treg ratio, CD8:Treg:ratio and Tregs. (B) 
Correlation of % plasma cells with PD-1, LAG-3, CTLA-4, ICOS, GzmB, and Ki-
67 on CD4 effectors (left), and CD8 T cells (right), n=69. 
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Appendix 3: Correlation of % bone marrow plasma cells with CD4, CD8, 
CD4eff:Treg ratio, CD8:Treg ratio, Tregs, co- activation and co-inhibitory markers 
on CD4 effectors and CD8 T cells in newly diagnosed patients. (A) Correlation of 
% plasma cells with CD4, CD8, CD4eff:Treg ratio, CD8:Treg:ratio and Tregs. (B) 
Correlation of % plasma cells with PD-1, LAG-3, CTLA-4, ICOS, GzmB, and Ki-
67 on CD4 effectors (left), and CD8 T cells (right), n=69. 
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Appendix 3: Correlation of % bone marrow plasma cells with CD4, CD8, 
CD4eff:Treg ratio, CD8:Treg ratio, Tregs, co- activation and co-inhibitory markers 
on CD4 effectors and CD8 T cells in newly diagnosed patients. (A) Correlation of 
% plasma cells with CD4, CD8, CD4eff:Treg ratio, CD8:Treg:ratio and Tregs. (B) 
Correlation of % plasma cells with PD-1, LAG-3, CTLA-4, ICOS, GzmB, and Ki-
67 on CD4 effectors (left), and CD8 T cells (right), n=69. 
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Appendix 4: Kaplan-Meier (K-M) curve for PFS in newly diagnosed MM patients 
(n=43) with high (>median) and low (≤ median) frequency of Tregs identified as 
CD4+FoxP3+CD25+. 
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Appendix 5: G-MDSCs in MM patients. GMDSCs identified as 
CD33+CD11b+CD15+ in newly diagnosed myeloma patients (MM=17) and 
healthy donors (HD=3). 
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Sample ID 

PD-1 on 
CD4 

effectors  

%PD-1 
on CD4 
effectors %Tregs  

 
 

Age 
MM 

isotype 
ISS 

stage FISH 

Induction 
therapy 
received ASCT 

depth of 
response  

2016-08-01AM Low 13.2 0.67 
 

70 IgA I 
standard 

risk IMiDs yes CR 

2015-10-25TN Low 10.7 1.05 
 

40 IgG I 
standard 

risk PIs no VGPR 

2017-04-24PC Low 18.5 0.32 
 

71 IgG I 
standard 

risk PIs yes CR 

2016-05-06EK Low 4.12 1.28 
 

55 IgG I 
standard 

risk PIs yes PR 

2016-06-08JD Low 5.78 1.7 
 

56 IgG II 
standard 

risk PIs yes VGPR 

2015-11-17DR High 28.8 4.1 
 

50 IgG I 
standard 

risk PIs yes CR 

2015-12-10CS High 46.7 3.19 

 
55 IgG II High risk PIs no VGPR 

2016-02-12KF High 35.7 3.09 
55 

IgG I 
standard 

risk IMiDs yes PR 

2015-11-10DM High 27.2 4.89 

 
 

61 LC III High risk PIs no VGPR 

2015-05-08JS High 27.4 8.09 
 

74 LC I 
standard 

risk PIs+IMiDS no VGPR 

 

Appendix 6: Table of patient characteristics for newly diagnosed patients with 
high and low frequency of PD-1 on CD4 effectors used for RNA sequencing. 
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Appendix 7: Count of mapped reads for different genomic features. >85% of the 
reads were protein coding. 
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Appendix 8: Changes in T cell subsets and immune checkpoint markers on T 
cells in paired BM samples at diagnosis and post-ASCT. (A) Percentages of CD3, 
CD4, CD8 T cells, Tregs expressed as % of live MNCs, and as % of CD4 cells. 
(B), Frequency of PD-1, LAG-3, ICOS, CTLA-4, GzmB and Ki-67 on (B) CD4 
effectors and (C) CD8 T cells in the BM of newly diagnosed (ND) and post-ASCT 
patients. *p < 0.05, n=7.  
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Appendix 9: Correlation of % plasma cells with CD4eff PD-1 (upper left), CD8 Ki-
67 (upper right), CD4eff LAG-3 (bottom left), CD8 LAG-3 (bottom middle), and 
Tregs LAG-3 (bottom right) in the bone marrow of MM patients at 3 months post 
ASCT (n=55). 
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Appendix 10: Co-inhibitory and co-activation receptors on CD4 effectors, CD8 T 
cells, and Tregs and effect on PFS in MM patients 6-12 months post-ASCT. (A) 
PFS in patients with high (>median) and low (≤ median) frequency of Ki-67, PD-
1, ICOS, LAG-3, GzmB, and CTLA-4 on CD4 effectors. 

  

A 
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Appendix 10: Co-inhibitory and co-activation receptors on CD4 effectors, CD8 T 
cells, and Tregs and effect on PFS in MM patients 6-12 months post-ASCT. (A) 
PFS in patients with high (>median) and low (≤ median) frequency of Ki-67, PD-
1, ICOS, LAG-3, GzmB, and CTLA-4 on CD4 effectors. (B) PFS in patients with 
high (>median) and low (≤ median) frequency of Ki-67, PD-1, ICOS, LAG-3, and 
GzmB on CD8 T cells. 

 

 

 

B 
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Appendix 10: Co-inhibitory and co-activation receptors on CD4 effectors, CD8 T 
cells, and Tregs and effect on PFS in MM patients 6-12 months post-ASCT. (A) 
PFS in patients with high (>median) and low (≤ median) frequency of Ki-67, PD-
1, ICOS, LAG-3, GzmB, and CTLA-4 on CD4 effectors. (B) PFS in patients with 
high (>median) and low (≤ median) frequency of Ki-67, PD-1, ICOS, LAG-3, and 
GzmB on CD8 T cells. (C) PFS in patients with high (>median) and low (≤ median) 
frequency of Ki-67, CTLA-4, ICOS, LAG-3, GzmB, and PD-1 on Tregs. (n=49) 

  

C 
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  Median (months) HR 95% CI 

P value (<0.05 considered 

statistically significant*) 

Response (PR/SD vs CR/GPR) 36 vs 14 2.78 1.12 6.87 0.003* 

ISS stage (ISS II and III vs ISS I) 20 vs not reached  3.67 1.29 8.23 0.012* 

Genetic risk (high vs standard risk) 15 vs 11 1.99 0.9 6.59 0.088 

consolidation/maintenance (no vs yes) 22 vs 17 1.71 0.88 4.01 0.11 

CD3 (low vs high) 18 vs 30 1.81 0.89 3.76 0.11 

CD4 (low vs high)  22 vs 24 1.12 0.55 2.3 0.76 

CD8 (low vs high) 20 vs 24 1.44 0.72 2.99 0.32 

Tregs (high vs low) 20 vs 30 1.08 0.53 2.25 0.83 

CD4eff PD-1 18 vs 36 1.99 1.07 4.75 0.042* 

CD8 PD-1 30 vs 20 0.73 0.35 1.47 0.38 

CD4eff Ki-67 (high vs low) 20 vs not reached  1.87 0.94 3.97 0.08 

CD8 Ki-67 (high vs low) 18 vs not reached 2.36 1.17 4.93 0.02* 

Tregs LAG-3 20 vs 53 2.01 1.04 4.44 0.046* 

CD4eff LAG-3 18 vs 53 2.88 1.54 6.58 0.0028* 

CD8 LAG-3 20 vs 53 2.69 1.4 5.96 0.005* 

patients in cluster 3 vs all patients 18 vs 36 2.21 1.13 7.16 0.03* 

Appendix 11: Univariable analysis for 3 months post-ASCT patients in Chapter 
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Appendix 12: gating strategy for flow cytometry. Cells were identified based on 
forward scatter vs. side scatter, single cells were selected based on FSC-area 
vs. height, and live CD3 cells were selected based on dye exclusion. 
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Appendix 13: Markers gated on fcs files following Cytofpipe run. Expression of 
CD3, CD4, CD8, CD19, CCR7, CD45RA, CD57, NKG2D, PD-1, TIGIT, GzmB, 
LAG-3, KLRG1, CD25, CTLA-4, and FoxP3 gated from live cells on Cytofpipe fcs 
files.   
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Appendix 14: Frequency of Tregs in paired PB and BM samples from MM 
patients. Frequency of Treg cells (CD4+FoxP3+ cells) as % of live CD4 cells in 
paired BM and PB samples from MM patients (n=7). 
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