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Abstract

Parkinson’s disease (PD) is defined primarily as a movement disorder, but its symptoms extend
beyond the diagnosis-defining motor symptoms. Among non-motor symptoms, dementia is
one of the most common and debilitating, yet it remains relatively understudied in comparison
to motor symptoms, in part due to the considerable clinical, genetic and pathologic overlap
between Parkinson’s disease with dementia (PDD) and dementia with Lewy bodies (DLB).
Common to all three diseases is a lack of disease-modifying therapies, the development of which
requires knowledge of the genes, cell types and biological pathways affected in disease.

In this thesis, publicly available brain-relevant functional genomic annotations were used to
identify PD-relevant pathways and cell types in silico. PD heritability was not found enriched
in a specific cell type or state; however, PD heritability was found significantly enriched
in a lysosomal and loss-of-function-intolerant gene set, with the former highly expressed in
astrocytic, microglial, and oligodendrocyte subtypes and the latter highly expressed in almost
all tested cellular subtypes.

In addition, new annotations were generated by applying bulk-tissue and single-nucleus RNAsequencing to anterior cingulate cortex samples derived from individuals with PD, PDD and
DLB. This pairing permitted cellular deconvolution of bulk-tissue gene expression; estimation
of bulk-tissue cell-type abundances; and in-depth splicing analyses. These analyses found
that PD, PDD and DLB were associated not just with one, but several cell types, including
neuronal, glial and vascular cell types, suggesting that these are disorders of global pathways
working across various cell types. Furthermore, these analyses illustrated the commonalities and
differences between the three diseases in terms of associated pathways, cell types, and upstream
regulators of splicing, observations that can be used to begin building a biological basis on
which to distinguish these disorders.
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Chapter 1

Introduction
Globally, populations are ageing, with the proportion of people aged 60 years and over expected
to increase from 12.3 % of the global population to 21.3 % by 2050 [1]. Ageing is a major
risk factor for many diseases, and in particular, neurodegenerative diseases [2]. Thus, it is
expected that an increasing elderly population will have huge economic and societal impacts. In
the UK, late-onset dementia was estimated to cost a total of £26.3 billion in 2013 [3], a cost
which is projected to double by 2050 [4]. Notably, social care and unpaid care contributed
39 % and 44 %, respectively, to the overall cost of dementia [3], reflecting the significant toll
neurodegenerative diseases take on the quality of life of patients and their loved ones. To change
this trajectory will require new treatment strategies, which importantly, do not necessarily need
to be curative. Treatments that could delay onset and/or slow progression of these diseases have
the potential to deliver major improvements to the quality of life of patients and carers alike, in
addition to a substantial reduction in the economic cost to society [4].
Parkinson’s disease (PD) is the second most common neurodegenerative disease [5] and among
neurological disorders (including Alzheimer’s disease) it was found to be the fastest growing
in prevalence, disability and deaths [6, 7], leading some researchers in the PD field to label
this an “imminent non-infectious pandemic” [8, 9]. While PD is arguably the most successful
example of a neurodegenerative disease that can be symptomatically managed (for example, by
pharmacological dopamine substitution), current treatments primarily target motor symptoms,
which are only one of many symptoms. PD remains a progressive disorder that eventually
causes severe disability and thus stands to benefit greatly from the development of treatments
that modify disease onset and/or progression [5, 10].
Developing therapies requires understanding which genes, cell types and biological pathways
are affected in disease and how they are affected. Family-based genetic studies have proven
instrumental in identifying genes and pathways associated with PD risk, providing the basis
for mechanistic follow-up and even therapeutic trials [10–12]. More recently, genome-wide
association studies (GWASs; see Section 1.2.2 for description) have confirmed that genes
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linked to monogenic forms of PD are also associated with sporadic PD. Furthermore, they
have identified novel loci associated with PD risk [13] and PD progression [14–16]. However,
translation of these GWAS results to interpretable biological mechanisms and models has proven
challenging [17–19]. The following introduction aims to: (i) review the fundamentals of PD, in
particular its clinical, neuropathological and genetic heterogeneity; (ii) provide an overview of
how genetic architecture can be used to inform our understanding of PD risk and progression;
and (iii) summarise the challenges addressed in this thesis.

1.1

Parkinson’s disease

Sporadic PD is the focus of this thesis; however, monogenic forms of PD (which account for
5-10 % of all cases [5]) will be mentioned throughout this introduction to PD, as (i) these have
informed today’s understanding of sporadic PD and (ii) several PD risk loci contain variants
that contribute to monogenic and sporadic forms of PD.

1.1.1

Clinical diagnosis and progression of Parkinson’s disease

Historically, PD has primarily been considered a movement disorder, a view which remains
central to the diagnosis of clinical PD. A prerequisite of clinical PD is the presence of parkinsonism, which is defined as bradykinesia (slowness of voluntary movement) together with resting
tremor and/or rigidity. It is only after diagnosis of parkinsonism that diagnostic criteria are
applied to determine whether parkinsonism is attributable to PD [20]. In addition to the defining motor symptoms, PD also presents with several non-motor symptoms, which span across
multiple domains (e.g. autonomic dysfunction, cognitive impairment, neuropsychiatric and
sensory symptoms, and sleep disturbances) (Figure 1.1) [5, 21, 22]. Some of these non-motor
symptoms (e.g. hyposmia and constipation) predate the onset of motor symptoms, while others
(e.g. cognitive impairment and dementia) become more prevalent as PD progresses. Importantly,
non-motor symptoms are a major determinant of quality of life and eventual institutionalisation.
Thus, while diagnostic criteria paint a rather uniform picture of clinical PD, the reality is that PD
presents as a highly heterogeneous disease. Indeed, a recent large-scale study of the PD phenome
found 122 PD-associated phenotypes spanning a broad spectrum of phenotypic groups ranging
from personality traits to diet and lifestyle to neurological, autonomic and metabolic phenotypes
[23]. Recognition of this heterogeneity has also spurred efforts to define PD subtypes using
clusters of motor and non-motor symptoms [24].
Among non-motor symptoms, cognitive impairment is one of the most debilitating and also one
of the most common; in one 20-year follow-up study, 80 % of PD patients developed dementia
[26]. Cognitive impairment is also heterogeneous in its presentation, ranging from mild cognitive
impairment to dementia [22]. While dementia is no longer considered an exclusion criterion
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for PD [20], the timing of dementia diagnosis relative to the onset of parkinsonism does affect
whether the dementia phenotype is diagnosed as PD with dementia (PDD) or dementia with
Lewy bodies (DLB). Known as the “1-year rule”, PDD is defined as dementia that occurs at least
one year after onset of PD motor symptoms, whereas DLB is defined as dementia diagnosed
before or within one year of motor symptom onset [27, 28]. The validity of this separation is
controversial within the field [29–31]. Indeed, while core diagnostic features differ between
the two diseases, many symptoms are also shared. For example, the core diagnostic criteria for
DLB include fluctuating cognition, visual hallucinations, REM sleep behaviour disorder and
parkinsonism [28]. All four symptoms can be found in the diagnostic criteria for PDD, with
parkinsonism considered a core feature of PDD and the remaining three considered associated
features [27]. Given these clinical overlaps, it has been suggested that PD, PDD and DLB all lie
on a continuous clinical spectrum separated by the timing, sequence and severity of motor and
non-motor symptoms [29–32].

Figure 1.1 Clinical symptoms associated with Parkinson’s disease progression. Symptoms of Parkinson’s disease (PD) are divided into motor and non-motor symptoms and displayed across the various
stages of PD progession. Notably, non-motor symptoms feature throughout all stages of PD progression
and are a core feature of prodromal PD (defined as the stage wherein early signs of PD neurodegeneration
are present, but clinical diagnosis based on motor symptoms is not yet possible [25]). Dashed lines
indicate onset of motor symptoms and clinical diagnosis of PD. Image reproduced with permission from
Springer Nature Customer Service Centre GmbH: Springer Nature, Nature Reviews Disease Primers,
Parkinson disease, Werner Poewe et al, 2017 [5].

1.1.2

Neuropathology of Parkinson’s disease

PD is characterised by the presence of two major neuropathologies: (i) loss of dopaminergic
neurons in the substantia nigra and (ii) accumulation of α-synuclein-containing aggregates,
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termed Lewy bodies (LB), in neurons and neuronal processes [5, 29, 33]. The latter pathology
forms the basis for the Braak α-synuclein staging system, which proposes that LB pathology
begins in the brainstem (stage 1-2) and spreads through the pons to the midbrain and basal
forebrain (stage 3-4), and finally the neocortex (stage 5-6; where it appears first in the anterior
cingulate gyrus and thereafter spreads to the frontal cortex and other cortical regions) [34,
35]. Together with evidence suggesting that α-synuclein is capable of cell-to-cell transfer (in
particular, the finding of LB pathology in foetal neurons grafted into 3 PD patients 11-16 years
before their death [36, 37]), this gradual spread has lead to the “prion hypothesis” for PD,
wherein propagation of α-synuclein pathology from one neuron to another is thought to underlie
the neuronal dysfunction and worsening of symptoms [38].
An alternative hypothesis, otherwise known as the “cell-autonomous” hypothesis, has been
driven by the observed pattern of neuronal loss, which includes the distinguishing loss of
dopaminergic neurons in the substantia nigra, loss of cholinergic neurons in the pons, a modest
loss of glutamatergic neurons in the amygdala, and with clinical progression, loss of neurons
in Lewy-body-affected regions [39–41]. This hypothesis argues that if we assume that LB
pathology is a marker of pathogenic spread then it cannot adequately explain clinical symptoms.
Evidence in support of this argument includes: (i) a study of 37 LRRK2-related PD cases
(mutations in LRRK2 are the most frequent cause of familial PD) where over half presented
with loss of dopaminergic neurons in the absence of LB pathology [42] and (ii) a study of 176
clinically-defined PD donors where LB pathology was not the main neuropathological finding
in 15 % of donors [43]. The “cell-autonomous” hypothesis instead posits that the spread of
PD pathology is due to inherent properties that put specific neuronal populations at risk (e.g.
neurons with long and highly branched axons). Alone, neither hypothesis sufficiently accounts
for the observed pathology of PD, as highlighted by the poor correlation between LB pathology
and neuronal loss [40, 41]. It has therefore been argued that a synthesis of the two (i.e. spreading
of α-synuclein pathology is limited to a subset of vulnerable neurons) currently represents the
best explanation [38, 40, 41].
While classed as a synucleinopathy, PD often presents with concomitant pathologies, a common
phenomenon in neurodegenerative disease and aged individuals [11, 44]. In a recent study
of 176 clinically-defined PD cases, 92 % presented with tau neurofibrillary tangles (primarily
Braak stage 1-2), 63 % presented with amyloid-β deposits, and 40 % presented with amyloid-β
neuritic plaques [43]. PDD and DLB are also classed as synucleinopathies, presenting primarily
with LB pathology that has extended beyond the brainstem to limbic and neocortical regions
[27, 28, 45]. In addition, PDD and DLB exhibit concurrent amyloid-β and tau neurofibrillary
pathology, typically of a more advanced stage compared to PD [44–46]. Thus, PD, PDD
and DLB (collectively referred to as the Lewy body diseases, LBDs) present with similar
pathological entities, an argument often used to support the notion that the three diseases lie on
the same disease spectrum.
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Arguably, neuropathological differences do exist between the LBDs. For example, a systematic
review of 44 autopsy studies involving PD cases with dementia found that not only was neocortical α-synuclein involvement more prevalent in PDD compared to PD, but the load was
also higher in PDD compared to PD [47]. Similarly, DLB cases tended to have a greater global
α-synuclein burden than PDD [47], creating a hierarchy of PD < PDD < DLB. At a regional
level, α-synuclein load was found to be significantly higher in dementia groups (DLB and PDD)
compared to PD across five cortical regions (superior frontal cortex, anterior cingulate cortex,
temporal cortex, parietal cortex and entorhinal cortex) [48]. Furthermore, α-synuclein loads in
the temporal and parietal cortex were higher in DLB than PDD (i.e. they distinguished between
the two disorders) [48]. Among concomitant pathologies, differences include: (i) at a global
level, a higher prevalence and severity of amyloid-β pathology in dementia groups (DLB and
PDD) compared to PD [44, 45, 48]; and (ii) at a regional level, a higher amyloid-β load in
the striatum and the cortex of DLB and PDD patients compared to PD patients [45, 47, 48].
Within cortical regions, prevalence of amyloid-β pathology in the temporal cortex was found to
be highest in DLB patients and lowest in PD patients, with the hierarchy PD < PDD < DLB
[45]. A similar hierarchy was observed for amyloid-β load in the occipital cortex [45]. Thus, a
re-occurring theme that emerges across the neuropathological differences between PD, PDD
and DLB is a hierarchy of pathological prevalence and/or load, suggesting that they indeed
lie on a continuous spectrum of disease. Furthermore, it has been suggested that cortical LB,
amyloid-β and tau neurofibrillary pathology have a synergistic effect on progression to dementia
on the basis that (i) cortical LB pathology is a strong predictor of dementia in PD [46–48], (ii)
amyloid-β and tau neurofibrillary pathology have been associated with a shorter time course
between the onset of motor symptoms and development of dementia in PD [47–49], and (iii)
strong correlations exist between the three pathologies [47–49].

1.1.3

Genetics of Parkinson’s disease

Today, it is widely accepted that both genetic and environmental factors influence PD risk;
however, until two decades ago, PD was considered a non-genetic disorder [50, 51]. The critical
turning point came in 1997, with the discovery of a missense mutation in the gene encoding
α-synuclein (SNCA), which resulted in an autosomal dominant PD phenotype [52]. This finding
was followed by identification of mutations in several other genes, such as PRKN and LRRK2
that were associated with autosomal recessive and autosomal dominant forms of PD, respectively
[53–55]. To date, family-based linkage studies have identified rare variants in more than 20
genes thought to cause PD [51], highlighting the genetic heterogeneity of monogenic PD.
Another notable turning point in the study of PD genetics was the identification of the first
risk loci for sporadic PD in 2009 with data from 5,197 patients and 8,803 controls [56]. Not
only did this discovery support the notion that genetics had a role to play in sporadic PD, but it
also supported the notion that familial PD and sporadic PD were aetiologically related, as the
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identified loci were found in regions of the genome that contained two genes already implicated
in monogenic forms of PD (LRRK2 and SNCA). Subsequent GWASs have grown considerably in
cohort size, in large part through international collaborative efforts, and as a result, the number
of loci has grown significantly [19, 51]. In the latest GWAS from 2019, 90 independent risk loci
were identified with data from approximately 37,700 patients, 18,600 proxy cases (individuals
with a parent with PD) and 1.4 million controls [13]. Furthermore, the estimated heritability
(see Section 2.2.1.1 for definition) of PD due to common genetic variation was estimated to be
around 22 %, once again highlighting the role genetic factors play in sporadic PD.
In addition to dividing genetic contributions to PD by their architecture (e.g. monogenic
versus complex, where sporadic PD would be considered complex; see Section 1.2.1), they
can be divided by their contribution to disease risk, disease age of onset (AOO) and/or disease
progression. The division between disease risk, onset and progression is a more recent addition
to the study of PD genetics, particularly in the study of sporadic PD. The last two years has seen
the publication of two PD progression GWASs [14, 16] and one PD AOO GWAS [15]. These
have demonstrated some overlap between PD risk and AOO, as well as PD risk and progression.
For example, the GBA variant p.E326K (also known as p.E365K), which is thought to be a
major driver of the GBA PD risk GWAS locus [57], was associated with cognitive progression in
both PD progression GWASs [14, 16] and with PD AOO [15] (of note, in AOO and progression
GWASs, GBA was not a genome-wide significant hit and associations were revealed using
targeted assessments of PD risk loci). Furthermore, SNCA and TMEM175 loci were genomewide significant PD risk loci and modifiers of AOO. Given that overlap of PD risk with AOO
or progression was only found to be partial, authors of the various AOO/progression GWAS
studies have suggested that the underlying biology contributing to risk, onset and progression
may also be different [14–16].

1.1.3.1

Genetics of Parkinson’s disease with dementia and dementia with Lewy bodies

Given clinical and neuropathological overlaps between PD, PDD and DLB, it is worth considering the genetics of PDD and DLB. Three genes have been consistently implicated in both
diseases: APOE [58–62], GBA [58–61, 63] and SNCA [58, 59, 61, 64]. In addition, a recent
GWAS of LB dementia (patients were diagnosed with pathologically definite or clinically
probable disease using criteria for PDD and DLB) identified two novel risk loci in BIN1 and
TMEM175 [61], which have also been associated with Alzheimer’s disease (AD) and PD, respectively [13, 65]. Notably, the directions of effect at the index variants of the GBA and TMEM175
loci were the same in LB dementia as observed in PD; the same was true for APOE and BIN1
index variants, albeit in relation to AD [61]. These findings, together with observations that
genetic risk scores derived from AD and PD GWAS meta-analyses can predict risk of LB
dementia [61] and DLB [66], indicate that there is an underlying genetic overlap between PD,
PDD and DLB, in addition to AD and LB dementia.
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The extent of this genetic overlap is unclear. Firstly, AD and PD genetic risk factors only explain
a small portion of DLB phenotypic variance [66]. Secondly, the APOE ε4 allele has been
associated with severity of LB pathology independently of AD-related pathology [67]. Thirdly,
in PD, the SNCA locus harbours three independent association signals [68], the strongest of
which is located at the 3’ end of the gene and has been linked to regulation of SNCA expression
and splicing via a transcriptome-wide association study (TWAS) [69]. On the other hand, the
SNCA locus associated with DLB and LB dementia is located at the 5’ end of the gene and has
been linked to regulation of SNCA-AS1 expression via colocalisation [61]. In summary, PDD
and DLB both represent genetically heterogeneous conditions, and while it is tempting to view
them as a continuation of PD or a merge of AD and PD, further work is required to clarify this.

1.1.3.2

Genetics and the environment in Parkinson’s disease

While genetics clearly influence PD risk and progression, neither can be fully explained by
genetics alone. Instead, what cannot be explained by genetic factors is attributed to age and
environmental factors [2, 5, 70]. Among environmental factors, epidemiological studies have
demonstrated an association between PD risk and several factors, such as exposure to pesticides,
smoking, caffeine consumption, alcohol consumption and physical activity [70, 71]. Given that
it is not possible to establish whether epidemiological associations are truly causal, Mendelian
randomisation studies have played an important role in establishing causal relationships between
PD risk and environmental factors [72–74]. Causal relationships revealed to date include:
(i) an increased risk of PD with increased alcohol consumption (contrary to observational
studies) [74] and (ii) a reduced risk of PD with increased BMI [72–74] and smoking [74]. Thus,
environmental factors clearly also contribute to PD risk (as would be expected given that PD
heritability estimates span from 22 % to 27 % [75–78]).
When thinking about genetic and environmental risk factors it is important to consider potential
interactions between the two (i.e. gene-by-environment interactions). On a molecular level,
attempts to probe gene-by-environment interactions have given rise to investigations of quantitative trait loci (QTLs) that respond differently depending on the stimulus used (these are
known as response QTLs) [79–81]. These investigations have been primarily in-vitro-based,
using various cell types exposed to stimuli you might expect in vivo (e.g. immunostimulants).
In-vitro-based experiments provide a more simplified, and thus tractable, setting for the study
of gene-by-environment interactions; however, an in vitro experiment may also present stimuli
that may not be present in an in vivo setting. Results must therefore be interpreted with care.
Another strategy used in the study of gene-by-environment interactions has been to compare
the association of environmental exposures to disease risk across strata of genetic risk. This
strategy was recently applied to PD using UK Biobank data and provided nominal evidence to
suggest a negative multiplicative interaction between diabetes and PD genetic risk [71]. That
is, in those strata with lower genetic risk of PD, the association with diabetes was modified
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in a manner that suggested it might play a bigger role as a risk factor than if the interaction
was purely additive [71]. This finding is particularly compelling in light of the re-purposing of
exenatide, a glucagon-like peptide-1 receptor agonist currently licensed for the treatment of type
2 diabetes, for the potential treatment of PD [82], and demonstrates how interactions between
genetic and environmental risk factors may contribute to PD risk.

1.2

Using genetic architecture to inform the biology of Parkinson’s
disease

1.2.1

Defining genetic architecture

Genetic architecture is a loosely-defined term that is often used to describe the landscape of
genetic contributions to a phenotype’s broad-sense heritability [83]. Broad-sense heritability (H2 )
is formally defined as the proportion of phenotypic variance that can be explained by all genetic
factors, including additive effects, dominant/recessive effects, and interaction effects between
different genetic variants (a phenomenon known as epistasis) [84, 85]. Thus, a description
of the genetic architecture of a phenotype will often refer to the number of genetic variants
that contribute to the phenotype, the population frequency of these variants, the size of their
effect on the phenotype, and their interactions with each other [83, 86]. Several types of genetic
architecture exist, commonly referred to as monogenic, oligogenic and polygenic, wherein one,
few or many genetic variants contribute to phenotypic variance, respectively [83]. These are
usually considered separate entities, although there are some suggestions that this may be an
oversimplification. Indeed, common variant background has been shown to modify age of onset
in Huntington’s disease (otherwise considered a monogenic disorder) [87] and, more recently, to
modify the risk conferred by monogenic risk variants that cause familial hypercholesterolemia,
hereditary breast and ovarian cancer syndrome and Lynch syndrome [88].
As described in Section 1.1.3, PD is divided into monogenic forms, which are typically associated with rare genetic variants with large effect sizes (so large that they are effectively causal),
and sporadic/polygenic forms, which are associated with common genetic variants with much
smaller effect sizes. Importantly, genetic architecture can vary across populations as a result of
different selective pressures [83]. PD is no exception to this variation, with recent meta-analyses
demonstrating that LRRK2 and GBA variants are preferentially associated with PD risk in certain
populations [89, 90].

1.2.2

Determining genetic architecture

To understand the genetic architecture of a trait or disease requires an experimental design
that permits the association of genetic variation with phenotypic variance. This design is more
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commonly known as the GWAS. It is worth noting that human genetic variation can be divided
based on (i) the frequency of the minor allele of a variant within the human population and (ii)
the nucleotide composition of the variant [91]. While definitions can vary, typically genetic
variants with a minor allele frequency (MAF) ≥ 5 %, between 1-5 %, and < 1 % are referred to
as common, low-frequency and rare, respectively. Nucleotide composition classes are broadly
split into single nucleotide polymorphisms (SNPs) and structural variants, where the latter refers
to genomic regions that are, in principle, > 1 bp (although these regions are often ≥ 50 bp)
showing a change in copy number or genomic location [91, 92]. Several categories exist within
the broadly-defined structural variant class (e.g. insertions/deletions, inversions, etc.), however,
for the purposes of this thesis, discussion will be limited to SNPs.
GWASs are based on a very simple principle, wherein the frequency of a variant is tested for
association with the phenotype of interest. This is performed multiple times across all genotyped
variants and those variants found to pass the genome-wide significance p-value threshold of
5 ∗ 10−8 (the accepted threshold for common variants [93]) are considered to be significantly
associated with the phenotype of interest. GWASs very much depend on linkage disequilibrium
(LD, the non-random association of alleles in a population [94]), which essentially means that
most common variation in the genome can be assessed by genotyping only a subset of common
variants [17, 83]. This formed the basis for the SNP array, a game-changing technological
development in the study of common genetic variation. While SNP arrays were originally
limited to the study of common variants, imputation has permitted estimation of low-frequency
variants [95, 96]. Key to this development has been whole genome sequencing (WGS) of large
numbers of individuals [95] and development of computationally efficient imputation algorithms
[97]. Importantly, GWASs are not limited to array-based studies of common variants, and with
the decreasing cost of WGS, GWASs are emerging that have used WGS, such as the recent
LB dementia GWAS [61]. Although the power of detection gained by WGS is limited (unless
sample sizes are very large), WGS permits rare-variant gene-based burden testing, which is
not possible with a SNP array [17]. With evidence to suggest that the “missing heritability”
of complex traits can be accounted for by rare variants, the use of WGS in GWAS is likely to
expand in the coming decade [98].

1.2.3

Linking common-variant findings to actionable biology

The advent of GWAS has been instrumental in the identification of disease/trait-associated
variants, with 197,708 variant-trait associations reported in the September 2020 update of the
NHGRI-EBI GWAS catalogue [99]. PD is no exception and, as mentioned in Section 1.1.3,
has also seen an significant growth in identified risk loci. However, translation of these GWAS
results to interpretable biological mechanisms and actionable models has proven challenging
[17–19], due to LD, which complicates identification of the risk-driving variant(s) in a locus, and
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the localisation of 88 % of GWAS-identified human complex disease/trait-associated variants in
non-coding regions of the genome [100].
With evidence that risk loci primarily operate by regulating gene expression or splicing [101],
interpreting disease/trait-associated variants requires (i) knowledge of (and means for assaying)
gene regulatory mechanisms and (ii) tools that permit integration of this knowledge with GWAS
results, two fields of research that have seen significant advances in the last decade. Advances
in cell isolation and sequence-based -omic technologies have allowed researchers to assay the
molecular phenotypes of gene regulation in an increasingly precise and granular manner. This
has resulted in a surge in the generation of tissue- and cell-type-specific “functional genomic
annotations”, a term used to denote regions of the genome to which functional information (e.g.
DNA methylation, chromatin accessibility, or gene expression) has been attached [102, 103].
In parallel with this surge, an increasing number of computational tools have emerged that
permit integration of functional genomic annotations with GWAS results, in particular, GWAS
summary statistics [96]. One of these tools is stratified LD score regression, which permits
partitioning of genome-wide SNP-heritability into various user-defined categories of functional
genomic annotations [104] (see Section 2.2.1.1 for further details). With these advances, the
mismatch between the rate of discovery versus that of interpretation appears set to change. In
particular, these advances provide an opportunity to identify the relevant cell types for GWAS
risk variants in silico, in addition to genes and biological pathways of interest. This knowledge
can inform our understanding of disease aetiology and experimental modelling, constraining the
number of potential experimental models to a testable few.

1.2.3.1

Functional genomic annotations

Technological developments have defined the trajectory of annotation generation, with many
of these developments driven by a push for (i) increasing cellular resolution, which today
spans from whole tissue to single cells and (ii) the ability to assay molecular phenotypes
across the genome in an unbiased manner, which is now possible for phenotypes ranging from
epigenomic modifications to transcriptomic gene expression profiling [105–108]. While many
of the modalities used to assay these molecular phenotypes were originally developed for whole
tissue samples, the last few years has seen these scaled for use with single cells, too. Thus, most
functional genomic annotations can be thought to lie somewhere in the two-dimensional space
created by these two axes of information (Figure 1.2).

1.2.3.1.1

Why is cellular resolution necessary? The brain is a heterogeneous tissue organ-

ised into functionally separate but interconnected regions, an observation that is mirrored in
regional transcriptomes and their regulation [109, 110]. In turn, brain regions reflect a diverse
collection of underlying cell types, with each cell type often exhibiting their own specific regula-
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Figure 1.2 The 2D space of cellular and molecular resolution. Individual functional genomic annotations can be thought to lie somewhere on the axes of cellular resolution (spanning from whole tissue to
single cells) and molecular resolution (spanning across epigenetic phenotypes, transcriptomic phenotypes
and intermediates between the two). Points on the plot are purely illustrative, roughly depicting the
relative number of functional annotations in each discrete population, with the most annotations currently
found in the category of tissue-level steady-state mRNA levels and the least in the category of single cell
steady-state isoform levels. To illustrate this categorization, a few of the annotations used in Chapter 2 of
this thesis have been labelled. Brain and single cell icons made by Eucalyp, Freepik and Smashicons
from www.flaticon.com.
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tory features [111–113]. Notably, several cell types may display cell-type-specific regulatory
features that vary across brain regions, as was recently demonstrated for neurons, astrocytes
and ependymal cells in a single-cell transcriptomic study of 19 regions within the adult mouse
nervous system [113]. Thus, averaging features across the brain with its multiple regions may
dilute or altogether mask brain-region- and cell-type-specific features, which at worst may lead
to incorrect interpretations [114]. As an example, DNA methylomes were until recently thought
to be largely homogeneous between brain regions, a conclusion based on bulk-tissue analyses
[115]. However, a study separating brain tissue into neuronal and non-neuronal populations by
fluorescence-activated nuclear sorting demonstrated that methylation differences among neurons
from distinct brain regions were masked when combined with non-neurons, which showed fewer
methylation differences across brain regions [111]. From a transcriptomic perspective, with
bulk-tissue RNA-sequencing it is difficult to differentiate between a low-abundance transcript
expressed across a well-represented cell type and a high-abundance transcript only expressed
in a rare cell type. In other words, changes observed at the tissue level can also be due to
differences in cell-type proportions [116, 117]. Indeed, a recent study of human brain tissue
from 1866 individuals, not only identified cell-type fraction changes associated with various
traits, including sex and increased age, but also demonstrated that varying cell-type proportions
largely account for cross-population variations in bulk tissue gene expression [117]. In the
context of neurodegenerative disease, the problem of cellular heterogeneity is compounded by
selective neuronal vulnerability to pathology, which often results in a loss of neurons [118].
Cellular resolution is therefore critical in attempts to understand the mechanisms underlying
this selectivity, as is the ability to estimate changes in cell-type proportions.

1.2.3.1.2

Why is molecular resolution necessary? Trait/disease-associated non-coding

variants have been found enriched across multiple molecular phenotypes, including expression
QTLs (eQTLs), splicing QTLs, and measures of chromatin accessibility, such as deoxyribonuclease I hypersensitive sites and transposome hypersensitive sites [101, 112, 119–123]. In a study
of eQTLs, the H3K9ac histone QTL, and DNA methylation QTLs in the dorsolateral prefrontal
cortex of 411 individuals, of the 10,897 QTLs associated with all three molecular phenotypes,
85 % were found to independently affect gene expression or the epigenetic landscape, implying
that molecular phenotypes capture different information [122]. This observation was mirrored in
a joint analysis of five molecular QTLs, including eQTLs, two types of histone QTL (H3K4me1
and H3K27ac), splicing QTLs and methylation QTLs, which found that all molecular QTLs
except splicing QTLs significantly contributed to the heritability of 41 diseases and complex
traits [123]. The joint nature of this analysis indicated that each of the significant molecular
QTLs provided unique information about disease independent of the others. In the same study,
the authors demonstrated a relationship between eQTL sample sizes and annotation effect sizes,
arguing that increasing samples sizes may produce larger enrichments in the future and likewise
may demonstrate a significance for splicing QTLs, which have otherwise been shown to contain
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disease-relevant information independent from eQTLs [101, 123]. Such studies highlight the
importance of capturing multiple molecular phenotypes in any attempts to understand the genetic
architecture of disease.
Given the importance of both cellular and molecular resolution, an ideal functional genomic
annotation should provide high cellular resolution across several molecular phenotypes. Furthermore, it should be anatomically comprehensive (i.e. comprehensive coverage of brain regions)
and offer high-depth genome-wide coverage. Unsurprisingly, no current annotations satisfy all
these criteria, due to the exceptionally expensive nature of such an endeavour. Thus, increasing
cellular resolution, as with use of single-cell analyses, often comes with a choice between
anatomical comprehensiveness or high-depth genome coverage. Likewise, ensuring analysis
across multiple molecular phenotypes often comes with the same choice, particularly if paired
with different levels of cellular resolution. For this reason, it is important to not only use a
variety of annotations to inform trait/disease biology, but also to identify current gaps so that
appropriate annotations can be generated. In this context, it is worth noting that two recent
systematic reviews of transcriptomic profiling in PD and LB dementia highlighted a paucity of
RNA-sequencing-based transcriptomic studies in disease-affected brain tissue, and likewise,
studies of alternative splicing [124, 125] (this is discussed in further detail in Section 3.1 and
4.1, respectively).
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1.3

Unresolved challenges & thesis aims

Substantial progress has been made in the clinical, neuropathological, and genetic characterisation of PD, PDD and DLB. In particular, our understanding of the genetic basis of PD has
advanced considerably. In spite of this, the biological basis and cellular context of PD risk
remains unclear. With the increasing power of the PD GWAS and the increased availability of
cell-specific functional genomic annotations, there is now an opportunity to link common-variant
PD heritability to underlying cell types in a hypothesis-free manner. Therefore, the first aim of
this thesis was to:
1. Identify the tissues, cell types and cell states underlying PD risk, an aim that has implications for modelling and understanding of the disease. (Chapter 2)
Common-variant genetic studies of PDD and DLB remain too small and underpowered for the
same approach to be applied. However, this does not preclude attempts to improve our understanding of the biological basis and cellular context of PDD and DLB. Indeed, transcriptomic
profiling together with downstream cellular deconvolution and cell-type enrichment analyses
can be used to identify cell-type- and disease-associated gene expression and splicing. Given
the current lack of RNA-sequencing-based transcriptomic profiling across all three LBDs, the
remaining aims of this thesis were to:
2. Generate an LBD-relevant transcriptomic resource based on paired bulk-tissue and singlenucleus RNA-sequencing applied to anterior cingulate cortex samples derived from
LBD-affected individuals. The anterior cingulate cortex is one of the first cortical regions
to be affected by α-synuclein pathology [34] and LB densities in the region correlate with
cognitive impairment in PD [126, 127], making the region an apt choice for the study of
cognitive impairment in the LBDs. (Chapter 3)
3. Assess the degree of cellular and molecular heterogeneity in the LBDs through:
(a) The study of cellular composition in the LBDs and its effect on bulk-tissue differential gene expression. (Chapter 3)
(b) The study of alternative splicing in the LBDs using statistical models that account
for cellular composition. (Chapter 4)
This has the potential to not only identify disease-associated biological processes and cell
types, but also to begin building a biological basis on which to distinguish these disorders.
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Mapping Parkinson’s disease
heritability to brain cell types and
states
2.1

Introduction

Late-onset sporadic forms of neurodegenerative diseases are devastating conditions imposing an
increasing burden on healthcare systems worldwide. Currently, 2-3 % of the population over 65
years of age are living with Parkinson’s disease (PD), making this the second most common
neurodegenerative disorder worldwide [5]. This progressive condition is characterised by the
loss of dopaminergic neurons in the substantia nigra manifesting clinically as resting tremor,
muscle rigidity, and bradykinesia [5, 33]. Existing symptomatic treatments do not alter the
course of the disease and their effectiveness decline with time, which makes the identification of
potential therapeutic targets of key importance.
To date, the primary focus of PD research has been on neurons, a view which is reflected by the
overwhelming number of publications investigating PD-related processes in this specific cellular
context. The rationale for this focus is two-fold: (i) loss of dopaminergic neurons contributes
to the motor features of PD and (ii) the pathologic hallmark of PD is the presence of neuronal
inclusions, termed Lewy bodies [5, 33, 35]. The findings that α-synuclein (encoded by the
gene SNCA) is predominantly expressed in neurons [35, 128], is the major component of Lewy
bodies [128, 129], and mutations in SNCA give rise to autosomal dominant PD [52, 130–132]
provide a key link between SNCA function, neurons and disease pathogenesis. Furthermore,
the identification of risk SNPs at the SNCA locus through genome-wide association studies
(GWASs) of sporadic PD provides support for the importance of SNCA-related pathways, and
by implication, neurons in both sporadic and monogenic forms of PD.
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Despite this neuronal focus, there is growing evidence to suggest the involvement of nonneuronal cell types in PD pathogenesis. Among other brain-related cell types, it has been
shown that α-synuclein oligomers are capable of provoking an immunological response from
microglia and astrocytes [133], and that microglia play a role in clearance of neuron-released
α-synuclein [134]. Furthermore, blocking the microglial-mediated conversion of astrocytes
to an A1 neurotoxic phenotype was found to be neuroprotective in mouse models of sporadic
and familial α-synucleinopathy [135]. Among non-brain-related cell types, PD-associated
risk variants have been shown to alter the expression of nearby genes in peripheral monocytes
[69, 136], and indeed, transcriptomic profiling of monocytes derived from sporadic PD patients
demonstrated dysregulation of mitochondrial and proteosomal function [137]. Notably, many
of the cellular processes perturbed in PD are active in peripheral monocytes [138], suggesting
that monocytes may mirror some of the cellular states observed in PD brain, particularly in
closely-related microglia.
Previous studies have attempted to address the cellular specificity of sporadic PD, using a
number of regulatory annotations (e.g. eQTLs, histone marks, etc.) from several brain- and
non-brain-related cell types and tissues, albeit with different statistical approaches [139, 140].
Using enrichment analyses together with genome-wide significant PD risk SNPs (a total of 26),
Coetzee et al. found only one risk locus with significant SNP enrichment in active regulatory
regions found in substantia nigra, while 11 loci were found significantly enriched in lymphocytes,
mesendoderm, liver- and fat-cells [139]. Using all SNPs associated with the 2014 iteration
of the PD GWAS (as opposed to only genome-wide significant hits) together with stratified
LD score regression (LDSC), Gagliano et al. observed no enrichment for the various brain
annotations assessed, and in fact found further evidence for the importance of the adaptive
and innate immune system [140]. It is important to note, however, that brain regions are
notoriously heterogeneous, thus cell-type-specific regulatory features may be masked when
averaging across bulk tissue. In addition, neither study included annotations that accounted for
cell types across different cellular states (e.g. in response to environmental stimuli), which have
been shown to harbour disease risk alleles that manifest activity in a context-specific manner
[79–81]. Resolving the question of cellular specificity has become increasingly important; with
the advent of induced pluripotent stem cell models of disease, modelling PD in vitro is now
possible, and this implies some decision about the cell type of interest.

2.1.1

Aims and objectives

This study aims to identify tissues, cell types and cell states underlying PD risk through the
analysis of genomic regions overlapping regulatory marks or gene expression from brain-relevant
cell types and states. PD GWAS datasets are primarily used, with schizophrenia (SCZ) GWAS
datasets used for comparisons purposes.
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2.2
2.2.1

Methods
Stratified LD score regression

There are a number of methods available to integrate functional genomic annotations with
genetic association results, some of which assess enrichment of trait-associated loci or trait
heritability with functional annotations, while others fine map trait-associated loci. Stratified
linkage disequilibrium score regression (LDSC) was used in this study due to its computational
efficiency, its flexibility with regards the input annotation, and finally, its reliance on GWAS
summary statistics.

2.2.1.1

LD score regression: estimating heritability

Broadly speaking, heritability is a measure used to describe the extent to which “variation” in a
trait can be “explained” by genetic variation (as opposed to environmental variation) [84, 85].
Here, “variation” is used synonymously with variance, and “explained” is used to indicate that
if perfect information were available on the effect of all genetic variants, it would be possible
to predict the variation in a trait. Heritability comes in a number of different flavours, some
of which can be considered subsets of each other. The most general definition of heritability
is broad-sense heritability (H2 ), wherein the proportion of trait variation explained by genetic
variation amounts to the summed effects of additive genetic effects, dominant/recessive genetic
effects, and epistatic effects. Narrow-sense heritability (h2 ) is, as the name implies, a narrower
definition of heritability, and is formally defined as the proportion of phenotypic variation
attributable to additive genetic effects, which in turn are defined as the sum of the average effects
of the alleles an individual carries and confers to their progeny [84, 85]. Thus, h2 can be thought
of as a subset of H2 , with the implication that if there are no dominant/recessive or epistatic
effects, h2 and H2 would be equal.
Traditionally, h2 was estimated using pedigree and twin studies; however, recent years have
witnessed the development of “SNP-based” methods permitting the estimation of h2 in distantly
related individuals using measured single nucleotide polymorphisms (SNPs), that is, SNP-based
heritability (h2SNP ) [141, 142]. In the same way h2 is a subset of H2 , h2SNP is a subset of h2 , as
h2SNP is limited to the additive effects of a subset of genetic variants (i.e. SNPs). Two important
features of h2SNP to bear in mind when interpreting results are: (i) the dependence of h2SNP on
the set of SNPs used, which in turn will depend on how SNPs were measured (e.g. whole
genome-sequencing versus imputation from a reference) and (ii) the variation explained by
SNPs may or may not reflect the contribution of the measured SNPs as opposed to any genetic
variants they are in LD with (i.e. h2SNP should not be interpreted as completely excluding the the
effects of other types of genetic variation).

43

Mapping Parkinson’s disease heritability to brain cell types and states
Several methods exist to estimate h2SNP , which can be broadly divided into those using individual
genotypes or those using GWAS summary statistics, the latter of which will form the focus
of the next paragraph. Of these methods, the most computationally efficient and tractable for
large datasets is LDSC [142–144], which also benefits from its reliance on GWAS summary
statistics; in contrast to individual genotypes, these are readily available and easily accessible.
LDSC exploits the expected relationships between true association signals and surrounding
local linkage disequilibrium (LD) to adjust for confounding biases, such as cryptic relatedness
and population stratification, and arrive at unbiased estimates of genetic heritability in a given
set of SNPs [143, 144]. LDSC analyses are typically restricted to common variant SNPs due to
the assumptions of the model (i.e. all SNP effect sizes are drawn from the same distribution),
the over-representation of common SNPs (minor allele frequency, MAF ≥ 5 %) in a typical
GWAS setting, and concerns regarding imputation quality for low-frequency and rare variants
(MAF < 5 %). Furthermore, as LD is estimated using a reference panel, it is important to match
the ancestral background of the panel and the population in the GWAS.

2.2.1.2

Stratified LDSC: assessing the heritability of SNP-derived annotations

Stratified LDSC (v 1.0.0) builds upon the original LDSC model, allowing users to partition
genome-wide SNP-heritability into various user-defined annotations [104] (Figure 2.1). Underlying the desire to partition the genome is the idea that the distribution of a trait’s heritability
may vary across the genome. For example, one might have an expectation that variation in
SNPs located in genes highly expressed in brain tissue explain a significant portion of phenotypic variation in a brain-related trait (i.e. a gene-expression-based brain-specific annotation
is enriched for the heritability of a brain-related trait). Here, stratified LDSC was applied to
determine if genomic annotations marking tissue- or cell-type-specific activity, as summarised
in Section 2.2.2, were enriched for PD heritability. Schizophrenia was included as a measure of
robustness, as its heritability has been previously shown to be enriched in genes highly expressed
in the central nervous system and, more specifically, neuronal cell types [145, 146]. Following
the procedure employed by Finucane et al. [104], annotations were added individually to the
baseline model (v 1.1), which comprises 24 different genome-wide annotations reflecting genetic
architecture, such as conserved regions and histone marks. All annotations were constructed in
a binary fashion using the same SNPs present in the LDSC baseline model. SNPs overlapping
an annotation were assigned a value of 1, while SNPs that did not belong to the annotation were
assigned a value of 0.
Since the original stratified LDSC publication, several LD-related baseline models have been
released [147–149]. All include MAF bins and LD-related annotations to model MAF- and
LD-dependent architecture, respectively, and a number of conservation measures. Using the
53-annotation baseline model (also referred to as version 1 of the baseline model), as opposed
to LD-related baseline models (also referred to as version 2 of the baseline model), may lead to
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Figure 2.1 Partitioning the genome into SNP-derived annotations for stratified LDSC. Schematic
illustration of SNP-derived annotations. Exons are indicated by grey-filled boxes; common-variant SNPs
are indicated by a vertical black line; and what might be considered a SNP-derived annotation is indicated
by a dashed grey box. Common-variant SNPs (MAF > 5 %) can be divided into user-defined annotations.
Example annotations include those that tag genetic architecture; that is, SNPs associated with histone
marks, or those located in exons, introns or 3’-UTR regions. These more generic annotations are included
in the LDSC baseline model. In addition, users can also define their own annotations. For example, users
can define tissue-specific annotations, which might include SNPs associated with tissue-specific eQTLs
or SNPs located within tissue-specific genes (i.e. genes highly expressed within a tissue).

upward biased heritability enrichment estimates for annotations added [147, 148]. However, the
aim here in this work was to identify tissues/cell-types critical to disease heritability, not estimate
an annotation’s heritability enrichment. Thus, based on recommendations from the Alkes Price
group (https://data.broadinstitute.org/alkesgroup/LDSCORE/readme_baseline_versions), the
53-annotation baseline model was used.
HapMap Project Phase 3 (HapMap3) [150] SNPs were used for the regression, and 1000
Genomes Project Phase 3 [151] European population SNPs for the LD reference panel. Only
SNPs with MAF > 5 % were partitioned, and the MHC region was excluded from analysis
due to the complex and long-range LD patterns in this region. To map SNPs to genes, the
SNPlocs.Hsapiens.dbSNP144.GRCh37 R package (dbSNP build 144 and GRCh37 coordinates)
was used [152].
The contribution of an annotation to trait heritability is outputted by stratified LDSC in the
form of a regression coefficient. Provided that an annotation is run with the baseline model
(as was done here), the regression coefficient reflects the contribution of the annotation to trait
heritability, while controlling for all other annotations in the baseline model (all 53 of which
account for various types of genetic architecture). In addition, LDSC outputs a coefficient
z-score. Given that the aim is to identify annotations that positively contribute to trait heritability
(i.e. they are enriched for trait heritability), the coefficient z-score can be converted to a onetailed p-value using the pnorm() function in R. Three versions of PD GWAS summary statistics
and four versions of SCZ were used. These versions included the largest publicly available
versions, in addition to older iterations of these GWASs from previous years. Importantly, all
GWAS versions used were based on individuals with European ancestry, thus matching the LD
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reference panel used. For each set of analyses multiple test corrections were performed across
the GWAS and number of annotations used, resulting in Bonferroni significance thresholds for
each set of analyses.

2.2.2
2.2.2.1

Annotation datasets
GTEx versions

It is worth noting that the GTEx version used for eQTL analyses (v7) is different from that
used for tissue-specific expression (v6P) and cell-type-specific co-expression modules (v6). The
major difference between these versions is the number of samples included in the GTEx dataset,
a factor which is expected to have the greatest impact on eQTL identification and reliability. For
this reason, the more recent v7 release of GTEx was used for eQTL analyses. With regards to the
identification of tissue-specific gene expression and co-expression, Finucane et al. demonstrated,
using simulation analysis, that RNA-sequencing data downsampled to a set as small as 10 results
in very stable estimations of tissue-specific expression [146]. Thus, use of older versions should
not have an impact on these analyses.

2.2.2.2

Tissue-specific gene expression

Annotation files were generated by Finucane et al. [146], using GTEx v6P gene expression
[153], and obtained from Alkes Price’s group data repository (see Appendix A, Table A.1).
Briefly, for each GTEx tissue, genes were ranked by a computed t-statistic reflecting their
specific expression in that tissue versus all other tissues, excluding those that were from a similar
tissue category (e.g. expression in cortex samples was compared to expression in all other tissues
except other brain regions; see Supplementary Table 2 from Finucane et al. [146] for t-statistic
tissue categories). The top 10 % of differentially expressed genes from each tissue were selected
and a 100 kb window was added around their transcribed regions to obtain a tissue-specific gene
expression annotation. The 100 kb window was added to capture cis-regulatory elements; eQTL
studies have found that between 70-80 % of eQTLs fall within +/- 100 kb of the transcription
start site [153, 154]. For the within-brain analysis, tissues were restricted to the 13 brain regions
found in GTEx, including: amygdala, anterior cingulate cortex (BA24), caudate, cerebellar
hemisphere, cerebellum, cortex, frontal cortex (BA9), hippocampus, hypothalamus, nucleus
accumbens, putamen, spinal cord (cervical c-1), substantia nigra.

2.2.2.3

Tissue-specific eQTLs

From the GTEx Portal (v7; accessed 16/04/18; see Appendix A, Table A.1), all SNP-gene
(eQTL) association tests were downloaded (including non-significant tests) for blood (to allow
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for a blood-brain comparison) and 11 of the 13 available brain regions [153]. To reduce
redundancy across the brain regions, cortex and cerebellum were excluded, and instead frontal
cortex, anterior cingulate cortex and cerebellar hemisphere were included. An FDR correction
was performed for each tissue and all SNP-gene associations that passed FDR < 5 % were
included in downstream analyses. For the blood-brain comparison, eQTLs from all 11 brain
regions were combined to form one brain category. eQTLs that replicated across brain regions
were collapsed into one entry and allocated an effect size (i.e. the absolute value of the linear
regression slope) equal to that of the maximum effect size observed across the brain regions.
Finally, eQTLs were assigned to either blood or brain by their effect size; that is, an eQTL was
assigned to the tissue in which it had the largest effect size. A similar approach was used for the
within-brain analysis, where eQTLs were assigned to one of the 11 brain regions based on effect
size.

2.2.2.4

Cell-type-specific gene expression

Cell-type-specific gene expression annotations were constructed using gene expression data from
the Barres group [155] and the Linnarsson group [113], which was generated using bulk-tissue
RNA-sequencing and single-cell RNA-sequencing, respectively. Due to the disparate nature of
the RNA-sequencing methods, each dataset was analysed separately. Common to both analyses
was the calculation of an enrichment value for each gene in each cell type. Enrichment was
calculated as: gene expression in one cell type divided by the average gene expression across
all other cell types. Thereafter the top 10 % of genes enriched in each cell type were selected
and a 100 kb window was added to reflect the approach used by Finucane et al. [146] When
using the Barres data, gene expression was averaged across samples of the same cell type, genes
were filtered on the basis of an FPKM ≥ 1 in at least one cell type (equating to 66 % of all
genes with FPKM > 0.1, which was set by Zhang et al. [155] as the threshold for minimum
gene expression), and gene enrichment was calculated. The detection threshold of FPKM ≥
1 was employed on the basis that smaller thresholds tend to produce large and misleading
enrichments [156]. The Linnarsson data was available with gene expression aggregated by
sub-cell type/cluster. Genes were filtered on the basis of expression > 0, enrichment was
calculated and a subset of the 265 identified clusters (representing tissues affected in earlier
stages of sporadic PD, including the enteric nervous system, substantia nigra and the basal
ganglia [35]) were used as annotations. Mouse genes were converted to human orthologs using
biomaRt (an R-based interface implementing BioMart [157]; see Appendix A, Table A.1) .

2.2.2.5

Cell-type-specific co-expression modules

Co-expression networks for frontal cortex, putamen and substantia nigra were constructed
using GTEx v6 gene expression [153], the WGCNA R package [158] and post-processing
47

Mapping Parkinson’s disease heritability to brain cell types and states
with k-means [159], as described by Botia et al. [160]. Co-expression networks are available
online via the CoExp website or CoExpNets R package [161] (see Appendix A, Table A.1).
Modules were assigned to cell types using the userListEnrichment() function implemented
in the WGCNA R package, which measures enrichment between module-assigned genes and
brain-related cell-type gene marker lists [109, 162–165] using a hypergeometric test. Genes
assigned to modules significantly enriched for brain-related cell-type markers of predominantly
one cell type with a module membership of ≥ 0.5 were allocated a cell-type “label” of neuron,
microglia, astrocyte or oligodendrocyte and considered cell-type specific. Module membership
values range between 0 and 1, with 1 indicating that a gene’s expression is highly correlated
with the module eigengene. An eigengene is defined as the first principal component of a given
module and can be considered representative of the gene expression profiles in the module, as it
summarises the largest amount of variance in expression.

2.2.2.6

Cell-type-specific chromatin accessibility

Cell-type-specific chromatin accessibility data was derived from Lake et al. [112], who defined
differential peaks (peaks with z-score ≥ 400 present in one or more cell types and not others)
for each cell type they identified in the visual cortex. Due to the small number of peaks
differentiating between excitatory and inhibitory neuronal subtypes, annotations were only
constructed for major cell-type classes (astrocyte, endothelial cell, excitatory neuron, inhibitory
neuron, microglia, oligodendrocyte, oligodendrocyte precursor cell). As peaks were originally
aligned to GRCh38, peak coordinates were re-mapped to GRCh37 using the UCSC liftOver
tool (see Appendix A, Table A.1) [166]. For those peaks that aligned to multiple locations in
GRCh37, only those that matched in length between GRCh38 and GRCh37 (i.e. a complete lift
over of the peak had occurred) were used.

2.2.2.7

Cell-state-specific eQTLs

While no brain-related cell-type and state-specific eQTL datasets exist to date, eQTL analyses
have been performed using monocytes and iPSC-derived macrophages at rest and stimulated
with various immunostimulants [79–81]. Immunostimulants used in each study included:
• Fairfax et al. [79]: Interferon–γ (IFN-γ) for 24 hours and lipopolysaccharide (LPS) for
differing durations (2 or 24 hours)
• Kim-Hellmuth et al. [80]: LPS, muramyl-dipeptide (MDP) and 5’-triphosphate RNA
(RNA) for 90 minutes or 6 hours
• Alasoo et al. [81]: IFN-γ for 18 hours, Salmonella for 5 hours, and IFN-γ stimulation
followed by Salmonella
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For two of the datasets (Kim-Hellmuth et al. [80] and Alasoo et al. [81]), FDR corrections were
performed separately across all states; FDR-adjusted SNP-gene associations had been performed
by Fairfax et al. [79]. Common to all three datasets was that all SNP-gene associations that
passed FDR < 5 % were included in downstream analyses.
eQTLs were thereafter assigned to various states in each dataset by their effect size, except in
the case of Fairfax et al. where these were unavailable. In this case, eQTLs were assigned to
states by the value of their associated FDR-adjusted p-value; that is, an eQTL was assigned to
the state in which it had the most significant (smallest) FDR-adjusted p-value. To ensure that
results were equivalent across these two methods of annotating an eQTL dataset, a comparison
was performed using the Kim-Hellmuth et al. eQTL data (Figure 2.2). While enrichment
and regression coefficient estimates were broadly similar between the two methods of eQTL
annotation, standard errors varied slightly between the two, as did enrichment and coefficient
p-values, suggesting that the method of annotation does have some impact. Common to both
methods was that coefficient p-values did not pass the significance threshold for multiple
comparisons, and thus the ultimate conclusion was the same regardless of the method chosen.
For this reason, annotating by effect size was used where possible.

2.2.2.8

Cell-state-specific gene expression

State-specific gene expression annotations were constructed using gene expression from Fairfax
et al. [79], which was generated using microarray technology. As with cell-type-specific gene
expression annotations, an enrichment value for each gene in each state was calculated, the top
10 % of genes enriched in each state selected, and a 100 kb window added.

49

Figure 2.2 Comparison of minimum-FDR versus max-beta annotation approaches. Results of stratified LDSC analyses using two different approaches to
annotating state-specific eQTLs derived from monocytes at rest and stimulated with LPS or IFN-γ. eQTLs were assigned to each state by their effect size (max
beta), or by the value of their associated FDR-adjusted p-value (min FDR). All outputs of LDSC are displayed, including (a) enrichment, which is equivalent to the
proportion of heritability of an annotation divided by the proportion of SNPs attributed to that annotation; (b) the enrichment p-value, which does not account for the
effect of including the baseline; (c) the regression coefficient, a measure of whether an annotation positively contributes to trait heritability conditional upon other
annotations included in the model; and (d) the coefficient p-value. Error bars in panel (a) represent the standard error of enrichment and in panel (c) represent the
standard error of the coefficient. The black dashed line in (a) indicates no enrichment, while in (b) and (c) it indicates the cut-off for Bonferroni significance (p <
0.05/(2 x 7)). LPS, lipopolysaccharide; MDP, muramyl-dipeptide; RNA, 5’-triphosphate RNA; 90, 90 minutes; 6h, 6 hours.
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2.2.3

GWAS datasets

Table 2.1 Summary of GWAS datasets.
Disease

Author, Year

N cases

N controls

PMID

Reference

PD

IPDGC Consortium, 2011

5,333

12,019

21738488

[167]

PD

Nalls, 2014

13,708

95,282

25064009

[168]

PD

Nalls, 2018
33,674
(excluding 23andMe con- (18,618 proxy cases
tributions)
from UK Biobank)

449,037

SCZ

SCZ Consortium, 2011

9,394

12,462

21926974

[170]

SCZ

Ripke, 2013

14,395

18,795

23974872

[171]

SCZ

SCZ Consortium, 2014
(European subset)

33,640

43,456

25056061

[172]

SCZ

Pardiñas, 2018

40,675

64,643

29483656

[173]

2.2.4

[169]

MAGMA

Gene-level p-values were calculated with the Nalls et al. 2018 PD GWAS (excluding 23andMe
contributions) [169] using MAGMA (v 1.06) [174], which tests the joint association of all SNPs
in a gene with the phenotype while accounting for LD between SNPs. SNPs were mapped to
genes using NCBI definitions (GRCh37, annotation release 105); only genes in which ≥ 1 SNP
mapped were included in downstream analyses. Gene boundaries were defined as the region
from transcription start site to transcription stop site. In addition, a window 35 kb upstream and
10 kb downstream of each gene was added. This choice was based on: (i) most transcriptional
regulatory elements fall within this interval [175]; (ii) a fraction of GWAS risk loci lie outside
gene boundaries and may regulate gene expression [119]; and (iii) previous work in the field of
pathway analysis [173, 176]. Furthermore, the major histocompatibility complex (MHC) region
on chromosome 6 (chr6: 25,500,000 – 33,500,000, GRCh37) was excluded. The gene p-value
was computed based on the mean association statistic of SNPs in a gene, with genome-wide
significance set to p < 2.82 x 10−6 , and LD was estimated from the European subset of 1000
Genomes Phase 3 [151].

2.2.5

Evaluating enrichment of PD-associated genes and gene sets

Expression-weighted cell-type enrichment (EWCE) [177] was used to determine whether PDassociated genes or gene sets have higher expression in a particular cell type than expected by
chance. As input, the following was used: (i) the same subset of clusters from the Linnarsson
single-cell RNA-sequencing dataset used in stratified LDSC and (ii) a target gene list (either PD51
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associated genes or gene sets). For each gene in the Linnarsson dataset, cell-type specificity (i.e.
the proportion of total expression of a gene found in one cell type compared to all cell types) was
estimated using the generate.celltype.data() function of the EWCE R package. EWCE
with the target list was run with 100,000 bootstrap replicates. Transcript length and GC-content
biases were controlled for by selecting bootstrap lists with comparable properties to the target list.
Analyses were performed with major cell-type classes (e.g. “astrocyte”, “microglia”, “enteric
neurons”, etc.) and subtypes of these classes (e.g. ACNT1 [“Non-telencephalon astrocytes,
protoplasmic”], ACNT2 [“Non-telencephalon astrocytes, fibrous”], etc.). Data are displayed as
standard deviations from the mean, and any values ≤ 0, which reflect a depletion of expression,
are displayed as 0. P-values were corrected for multiple testing using the Benjamini-Hochberg
method over all cell types and gene lists tested.

2.2.5.1

PD susceptibility genes

PD susceptibility genes were derived from in-house MAGMA analyses and a study by Li et al.
[69] attempting to prioritise genes in PD using TWAS [178] and colocalisation analyses [179],
which evaluate the association between eQTLs and GWAS risk loci (Supplementary Table 1 in
ref. [69]). In the case of MAGMA, only those genes passing genome-wide significance (p <
2.82 x 10−6 ) were used. In the case of TWAS/coloc, only those eQTL-gene associations found
in dorsolateral prefrontal cortex tissue, which were both TWAS and coloc hits (as defined in ref.
[69]) were used. The full set of genes used can be found in Appendix A, Table A.3.

2.2.5.2

PD-associated gene sets

Three gene sets with previous biological support for involvement in PD were investigated:
autophagy, lysosomal and mitochondrial [180–185]. The autophagy gene set included all
genes associated with the Gene Ontology terms: GO:0006914 (“autophagy”) and GO:0005776
(“autophagosome”), as derived from the GO C5 collection of the MSigDB database (v5.2)
[186, 187]. Lysosomal genes were downloaded from the Human Lysosome Gene Database
(hLGDB) [188]. All genes reported lysosomal by any of the listed sources (9 of the 16 were
unbiased proteomic studies) were used. Mitochondrial genes were obtained from Human
MitoCarta 2.0, an inventory of human genes with strong support of mitochondrial localisation
based on literature curation, proteomic analyses and epitope tagging/microscopy [189]. Two
additional gene sets were investigated, including a gene set comprising loss-of-function (LoF)intolerant genes, as defined by the Exome Aggregation Consortium (ExAC)[190] using their
gene-level constraint metric (pLI ≥ 0.9), and an “all genes” gene set. The “all genes” gene
set was constructed by extracting all genes from BioMart (using the homo sapiens GRCh37
library, as with all other annotations). For stratified LDSC analyses, an additional window of
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100 kb was added around genes. Overlap between gene sets was determined using UpSetR, an
R package that allows visualisation of gene overlaps using a matrix representation [191].

2.2.6

Code availability

Open source software is available for all tools used (see Appendix A, Table A.1). In addition,
functions were developed for generation of stratified LDSC annotations and likewise a pipeline to
run stratified LDSC with multiple annotations and multiple GWASs. All developed code is available as a GitHub repository, LDSCforRyten (https://github.com/RHReynolds/LDSCforRyten).

2.2.7

Data availability

External data accessed and the source URLs are available in Appendix A, Table A.1.

2.3

Results

To identify tissues, cell types and cell states underlying sporadic PD risk, brain-related genomic
annotations denoting tissue- and cell-type-specific markers of activity were compiled. Several
approaches were used to capture expression and regulatory profiles of human brain-related cell
types (Figure 2.3). This was because no single dataset had all the desirable properties; namely,
data that was human in origin, covered multiple brain regions, had high cellular detail and was
derived from a large number of individuals. Stratified LDSC was applied to the largest publicly
available GWASs of PD [169] and SCZ [173] to determine whether variation in SNPs located
in tissue- and cell-type-specific annotations explain a significant portion of the phenotypic
variation of PD and SCZ. More formally, stratified LDSC was used to assess the enrichment of
the common SNP heritability of PD and SCZ in each tissue- and cell-type-specific annotation.
SCZ heritability has been previously shown to be enriched in genes highly expressed in the
central nervous system (CNS) and, more specifically, neuronal cell types [145, 146], and was
therefore included as a measure of robustness. For all stratified LDSC analyses, coefficient
p-values are reported. These p-values test whether the regression coefficient of an annotation is
significantly positive, indicating that the annotation positively contributes to trait heritability,
conditional upon the LDSC baseline model.
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Figure 2.3 Overview of approach and datasets used. This study compiled several brain-related
genomic annotations reflecting tissue-, cell-type- and cell-state specific activity, using data generated
from a variety of sources. These annotations, each of which varied in their cellular resolution, included:
gene expression (reflecting how highly expressed a gene is within a particular tissue, cell type, or cell
state), eQTLs (reflecting the effect of genetic variation on gene expression); co-expression networks
(reflecting the connectivity of a gene to all other expressed genes in the tissue), and chromatin accessibility
(reflecting open regions of the genome, which are regarded as primary positions for regulatory elements).
All annotations were constructed in a binary format (1 if the SNP is present in the annotation and 0 if
not). For annotations where the primary input was a gene, all SNPs within ± 100 kb of the transcription
start and end site with a minor allele frequency > 5 % were assigned a value of 1. For annotations where
the primary input was a genomic region (i.e. eQTLs and chromatin accessibility), all SNPs within the
genomic region with a minor allele frequency > 5 % were assigned a value of 1. For more details of
how each individual annotation was generated see Section 2.2.2. Stratified LDSC was then used to test
whether an annotation was significantly enriched for the common-SNP heritability of PD and SCZ.

2.3.1

PD heritability in global and regional brain annotations

It is well recognised that regional differences in gene expression within human brain and
related co-expression modules are driven by differences in the type and density of specific cell
types [109]. Therefore, regional data was used as a means of capturing major cellular profiles.
This information, comprising sets of human tissue-specific genes generated by Finucane et al.
with GTEx gene expression[146, 153], had the advantage of being comprehensive in terms
of sampling across the human CNS, and being robust in that greater than 63 independent
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samples contributed to the generation of each profile. SCZ heritability was significantly enriched
in genes highly expressed in all 13 brain regions relative to all other tissues (Figure 2.4a),
as previously demonstrated by Finucane et al. who used the older 2014 SCZ GWAS [146].
In contrast, PD heritability did not significantly enrich in genes highly expressed in any of
the tested tissues, although annotations reflecting genes highly expressed in spinal cord and
substantia nigra approached the Bonferroni significance threshold (threshold p-value = 4.72 x
10−4 ; spinal cord (cervical c-1), p-value = 1.36 x 10−3 ; substantia nigra, p-value = 8.96 x 10−4 ).
A comparison of PD and SCZ GWAS iterations across the years revealed the robust nature of
the CNS enrichment in SCZ, which was apparent in the first and smallest SCZ GWAS (Figure
2.5). Furthermore, increasing GWAS sample sizes were associated with decreasing coefficient
p-values (i.e. becoming more significant), particularly for CNS-related tissues. Interestingly,
an ordering of tissues was also observed, with brain regions of greater relevance to disease
pathology demonstrating the most significant coefficient p-values in the largest GWAS iterations
(e.g. substantia nigra in PD and frontal cortex in SCZ). These results suggest that if the sample
size of the PD GWAS were to increase, tissue-specific enrichments might begin to emerge.
Due to the way these annotations were constructed, related tissues (e.g. brain regions) have
overlapping gene sets and therefore may appear enriched as a group. Thus, to differentiate
among brain regions, fine-scale brain expression data generated by Finucane et al. from a
brain-only analysis of the 13 GTEx brain regions was used [146]. This fine-scale analysis
confirmed significant enrichments of SCZ heritability in genes highly expressed in the cortex
relative to other brain regions, while no enrichments were demonstrated for PD (Figure 2.4b).
Tissue-level analyses with PD and SCZ GWAS results were also performed using sets of
blood- and brain-specific eQTLs derived from GTEx. An enrichment of SCZ heritability was
demonstrated in blood- and brain-specific eQTLs, but no enrichment of PD heritability in either
eQTL annotation was demonstrated (Figure 2.6a). A comparison of eQTLs specific to each
brain region revealed no preferential enrichment of disease heritability in eQTLs from one brain
region relative to the eQTLs from the other brain regions (Figure 2.6b).
In summary, these analyses revealed no significant enrichment of PD heritability in brain-specific
annotations, while in contrast, SCZ heritability was significantly enriched in both global and
specific regional brain annotations.
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Figure 2.4 Enrichment of PD and SCZ common-SNP heritability in tissue-specific gene expression
annotations as used in Finucane et al. [146]. (a) GTEx tissue annotations represent the top 10 % most
upregulated genes in each tissue with respect to the remaining tissues, excluding those from a similar
tissue category. (b) GTEx brain-only annotations represent the top 10 % most upregulated genes in
each brain region with respect to the remaining regions. The black dashed lines indicate the cut-off for
Bonferroni significance (a, p < 0.05/(2 x 53); b, p < 0.05/(2 x 13)). Bonferroni-significant results are
marked with black borders.
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Figure 2.5 Enrichment of PD and SCZ heritability across GWAS iterations in tissue-specific gene
expression annotations as used in Finucane et al. [146] (a) PD, (b) SCZ.
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Figure 2.6 Enrichment of PD and SCZ common-SNP heritability in tissue-specific eQTL annotations. (a) Results of stratified LDSC analyses from the blood-brain comparison of GTEx eQTLs. (b)
Results from the within-brain analysis of GTEx eQTLs. In both analyses, eQTLs were assigned to a
tissue/brain region based on their effect size (i.e. the absolute value of the linear regression slope). The
black dashed lines indicate the cut-off for Bonferroni significance (a, p < 0.05/(2 x 2); b, p < 0.05/(2 x
11)). Bonferroni-significant results are marked with black borders.

2.3.2

PD heritability in brain-related cell-type-specific annotations

One disadvantage of tissue-level annotations is their lack of cellular resolution. Averaging
across bulk samples may mask signals, which if provided more cell-type-specific information
would become apparent. To address whether cellular heterogeneity might explain the lack of
enrichment of PD heritability in global and regional brain annotations, several brain-related celltype-specific annotations were generated from datasets covering gene expression or chromatin
accessibility.
Gene expression data was derived from: bulk RNA-sequencing of immunopanned cell types
from human temporal lobe cortex [155]; single-cell RNA-sequencing of the adolescent mouse
nervous system [113]; and cell-type modules inferred from human tissue-level co-expression
networks. Genes were assigned to cell types by fold enrichment (i.e. mean expression in one cell
type divided by the mean expression in all other cell types) or module membership in the case of
co-expression (module membership values range between 0 and 1, with 1 indicating that a gene’s
expression is highly correlated with the module eigengene). Each of these datasets came with
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advantages and disadvantages, which motivated the use of all three. The immunopanning data
was based on the analysis of human tissue; however, (i) it covered only one brain region, (ii) it
was derived from a small number of individuals (n = 14) who all had an underlying neurological
disorder (epilepsy, stroke, glioma), and (iii) it lacked cellular detail. While the cell-type-specific
data provided by single-cell RNA-sequencing covered both the central and peripheral nervous
system, and contained remarkable cellular detail, it was from mouse. Cell-type modules covered
several brain regions, were based on large sample sizes, and importantly, were human in origin.
Nevertheless, they were inferred cell types, the definition of which was strongly dependent on
the quality of the cell-type markers used to identify them.
Using immunopanning data, genes highly expressed in neurons were found enriched for SCZ
heritability. PD heritability did not enrich in any annotations representing genes with cell-typespecific expression (Figure 2.7a), although the OPC annotation approached the Bonferroni
significance threshold (threshold p-value = 4.17 x 10−3 ; OPC, p-value = 6.34 x 10−3 ). This
lack of cell-type enrichment in PD may have resulted from sampling a tissue which is typically
affected only in the later stages of sporadic PD [35]. Thus, a subset of mouse single-cell data
(representing tissues affected in earlier stages of sporadic PD) was analysed. These tissues
included, the enteric nervous system, the substantia nigra and the basal ganglia. Once again, PD
heritability did not enrich in any annotation containing genes with cell-type-specific expression
(Figure 2.7b). Conversely, a significant enrichment of SCZ heritability was demonstrated in
genes highly expressed in three types of GABAergic medium spiny neurons (MSNs): MSN2,
MSN3 and MSN5. This is consistent with the findings reported by Skene et al. [145]. Common
to all three types of MSN is that they express the D2 dopamine receptor, a common target of
antipsychotic drugs used in SCZ therapy [192].
Validation was performed using cell-type modules inferred from co-expression networks constructed from human tissue-level expression data of the frontal cortex, putamen and substantia
nigra. No significant enrichments were observed for PD heritability in co-expressed genes from
any modules, while SCZ heritability was enriched in co-expressed genes from several neuronal
modules, including: brown and turquoise modules in the frontal cortex; blue and darkmagenta
modules in the putamen; and cyan and darkgrey modules in the substantia nigra (Figure 2.8).
All of these modules were enriched for markers of pyramidal S1 neurons, which have previously
been associated with SCZ [145]. Furthermore, some modules (brown, turquoise, darkmagenta
and cyan) were enriched for markers of interneurons and dopaminergic neurons, both of which
are implicated in SCZ [145, 192].
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Figure 2.7 Enrichment of PD and SCZ common-SNP heritability in brain-related cell-type-specific
gene expression annotations. Results of stratified LDSC analyses using cell-type-specific annotations
derived from bulk RNA-sequencing of immunopanned cell types from human temporal lobe cortex (a)
and single-cell RNA-sequencing of the adolescent mouse nervous system (b). All cell-type annotations
were generated using the top 10 % of enriched genes in a cell type compared to all others. The black
dashed lines indicate the cut-off for Bonferroni significance (a, p < 0.05/(2 x 6); b, p < 0.05/(2 x 30)).
Bonferroni-significant results are marked with black borders. Cell-type abbreviations are reported in
Appendix A, Table A.2.
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Figure 2.8 Enrichment of PD and SCZ common-SNP heritability in cell-type modules inferred
from human tissue-level co-expression networks. Results of stratified LDSC analyses using celltype-specific co-expression modules from (a) frontal cortex, (b) putamen, and (c) substantia nigra.
Genes were assigned to cell-type modules by module membership. The black dashed lines indicate
the cut-off for Bonferroni significance (a, p < 0.05/(2 x 5); b, p < 0.05/(2 x 17); c, p < 0.05/(2 x 11)).
Bonferroni-significant results are marked with black borders. FCTX, frontal cortex; PUTM, putamen;
SNIG, substantia nigra.

Many GWAS risk loci are found in non-coding regions of the genome, thus motivating the
use of cell-type-specific regulatory data. The chromatin accessibility data used was single-cell
in origin, derived from the human visual cortex, and differential peaks were assigned to cell
types by z-scores [112]. PD heritability did not significantly enrich in any cell-type-specific
open chromatin, although open chromatin peaks specific to excitatory neurons approached the
Bonferroni significance threshold (threshold p-value = 3.57 x 10−3 ; excitatory neuron, p-value
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= 4.89 x 10−3 ). In contrast, SCZ heritability was found enriched in open chromatin specific to
endothelial cells, as well as excitatory and inhibitory neurons (Figure 2.9).

Figure 2.9 Enrichment of PD and SCZ common-SNP heritability in cell-type-specific chromatin
accessibility. Results of stratified LDSC analyses using cell-type-specific chromatin accessibility derived
from single-cell transposome hypersensitive site sequencing of the human visual cortex. Chromatin
accessibility peaks were assigned to cell types by differential analysis performed by Lake et al. [112].
Differential peaks were defined as peaks with z-score ≥ 400 present in one or more cell types and
not others. The black dashed lines indicate the cut-off for Bonferroni significance (p < 0.05/(2 x 7)).
Bonferroni-significant results are marked with black borders.

2.3.3

PD susceptibility genes in brain-related cell types

To ensure rigour, expression-weighted cell-type enrichment (EWCE) was also used to identify
cell types of importance to PD. This method evaluates whether a set of genes has higher
expression in one cell type than expected by chance (thus, importance is built on the assumption
that high expression of the disease susceptibility gene set in a cell type makes this cell type
more likely to contribute to disease pathogenesis). Using the same subset of clusters from the
Linnarsson single-cell RNA-sequencing, cell-type specificity values were computed for each
gene (i.e. proportion of expression for a gene in a given cell type), and cell-type enrichments of
PD susceptibility genes implicated by common-variant studies were estimated (Figure 2.10a).
No significant enrichment of PD susceptibility genes was observed in any of the major cell-type
classes (Figure 2.10b) or their cell subtypes (Figure 2.10c).
In summary, the results of EWCE and stratified LDSC analyses would suggest that PD heritability/susceptibility cannot be attributed to a specific cell type (among those tested), in contrast to
SCZ, wherein a limited set of neuronal cell types have been implicated [145].
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Figure 2.10 PD susceptibility genes do not enrich in brain-related cell types. (a) PD susceptibility
genes were derived from MAGMA analyses and a study attempting to prioritise genes in PD using TWAS
and colocalisation analyses [69]. Genes overlapping between the two sets were removed, resulting in
a list of 89 genes (see Appendix A, Table A.3). Bootstrapping tests were performed using the EWCE
method together with major cell-type classes (b) or their cell subtypes (c) from the Linnarsson single-cell
RNA-sequencing dataset.

2.3.4

PD heritability in state-specific datasets

An attempt was also made to identify cell states of importance to PD, primarily using eQTL studies of baseline and stimulated human-derived monocytes [79, 80] and iPSC-derived macrophages
[81]. This work was motivated by (i) the observation that α-synuclein oligomers are capable
of provoking an immunological response from microglia and astrocytes primarily via TLR4
signalling [133, 134] (which is also stimulated by application of LPS); (ii) the observed association between PD and cell types of the innate immune system [69, 79, 136, 140, 146]; and
(iii) the suggestion that peripheral monocytes might recapitulate cellular states observed in the
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brain, as many of the same cellular processes perturbed in PD are active in peripheral monocytes
[138]. The latter is particularly noteworthy given the absence of datasets with brain-relevant cell
types exposed to various stimuli. In the eQTL studies used within this chapter, macrophages
and monocytes were stimulated with various immunostimulants (IFN-γ, LPS, MDP, Salmonella,
and RNA) to activate distinct, well-characterised immune signalling pathways, including those
broadly associated with bacterial and viral responses.
Of the three eQTL studies used, PD and SCZ heritability were found enriched in only one,
namely the Fairfax et al. study (Figure 2.11a). PD heritability was found enriched in eQTLs
from baseline and chronically stimulated monocytes; that is, monocytes stimulated with LPS or
IFN-γ for 24 hours. SCZ heritability, on the other hand, was found enriched in eQTLs from
naive monocytes, in addition to acutely (LPS 2h) and chronically stimulated monocytes (LPS
24h and IFN-γ). None of these results were replicated in any of the other eQTL studies. Of
course, interpretation of this is complicated by the many variables that differ between studies,
including: (i) varying cell types (while macrophages differentiate from monocytes, they remain
discrete cell types); (ii) different time-points; (iii) in the case of LPS, varying concentrations (20
ng/ml in Fairfax et al. versus 200 ng/ml in Kim-Hellmuth et al.); and (iv) finally, different RNA
detection technologies (RNA-sequencing in Alasoo et al. versus microarray in the remaining two
studies). However, it is worth noting that while naive monocytes were found enriched for disease
heritability using eQTLs from the Fairfax study, this was not the case for naive monocytes from
the Kim-Hellmuth study, despite apparently similar isolation techniques. Furthermore, gene
expression data from the Fairfax study revealed no enrichment of PD or SCZ heritability in
genes highly expressed in baseline or stimulated monocytes (Figure 2.11b). Thus, while these
results are suggestive of the importance of certain immune states for PD and SCZ risk, they
require further validation.
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Figure 2.11 Enrichment of PD and SCZ common-SNP heritability in state-specific eQTL and gene
expression annotations. (a) Results of stratified LDSC analyses using state-specific eQTLs derived
from monocytes (Fairfax et al. [79] and Kim-Hellmuth et al. [80]) or iPSC-derived macrophages (Alasoo
et al. [81]) at rest and stimulated with various immunostimulants. For the Alasoo and Kim-Hellmuth
datasets, eQTLs were assigned to each state by their effect size, while for the Fairfax dataset, eQTLs were
assigned by the value of their associated FDR-adjusted p-value (see Section 2.2.2.7 for discussion of this
difference in assignment). (b) Results of stratified LDSC analyses using state-specific gene expression
derived from monocytes at rest and stimulated with LPS or IFN-γ. Gene expression annotations represent
the top 10 % most upregulated genes in each state with respect to the remaining states. The black dashed
lines indicate the cut-off for Bonferroni significance (a and b, p < 0.05/(2 x 4)). Bonferroni-significant
results are marked with black borders, and circles are coloured by the type of immunostimulant applied.
IFNg, interferon-γ; LPS, lipopolysaccharide; MDP, muramyl-dipeptide.
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2.3.5

PD heritability in PD-relevant gene sets

Risk loci can operate in several manners, two of which include: a selective cell-type-/statespecific manner, which is only detectable if measured in the “correct” cell type/state, or a more
global pathway-specific manner, which one might expect to be detectable across more than one
cell type/state. Given the difficulty implicating a cell type or state in PD, it is possible that the
latter scenario is applicable to PD.
To address this question, stratified LDSC was applied to gene sets implicated in PD by several
means, including: (i) monogenic forms of PD; (ii) functional assays performed in the context
of PD-associated mutations, such as the A53T missense mutation in SNCA; and (iii) rarevariant studies of sporadic PD [180–185]. This narrowed the focus to gene sets associated
with autophagy [181, 182], the lysosomal system [183] and mitochondrial function [184, 185].
Gene sets were derived either from Gene Ontology terms (autophagy) or curated gene databases
(lysosomal, hLGDB; mitochondrial, MitoCarta 2.0; see Section 2.2.5.2), developed using
literature curation (with a focus on unbiased proteomic studies) and experimental approaches. As
with previous stratified LDSC analyses, SCZ was included for comparison purposes. In addition,
loss-of-function (LoF)-intolerant genes, as defined by the Exome Aggregation Consortium
(ExAC) using their gene-level constraint metric (pLI ≥ 0.9), were analysed [190]. This gene
set has previously been shown to be enriched for SCZ heritability and thus served as a positive
control [173]. The overlap of genes between these gene sets was relatively low (Figure 2.12).
A significant enrichment of PD heritability was observed in genes from the lysosomal and
LoF-intolerant gene set, while SCZ heritability was only found enriched in LoF-intolerant genes,
as expected (Figure 2.13a). These analyses were run with and without an annotation accounting
for “all genes” and little difference was observed between estimates provided by stratified LDSC
(Figure 2.14), thus only results that do not account for the “all genes” annotation are reported.
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Figure 2.12 Overlap between pathway gene sets. Intersections were visualised with the R package
UpSetR based on the “UpSet” technique that allows visualisation of gene overlaps between modules
using a matrix representation [191, 193]. In the matrix (lower half of panel), rows represent the modules
and the columns represent their intersections, with a single black filled circle representing those genes
that were not found to be part of an intersection, while black filled circles connected by a vertical line
represent genes that intersect across modules. The size of each intersection is shown as a bar chart above
the matrix (upper half of panel), while the size of each module is shown to the left of the matrix.
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Figure 2.13 PD heritability enriches in lysosomal gene sets which are highly expressed in astrocytic
and microglial cell subtypes. (a) Results of stratified LDSC analyses using gene sets implicated in PD.
The black dashed lines indicate the cut-off for Bonferroni significance (p < 0.05/(2 x 3)). Bonferronisignificant results are marked with black borders. Bootstrapping tests were performed using the EWCE
method in combination with autophagy, lysosomal and mitochondrial gene sets and major cell-type
classes (b) or their cell subtypes (c) from the Linnarsson single-cell RNA-sequencing dataset. Standard
deviations from the mean indicate the distance (in standard deviations) of the target list from the mean
of the bootstrapped samples. Asterisks denote significance at FDR < 0.05 after correcting for multiple
testing with the Benjamini-Hochberg method over all gene sets and cell types tested.
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Figure 2.14 Comparison of stratified LDSC estimates with and without “all genes” included in the regression. Results of stratified LDSC analyses using two
different models: (i) baseline + all genes + gene set or (ii) baseline + gene set. All outputs of LDSC are displayed, including (a) enrichment, which is equivalent to
the proportion of heritability of an annotation divided by the proportion of SNPs attributed to that annotation; (b) the enrichment p-value, which does not account for
the effect of including the baseline; (c) the regression coefficient, a measure of whether an annotation positively contributes to trait heritability conditional upon
other annotations included in the model; and (d) the coefficient p-value. Error bars in panel (a) represent the standard error of enrichment and in panel (c) represent
the standard error of the coefficient. The black dashed line in (a) indicates no enrichment, while in (b) and (d) it indicates the cut-off for Bonferroni significance (p <
0.05/(2 x 4)).
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The same gene sets were also analysed using EWCE, to evaluate whether these PD-implicated
gene sets were highly expressed in any of the Linnarsson cell-type classes and their cell subtypes. Autophagy and lysosomal gene sets were highly expressed in a limited number of major
cell-type classes, with autophagy-related genes enriched in oligodendrocytes and cholinergic/monoaminergic neurons, and lysosomal genes enriched in microglia (Figure 2.13b). The
mitochondrial gene set, on the other hand, was found highly expressed in almost all celltype classes, including astrocytes, oligodendrocytes, oligodendrocyte precursor cells, cholinergic/monoaminergic neurons and telencephalon projecting inhibitory neurons. Likewise, the
LoF-intolerant gene set was found significantly enriched in all cell-type classes. As expected,
analyses performed on cell subtypes predominantly reflected that performed on the overarching
cell-type classes, with significant pathway enrichments observed in cell subtypes associated with
the pathway-enriched cell-type classes (Figure 2.13c). For example, all three microglial subtypes
(MGL1-3, representing one baseline and two activated microglial subtypes), were enriched for
lysosomal genes. Interestingly, the subtype analyses also revealed a significant enrichment of
the lysosomal gene set in two astrocytic subtypes, ACNT1 and ACNT2 (both non-telencephalon
astrocytes, but protoplasmic and fibrous, respectively), and in two oligodendrocyte subtypes,
MFOL1 and MOL1 (myelin forming oligodendrocytes and mature oligodendrocytes, respectively), which was not reflected when using the major cell-type classes, suggesting that analyses
performed with cellular subtypes provide greater resolution. It is worth noting that despite higher
than expected expression of the lysosomal gene set in astrocytic, microglial and oligodendrocyte
subtypes, the lysosomal gene set is ubiquitously expressed across all cellular subtypes (Figure
2.15). In other words, higher than expected expression is not necessarily equivalent to exclusive
expression in a cell type.
Taken together these findings provide support for the view that in contrast to the genetic structure
of SCZ, PD risk loci operate in a more global manner enriching in pathways and gene sets,
which are highly expressed across several cell subtypes.
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Figure 2.15 The lysosomal gene set is ubiquitously expressed across all cell subtypes used in EWCE
analyses. (a) Plotting the proportion of genes in the lysosomal gene set, with expression > 0, demonstrated
that > 77 % of the lysosomal gene set was expressed in all cell subtypes. Also plotted are gene expression
values (b), plotted on a log10 scale due to some extreme expression values) and calculated specificity
values (c), where 1 indicates a higher proportion of total expression in one cell type compared to all
others.
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2.4

Discussion

One of the most striking features of PD is the specificity of its neuropathology and clinical
symptoms, which has implicated α-synuclein biology in dopaminergic neurons of the substantia
nigra as a key component of the disease [5, 35]. This stands in stark contrast to SCZ, which has
a very heterogeneous clinical phenotype and lacks a characteristic neuropathology [194, 195],
with a notable absence of pathological lesions and no reported overall neuronal loss [196]. The
apparent cellular specificity of PD has encouraged researchers to hypothesise that selective
vulnerability is prompted by the action of risk loci in specific cell types; in other words, it is
the nature of the cell type itself, which renders it vulnerable. However, given the interrelated
nature of brain regions, apparently specific and reproducible patterns of abnormality could also
be the result of a more global effect that exposes functional systems (e.g. neural networks) at
different times along a disease’s natural history, a view now put forward by several independent
groups [197–199]. That is, risk loci may not necessarily lie in cellular subtypes or individual
brain regions, but in global cellular processes.
This work attempted to associate common-variant genetic findings for sporadic PD to specific
brain cell types and cell states, using: (i) stratified LDSC, which was used to determine the
extent to which variation in PD risk could be explained by variation in SNPs located in tissueand cell-type-specific annotations; and (ii) EWCE, which was used to determine whether PD
susceptibility genes had higher expression in one or more brain-relevant cell types than expected
by chance. SCZ was included for comparison purposes. PD heritability was not found to be
significantly enriched in any of the tested brain-tissue-specific or brain-related cell-type-specific
annotations. Likewise, PD susceptibility genes were not found to have higher expression in any
one cell type than expected by chance. In contrast, SCZ heritability significantly enriched in
global and regional brain annotations, and in select neuronal cell types, in line with previous
results [145, 146].
Assessment of cell states revealed an enrichment of PD and SCZ heritability in eQTLs derived
from one study of baseline and stimulated monocytes. This result could not be validated in other
eQTL studies of immune responses, although as discussed in Section 2.3.4 there are several
potential confounders that complicate interpretation. Collectively, these analyses would suggest
that PD heritability cannot, at this time, be convincingly attributed to a specific cell type or state
(among those tested). It is, however, notable that a few tissue- and cell-type-specific annotations
(e.g. genes highly expressed in substantia nigra, which are arguably relevant to PD pathology)
did approach the Bonferroni cut-off for significance in stratified LDSC analyses, suggesting that
with increasing GWAS sample size, tissue- and cell-type specific enrichments of PD heritability
may emerge.
It can be argued that the apparent lack of significant PD heritability enrichment in any cell-typespecific annotations could be due to PD having a relatively low estimated total heritability; PD
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heritability estimates range between 20-27 % [75–78] (by comparison, SCZ heritability estimates
range between 25-80 %, depending on whether it is estimated from common SNPs [200] or
twin studies [201, 202]). However, this is not a complete explanation, as significant enrichments
have been observed in other GWASs with comparatively low overall heritability estimates. For
example, in the original stratified LDSC paper, Finucane et al. observed enrichment of genomic
overlap of histone modifications for the CNS in the ever-smoked GWAS, specifically in the
inferior temporal lobe [104].
As PD heritability/susceptibility could not be convincingly attributed to a specific cell type or
state, stratified LDSC and EWCE were also applied to gene sets implicated in PD (autophagy,
lysosomal and mitochondrial gene sets) and SCZ (LoF-intolerant genes), all of which can be
considered global pathways/gene sets. Here, a significant enrichment of PD heritability was
observed in the lysosomal and LoF-intolerant gene set, with the former highly expressed in
astrocytic, microglial, and oligodendrocyte subtypes and the latter highly expressed in almost all
tested cellular subtypes, providing support for the view that PD is a disorder of global pathways
working across various cell types, as opposed to specific cell types themselves driving disease
risk.
With these results in mind, it is tempting to speculate that PD presents genetically as more of
a systemic disorder, with a bias to brain pathology, as opposed to a primary brain disorder. In
support of this view, PD-associated risk variants have been found associated with monocytes and
the innate immune system [69, 136, 140], in addition to lymphocytes, mesendoderm, liver- and
fat-cells [139]. Results from this chapter also demonstrated an enrichment of PD heritability in
eQTLs derived from baseline and chronically stimulated monocytes, although these observations
remain to be validated using other eQTL response studies. Recent work has also demonstrated
a causal relationship between body mass index (BMI) and PD [72], which together with the
re-purposing of exenatide for the potential treatment of PD [82] (exenatide is a glucagon-like
peptide-1 receptor agonist currently licensed for the treatment of type 2 diabetes), highlights the
need to look beyond the brain and selective neuronal vulnerability.
There are several caveats to this study, aside from the limitations posed by the current PD GWAS,
which does not capture the impact of rare variation or some forms of structural variation. These
caveats include the quality of the annotations, the strategies employed to generate them and,
perhaps most critically, the annotations that cannot be accounted for.
First, the quality of the annotations is especially pertinent in the case of the gene sets used
to reflect various PD-implicated pathways. While lysosomal and mitochondrial gene sets
were derived from rigorously curated gene databases, with a focus on unbiased proteomic and
localisation studies, the autophagy list stemmed from Gene Ontology, which has not undergone
the same meticulous curation. The noise introduced by potentially inaccurate annotation could
affect the ability to detect heritability enrichments. Furthermore, the quality of eQTL datasets,
reflected in their power to detect an eQTL, is dependent upon sample size. It is entirely possible
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that with growing sample sizes, understanding of the contribution of tissue-specific and brainregion-specific eQTL annotations to PD and SCZ heritability may change. Likewise, given
that both TWAS and coloc are dependent upon the accuracy and integrity of eQTL datasets,
it is likely that growing samples sizes will alter the list of PD susceptibility genes, potentially
resulting in a different cellular expression profile [178, 179]. It is worth noting that there
are several tools which evaluate associations between eQTLs and GWAS risk loci to identify
susceptibility genes (including coloc, TWAS and others like eCAVIAR [203]). These tools
differ in their underlying algorithms and assumptions (e.g. one versus multiple causal variants at
a locus), thus motivating the use of multiple methods followed by integration across the results,
as performed in the study by Li et al. used here [69].
Second, the strategy for creating tissue- and cell-type-specific profiles primarily involved gene
expression data (the one exception being the use of cell-type-specific chromatin accessibility)
and assumed disease relevance only if disease heritability enriched for SNPs in genes with high
tissue- or cell-type-specific expression and the 100 kb surrounding these genes. While this
approach together with the use of GTEx eQTLs is likely to capture regulatory SNPs in close
proximity to genes of interest, choosing how to construct an eQTL annotation is challenging, as
demonstrated by Hormozdiari et al. [123]. In their study, they constructed three different binary
eQTL annotations, one of which mirrored the approach used in this study (Allcis-QTLs: all cisQTLs with FDR < 5 %), and tested each using stratified LDSC. Simulations demonstrated that
the Allcis-QTLs approach produced conservative enrichment estimates, and was outperformed
by another of the binary annotations, suggesting the approach used in this chapter may also
produce conservative estimates. Equally important to mention is that the annotation strategy
employed for creating cell-type-specific profiles does not account for the effect of regulatory
SNPs that function at longer distances to impact upon gene expression. At present, the ability to
address this issue is limited, as detecting trans-acting eQTLs has proven to be challenging [204],
especially in the human brain.
Third, the approach used in this chapter builds on the assumption that cellular diversity can
be sufficiently described by discrete cells classes, whether that be cell type or cell state. However, the boundaries between these concepts can be blurred and characterisation of cells may
require continuous modes of variation [205, 206]. While this work makes an initial attempt to
address cell state using eQTL datasets from naive and stimulated monocytes and iPSC-derived
macrophages, the amount of data of this type is currently limited. Indeed, monocyte- and
macrophage-based datasets were chosen on the basis that they might be expected to recapitulate
microglial states in the brain (datasets for which are only just beginning to emerge). However,
while a recent paper comparing the transcriptomic profile of monocytes and primary microglia
from PD-affected individuals demonstrated that the same mitochondrial processes were altered
in both cell types, it also demonstrated that the direction of effect of altered genes was discordant
between the two cell types, highlighting the potential difficulties of interpreting heritability
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enrichments using a proxy cell type [137]. Furthermore, there are undoubtedly cell type and
state combinations that have not been assayed or captured, which could potentially harbour
PD heritability enrichments. In support of this notion, the most recent PD GWAS identified a
number of protein-protein interaction networks significantly enriched for PD GWAS loci, which
were also associated with response to some form of stressor or chemical signalling pathway (e.g.
response to stress, response to IFN-γ, response to organic substance, cellular response to heat,
etc.) [169]. The continuum between cell type and state is likely to be an important factor, which
currently cannot be systematically assessed.
In conclusion, these results add to a growing body of evidence in support of the view that
PD risk loci may not lie entirely in those cell types that display the disease’s characteristic
neuropathology, but instead in global cellular processes, with effects in a range of cell types.
This view has significant implications for disease modelling, with a choice of model perhaps
based on the cell type that best reflects the process of interest, as opposed to the cell type which
demonstrates the highest burden of α-synuclein aggregates. This is particularly important given
costly and time-consuming efforts to derive dopaminergic neurons from embryonic and iPS
cells for use as models for sporadic PD. Likewise, viewing PD as a systemic disorder may have
implications for potential drug re-purposing, as in the case of exenatide.
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Chapter 3

Evaluating the impact of cellular
composition on cortical gene
expression in the Lewy body diseases
3.1

Introduction

The Lewy body diseases (LBDs) comprise several neurodegenerative disorders, which are
characterised by accumulation of Lewy bodies (α-synuclein-containing aggregates) in neurons
and neuronal processes [32, 207]. These disorders include Parkinson’s disease (PD), Parkinson’s
disease with dementia (PDD) and dementia with Lewy bodies (DLB), which have a prevalence
in the general population aged ≥ 65 years of 2-3 % [5], 0.3-0.5 % [208] and 1-2 % [32],
respectively. Together, prevalence of PDD and DLB (collectively known as LB dementia) is
second only to Alzheimer’s disease (AD) among dementia patients [209]; however, DLB alone
is associated with earlier mortality and a higher cost of care compared to AD [210–212]. With
no disease-modifying therapies for any of the LBDs, these diseases present a major unmet
clinical need, which left unattended will pose a growing socio-economic burden.
A variety of mechanisms, including mitochondrial dysfunction, oxidative stress, α-synuclein
misfolding and inflammation, have been implicated in PD [5, 124]. In contrast, less is known
about the mechanisms underlying PDD and DLB. This is partly due to the difficulty of assembling clinically distinct and homogeneous cohorts of these two disorders, which share a
substantial clinical, genetic and pathological overlap [22, 31, 32] (see Section 1.1). Clinically,
PDD and DLB are separated somewhat arbitrarily by the diagnostic “1-year rule”: if dementia is
diagnosed before or within one year of the onset of parkinsonism it is considered DLB, whereas
PDD is diagnosed when dementia occurs at least one year after the onset of PD motor symptoms
[27, 28]. Genetically, the differences between PDD and DLB are not well-characterised, al-
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though APOE, GBA and SNCA mutations have been implicated in both [22, 31]. More is known
about the genetics of PD and DLB, which share some risk loci (GBA, TMEM175 and SNCA)
and pathways (lysosomal and endocytic pathways) [13, 58–61]. However, there is also evidence
that association signals at SNCA are distinct in PD and DLB [58, 59, 61, 64], and while risk
pathways are shared, PD genetic risk factors only explain a small portion of DLB phenotypic
variance [61, 66]. Thus, whether the diagnostic “1-year rule” is a biologically valid distinction,
or whether these disorders derive from the same continuum, remains a controversial topic in the
field [29–31].
While transcriptomic profiling cannot distinguish between causal and compensatory disease
mechanisms, it can be used to identify disease-associated expression signatures and biological
processes, and thus can potentially provide (i) a biological basis on which to distinguish
between disorders and (ii) therapeutic targets. However, transcriptomic profiling, and RNAsequencing in particular, of patient-derived tissue remains limited for all three LBDs. Two
recent systematic reviews of transcriptomic profiling in PD and LB dementia (comprising PDD
and DLB) identified 33 and 31 original gene expression studies in brain, respectively [124, 125].
Only 5 of these gene expression studies used RNA-sequencing (1 of the 5 appeared in both
systematic reviews). All other studies of PD brain tissue used array-based technologies, while in
LB dementia most studies used qPCR (n studies = 23). Since the publication of these systematic
reviews, a few RNA-sequencing-based transcriptomic studies have emerged [213–215], but
none have profiled gene expression across all three LBDs within the same study.
Among transcriptomic studies of the three LBDs, few have addressed the confounding of bulktissue transcriptomic profiling by cellular heterogeneity. It has been suggested that this may
contribute to the low replicability of pathways between studies [213]. Cellular heterogeneity
within the brain can be attributed to (i) differences between cell types (as determined by their
transcriptomic and functional profile) and (ii) differences in cell-type proportions (termed cellular
composition). Cellular composition has been shown to vary across brain regions, individuals and
disease [113, 117, 213, 216], which raises the question as to whether differentially expressed
genes and pathways found in case-control transcriptomic studies of brain tissue predominantly
reflect changes in cellular composition, cell-specific transcriptional changes or a combination of
both. In an attempt to answer this question, an RNA-sequencing-based PD case-control study
of the prefrontal cortex found that accounting for cellular composition attenuated numerous
pathway enrichments previously associated with PD, highlighting the need to model cellular
composition to avoid the misinterpretation of associations.
Cellular heterogeneity in human brain tissue can be addressed in a number of ways. A popular
method currently is the use of single-nucleus RNA-sequencing. However, high-throughput
single-nucleus RNA-sequencing comes with a number of disadvantages as compared to bulktissue RNA-sequencing, including: (i) sparser data, resulting in a lower accuracy of quantification [217–219]; (ii) depletion of transcripts that preferentially enrich in the cytoplasmic
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compartment [145, 220, 221]; and (iii) a limited ability to resolve transcriptomic diversity via
splicing. The latter is largely due to the trade-off that exists between choosing a single-nucleus
RNA-sequencing protocol that has high throughput versus a protocol whose library construction
permits sequencing full-length transcripts [218]. Among single-nucleus RNA-sequencing protocols, droplet-based methods have risen in popularity due to their ability to profile large numbers
of cells (which can to some extent overcome the issue of sparse data), although this is at the cost
of sequencing only 3’ ends of transcripts. For these reasons, statistical algorithms have been
developed that permit estimation of cell-type proportions from bulk-tissue data, in a process
known as cellular deconvolution.
Cellular deconvolution builds on the principle that bulk-tissue gene expression can be modelled
by the weighted sum of gene expression in each cell type present within a sample, assuming that
every cell type has a similar expression profile across samples. Most deconvolution algorithms
to date are reference-based, that is they require knowledge of cell types and their transcriptional
profiles [222]. These profiles, however, can be difficult to construct given the requirement
for a set of genes that is stably expressed in a cell type, across experimental conditions and
across various sources of experimental noise (e.g. inter-subject variability) [222–224]. Attempts
have been made to overcome this challenge through the use of deep neural networks, which in
contrast to existing linear-regression-based deconvolution algorithms, have the ability to model
both linear and non-linear relationships, making them more robust to experimental noise [223].
In other words, the scope of cellular deconvolution tools has substantially increased, and these
tools can be easily applied to bulk-tissue transcriptomic pipelines to improve the accuracy and
reliability of downstream differential gene expression analysis.

3.1.1

Aims and objectives

This study aims to (i) assess the impact of cellular composition on bulk-tissue gene expression
from individuals with LBD and (ii) apply cell-type corrections to downstream differential gene
expression analyses to identify disease-associated biological processes. Cellular composition
across samples will be estimated by deconvolution. Given that accuracy of deconvolution
estimates can be further improved by increasing the similarity between reference data and the
target bulk-tissue RNA-sequencing data [223, 225], a paired single-nucleus and bulk-tissue
RNA-sequencing approach will be applied to samples derived from the anterior cingulate cortex,
a region where Lewy body densities have been shown to correlate with cognitive impairment in
PD [126, 127].
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3.2
3.2.1

Methods
Sample selection

Sample selection was performed by Dr Bension Tilley and Prof Steve Gentleman. Individuals with clinical parkinsonism and/or Dementia with Lewy Bodies (DLB) and pathologically
confirmed PD were obtained from the Parkinson’s UK Tissue Bank. Clinical assessment of
individuals was carried out on clinical notes collated retrospectively using records from movement disorder neurologists, neurosurgeons, psychiatrists, geriatricians, PD nurse specialists
and general practitioners. Clinical parkinsonism was defined using the current MDS task force
criteria [20], and DLB by the most recent clinical diagnostic criteria for PDD and DLB [27, 28].
The “1-year rule”, alongside positive clinical features for DLB, such as REM-sleep behaviour
disorder, fluctuating cognition and complex visual hallucinations, were used to separate individuals with PDD and DLB. Pathologic assessment was performed on representative tissue
sections from recommended brain regions in the Braak α-synuclein [34] and Braak tau [226]
staging systems as part of the routine diagnostic process for the Parkinson’s UK Tissue Bank. A
maximum Braak tau stage of 3 was used to filter out individuals with excessive Alzheimer’s
pathology, thus ensuring that dementia in these individuals arose from α-synucleinopathy. PD
without cognitive impairment was defined either by (i) a lack of evidence of positive cognitive
features, such as memory impairment, executive dysfunction and visuo-spatial dysfunction, in
retrospective clinical case notes, or (ii) where positive cognitive features were reported, cognitive
impairment was ruled out based on objective testing. Additionally, where possible, individuals
were selected based on a post-mortem interval (PMI) less than 24 hours to ensure optimal tissue
quality for nuclear extraction. In total, 7 PD, 7 PDD and 7 DLB individuals were selected and
matched where possible for demographic and pathologic factors, along with 7 age-matched
non-neurological control individuals. Control individuals were defined by a lack of clinical
neurological features and no definitive pathological diagnoses. To ensure consistency, a cut off
of Braak tau stage 3 was also used for control individuals. Clinical, pathological and sample
measures for the cohort are available in Appendix A, Table A.4.

3.2.2

Tissue sectioning

Tissue sectioning was performed by Dr Amy Smith. Briefly, for each individual, a tissue
block of cortical grey matter from the anterior cingulate was sectioned at 80 µm thickness.
Adjacent sections were subsequently used for bulk-tissue RNA isolation (2 sections per sample)
or isolation of nuclei for single-nucleus RNA-sequencing.
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3.2.3

Isolation of nuclei

Isolation of nuclei was performed by Dr Amy Smith, using a protocol that combined elements
from the Krishnaswami et al. protocol [227] and the 10X Genomics protocol. Briefly, the
following buffers were prepared, as per Krishnaswami et al.:
• Nuclei isolation medium #1 (NIM1)
• Nuclei isolation medium #2 (NIM2)
• Homogenisation Buffer (HB)
• 29 % and 50 % vol/vol iodixanol dilutions
• PBS buffer (RNase-free PBS, pH 7.4, with 1 % (wt/vol) RNase-free BSA and 0.2 U/µL
RNase inhibitor))
Brain tissue sections were suspended in 800 µL HB and homogenised in a pre-cooled 2 mL
dounce homogeniser, with five strokes of the loose pestle, followed by 10-15 strokes with the
tight pestle. The homogenate was removed and filtered through a BD Falcon tube with a cell
strainer cap (35 µm) to remove debris and centrifuged at 1000 g for 8 minutes. Thereafter,
nuclei were subjected to an additional clean-up step (density gradient centrifugation), as detailed
in Krishnaswami et al.. The only deviation from the Krishnaswami et al. clean-up step was
centrifugation of the layered nuclei/29 % iodixanol solution at 13,000 g for 40 minutes at 4 ◦ C
(as opposed to 13,500 g for 20 minutes at 4 ◦ C). The supernatant was carefully removed, and
the nuclei pellet washed with PBS buffer, filtered through a BD Falcon tube with a cell strainer
cap, centrifuged at 500 g for 5 minutes at 4 ◦ C and washed again. Nuclei were counted using a
LUNA-FL Dual Fluorescence Cell Counter (Logos Biosystems, L20001) using Acridine orange
dye to stain nuclei.

3.2.4

RNA isolation

RNA isolation was performed by the commercial company, BioXpedia A/S. Samples were lysed
with QIAzol and RNA extracted using the RNeasy 96 Kit (Qiagen) with an on-membrane DNase
treatment, as per manufacturer instructions. Samples were thereafter quantified by absorption on
the QIAxpert (Qiagen), and their RNA integrity number (RIN) assessed using the Agilent 4200
Tapestation (Agilent). RIN ranged from 1.6-7.8, with a median of 6.5. Only samples derived
from tissue-sections with a RIN ≥ 4.2 were included in downstream RNA-sequencing. As a
result, only 24 samples were sequenced (5 controls, 7 PD, 6 PDD and 6 DLB; see Appendix A,
Table A.4).
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3.2.5

Bulk-tissue RNA-sequencing data generation

Construction of bulk-tissue RNA-sequencing libraries and subsequent sequencing was performed by the UCL Genomics Facility. 250 ng of total RNA was used as input for cDNA
library construction with the TruSeq Stranded mRNA Sample Preparation Kit (Illumina), as per
manufacturer instructions. In brief, poly-A-containing RNA species were purified using poly-T
oligonucleotide attached magnetic beads. Poly-A-enriched RNA was thereafter fragmented
and first and second strand cDNA synthesis performed. Library stranded-ness was achieved
by deoxyuridine triphosphate (dUTP) incorporation in the second strand synthesis. Incorporation of dUTP, as opposed to deoxythymidine triphosphate (dTTP), suppresses enrichment of
the second strand during polymerase chain reaction (PCR) amplification, as the polymerase
is unable to incorporate additional nucleotides past dUTP. Following first and second strand
synthesis, the 3’-end of cDNA fragments were adenylated, adapters were ligated and cDNA
fragments with correctly-ligated adapters were selectively enriched using PCR. As the only
deviation from the manufacturer instructions, 14 cycles were used in the PCR step. To minimise
read mis-assignment in downstream sample de-multiplexing, xGen Dual Index UMI Adapters
(Integrated DNA Technologies, Inc.) were used. Libraries were multiplexed on the NovaSeq S2
Flow Cell (the same 24 libraries were run across both lanes) for paired-end 100 bp sequencing
on the NovaSeq 6000 Sequencing System (Illumina) to obtain a mean read depth of ∼180
million paired-end reads per sample. Sequenced reads were de-multiplexed and fastq files were
generated using the bcl2fastq conversion software (Illumina).

3.2.6
3.2.6.1

Bulk-tissue RNA-sequencing data processing
Pre-alignment quality control

The FASTQ format is a text-based format used to store individual sequencing reads together
with their corresponding identifiers and quality score. Importantly, sequencing reads within
an unprocessed FASTQ file may contain adapter sequences (oligonucleotide sequences ligated
to the ends of cDNA fragments during library preparation). These adapter sequences must be
removed before alignment, a process that can be implemented during initial quality control and
pre-processing of FASTQ files [156].
Fastp (v 0.20.0), a fast all-in-one FASTQ pre-processor, was used for adapter trimming, quality
control, read filtering and base correction [228]. Briefly, adapter trimming was performed taking
advantage of the paired-end nature of the sequencing, which permits automatic detection of
adapter sequences using the overlap between pairs; any bases that fall outside of an overlapped
region are considered to be ‘adapter sequence’ and are trimmed from the read. Thereafter,
quality filtering was performed using Fastp default settings; that is, reads were filtered out if
(i) ≥ 40 % of a read had a Phred quality score < 15 (the equivalent of a base call accuracy of
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96.8 %) or (ii) ≥ 5 bases within a read could not be called (i.e base is assigned ‘N’). Furthermore,
length filtering was applied (reads shorter than 36 bases were removed). Finally, as sequencing
was paired-end, Fastp’s base correction was applied, which permits base correction in the
overlapping section of a pair of reads. Default settings were used, meaning a minimum 30 bp
overlap was required with a total mismatch below 5 bases. Bases were then only corrected when
one read in the pair had a high-quality score (Phred > 30) and the other a low-quality score
(Phred < 15). Quality control metrics outputted by Fastp and FastQC (v 0.11.8) [229] were used
to assess whether any sequenced samples required removal before downstream alignment and
analysis; no samples were removed.

3.2.6.2

Alignment

Processed reads were mapped to the GRCh38 human reference genome with Spliced Transcripts
Alignment to a Reference (STAR) software (v 2.7.0a), using gene annotations from Ensembl
v97 [230, 231]. Multi-sample 2-pass mapping was used, wherein two rounds of mapping were
performed to improve the sensitivity of novel splice junction detection. In the first mapping pass,
splice junctions from all samples were collected and entered into “annotation” for the second
mapping pass. While this does not increase the number of detected novel splice junctions, it
improves the number of splice junction reads that map to novel splice junctions. Default settings
were used for all STAR parameters except for:
1. --outFilterMultimapNmax 1
Maximum number of multiple alignments allowed for a read.
2. --outFilterType BySJout
This filters the output to keep only those junction reads that passed filtering.
3. --alignSJoverhangMin 8
Minimum overhang for an unannotated junction read.
4. --outFilterMismatchNmax 999
Maximum number of mismatches per pair. By using 999, this filter is “turned off”.
5. --outFilterMismatchNoverReadLmax 0.04
Maximum number of mismatches per pair relative to read length. Thus, for 2x100 bp, the
maximum number of mismatches would be 8.
6. --alignIntronMin 20
Minimum intron length. Introns smaller than 20 are thought to be indels.
7. --alignIntronMax 1000000
Maximum intron length.
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8. --alignMatesGapMax 1000000
Maximum genomic distance between paired mates.
The first setting, --outFilterMultimapNmax, was set to 1, thus retaining only uniquely
mapped reads. The remaining settings were set to match ENCODE standard options for long
RNA-seq pipelines (as detailed in STAR manual v 2.7.1a).

3.2.6.3

Post-alignment quality control

Post-alignment quality control was performed using RSeQC (v 2.6.4) [232]. Based on outputted
quality metrics, no samples derived from tissue sections were excluded from downstream
analyses. Between 132-206 million reads were found uniquely mapped (equivalent of between
78.2-92.7 % of the total number of mapped reads), with > 89 % of uniquely mapped reads
mapping to exons (Figure 3.1). A much higher proportion of 3’-UTR exons than 5’-UTR exons
was observed, as can be expected given the poly-A selective nature of library construction.

3.2.6.4

Quantification of bulk-tissue RNA-sequencing data

Processed reads were quantified with Salmon (v 0.14.1), which combines ultra-fast mapping
of processed reads (i.e. directly from processed FASTQ files) to the reference transcriptome with correction for sequence-specific, fragment GC-content and positional biases [233],
ensuring accurate and consistent quantification [234]. The mapping-based mode was used,
with sequence-specific, fragment GC-content and positional bias correction options enabled
(seqBias, gcBias, posBias). A decoy-aware transcriptome file based on GRCh38 and
Ensembl v97 was generated using Mashmap (v 2.0) [235] and used as a reference together
with the appropriate option for the sequencing library type (libType ISF). Thereafter, the R
package tximport [236] was used to transform Salmon transcript-level abundance estimates to
gene-level abundance estimates. Genes whose genomic co-ordinates (according to Ensembl
v97) were found to overlap ENCODE blacklist regions [237] (see Appendix A, Table A.1) were
removed from downstream analyses.

3.2.6.5

Post-quantification quality control

Following gene-level quantification, samples were checked for any mismatch between the
reported sex of brain donors and the sex as determined by the expression of sex-specific genes
(XIST and DDX3Y). No mismatches were observed (Figure 3.2a).
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Figure 3.1 Bulk-tissue RNA-sequencing metrics. (a) RNA-sequencing metrics from Fastp, STAR,
Salmon and RSeQC. (b) Number of genes detected in RNA-sequencing of each sample pre- and postfiltering. Detection of a gene before filtering was defined as a count > 0 in at least one sample across a
disease group, while detection of a gene after filtering was defined as a count > 0 in all samples across a
disease group. Only genes that were detected post-filtering were used for differential gene expression
analyses. (c) Descriptive statistics for (b).
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Figure 3.2 Expression of sex-specific genes, XIST and DDX3Y. Plot of read counts across DDX3Y
(Y-chromosome expressed) and XIST (required for X-chromosome inactivation) in (a) in-house samples
and (b) the external recount dataset. Samples are coloured by their reported sex.
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3.2.7

Single-nucleus RNA-sequencing data generation

Generation of single-nucleus RNA-sequencing data was performed by Dr Amy Smith. All
samples were processed with the 10X Genomics Chromium Single Cell 3’ Reagent Kit (v2
chemistry). Sufficient sample was added to target approximately 10,000 nuclei per sample. In
addition, 8 cycles of cDNA amplification and 14 cycles of final indexing PCR were performed.
cDNA concentrations were measured using Qubit dsDNA HS Assay Kit (ThermoFisher), and
cDNA and library preparations were assessed using the Bioanalyzer High-Sensitivity DNA Kit
(Agilent). All samples were pooled to equimolar concentration and sequenced on eight lanes of
an Illumina Hi-Seq 4000 high-throughput sequencer.

3.2.8

Single-nucleus RNA-sequencing data processing

Processing of single-nucleus RNA-sequencing data was performed by Miss Rahel Feleke under
the supervision of Dr Prashant Srivastava and Prof Michael Johnson.

3.2.8.1

Quality control

Sequencing reads were processed using Cell Ranger (v 3.0.2). Raw base call files were converted
to FASTQ files and reads were mapped to both intronic and exonic regions of the GRCh38
human reference genome using gene annotations from Ensembl v93. Gene-barcode matrices
from Cell Ranger were used for downstream processing.
Droplets containing nuclei were distinguished from empty droplets (which contain “ambient”
RNA) using the EmptyDrops algorithm, as implemented in the R package DropletUtils [238].
Unlike existing methods, EmptyDrops does not apply a blanket filter on UMI counts across
droplets, as this discards droplets containing small cells/nuclei with low RNA content (and by
extension low UMI counts). Instead, EmptyDrops calls true nuclei based on their deviation from
the estimated profile of an ambient RNA pool, using a Dirichlet-multinomial model of UMI
count sampling. To construct the ambient RNA pool, a total UMI count threshold T of 300 was
used. Notably, the threshold T does not mirror the blanket UMI threshold used by pre-existing
methods, as droplets containing total UMI counts ≥ T are not automatically considered to be
nuclei-containing droplets by EmptyDrops. For each sample, a Seurat object was created using
the function CreateSeuratObject() from the R package Seurat (v 3.0) [239]. Only genes
detected in a minimum of 5 nuclei were retained; nuclei with < 5 % mitochondrial reads were
retained. Seurat was then used for normalisation (gene counts in nuclei divided by total counts,
multiplied by 10,000 and natural-log transformed with the function LogNormalize()) and
clustering (using 30 principal components and a resolution parameter of 2 with the function

FindClusters()). To remove technical artifacts known as “doublets” from clustered samples,
DoubletFinder was used [240]. DoubletFinder identifies doublets in gene expression space
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by comparing the proximity of real nuclei to artificial doublets generated by averaging the
transcriptional profile of randomly selected nuclei pairs. Nuclei found to have a proportion of
artificial nearest neighbours (number of artificial neighbours divided by the neighbourhood size)
higher than the expected number of doublets were removed.

3.2.8.2

Cell-type identification and merging of samples

Following doublet removal, the remaining nuclei in each cluster were visualised using a nonlinear dimensionality reduction algorithm known as Uniform Manifold Approximation and
Projection (UMAP) [241], and Seurat’s FindAllMarkers() was applied to identify differentially expressed genes in each cluster compared to all other clusters. Cell types were assigned to
each cluster using a Fisher’s exact test to test the overlap between a cluster and a merged list of
cell-type markers from two human single-cell datasets [112, 117].
Conos was used to generate a joint graph of nuclei across all individuals from each of their
respective filtered datasets (referred to as the panel of datasets) [242]. This was done to bring
panel datasets into a common expression space accounting for technical differences between
datasets, which could be used for downstream cell-type-specific differential expression analyses
between disease groups. To generate the joint graph, Conos performs pairwise comparisons
across panel datasets, which generates a mapping between nuclei derived from different panel
datasets. These inter-sample edges are combined with intra-sample edges (which are given
lower weight) to create a joint graph. Cell-type labels were thereafter propagated in the joint
graph using a vector of pre-identified nuclei (from the individual panel datasets).

3.2.9

Generation of gene cell-type specificity

Gene cell-type specificity values derived from single-nucleus data (here, termed a specificity
matrix) were generated by Miss Rahel Feleke under the supervision of Dr Prashant Srivastava
and Prof Michael Johnson. Briefly, specificity values represent the proportion of a gene’s total
expression attributable to one cell type, with a value of 0 meaning a gene is not expressed
in that cell type and a value of 1 meaning that a gene is expressed only in that cell type.
Specificity values were separately derived for each disease group (i.e. Control, PD, PDD
and DLB); specificity matrices were generated for cell types in each disease group using the

generate.celltype.data() function of the EWCE R package.
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3.2.10
3.2.10.1

Processing of external datasets
Processing of PD case-control dataset

Replication of several downstream RNA-sequencing analyses were performed using a second
independent PD case-control bulk-tissue RNA-sequencing dataset provided by Dumitriu et
al. [243] and processed for re-use by recount2 [244]. The dataset was accessed via recount2
(recount accession ID: SRP058181). The original study contained RNA-sequencing of prefrontal
cortex samples (Brodmann Area 9) derived from 44 control individuals and 29 individuals with
PD. Paired-end 101-bp sequencing was applied to each sample, with a mean depth of 83.3
million read pairs per sample. All samples were of a reasonably high quality with RIN values
ranging from 5.8-9.1 and a median of 7.6. Accessed samples were checked for sex mismatches
using sex-specific gene expression. As a result, one control sample was removed (recount
sample ID: SRR2015746; study sample ID: C0061); the sample was reported to be male, but
high expression of XIST was observed (Figure 3.2b). Further, as sample demographics from the
original study included whether PD patients were diagnosed with dementia, the 29 PD cases
were split into those with and without dementia (PD, n = 18; PDD, n = 11).

3.2.10.2

Filtering of ROSMAP immunohistochemistry samples

As no ground truth cell composition was available for in-house bulk-tissue samples, a proxy
was used in the form of cell composition measured by immunohistochemistry (IHC) in a subset
of samples from the ROSMAP study [245, 246]. ROSMAP combines two prospective studies
of ageing (The Religious Order Study and the Memory and Ageing Project), with samples taken
from the dorsolateral prefrontal cortex (DLPFC) [245]. These IHC-based cell-type proportions
were generated using antibodies identifying neurons (NeuN), astrocytes (GFAP), microglia
(IBA1), oligodendrocytes (OLIG2) and endothelial cells (PECAM) [246]. ROSMAP metadata
was downloaded from the AD Knowledge Portal [245] and cell composition values from the
Scaden data release [223] (for download URLs, see Appendix A, Table A.1). Scaden authors
originally received cell composition values from the authors of the ROSMAP IHC study [246].
IHC samples were filtered to include only those samples with: (i) a neuropathologic diagnosis
(as based on CERAD score) value of 3 (possible AD) or 4 (no AD); (ii) a physician’s overall cognitive diagnosis value of 1 (NCI: no cognitive impairment), 2 (MCI: mild cognitive impairment
and no other cause of cognitive impairment) or 3 (MCI: mild cognitive impairment and another
cause of cognitive impairment); and a Braak neurofibrillary tangle score (i.e. hyperphosphorylated tau) ≤ 3. These filters were chosen to ensure matching of the ROSMAP cohort with
in-house controls.
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3.2.11

Deconvolution of cell-type proportions from bulk-tissue RNA-sequencing
data

Cell-type proportions in bulk-tissue RNA-sequencing samples were estimated using Scaden
(v 0.9.2), a deep-learning-based deconvolution algorithm [223]. Unlike linear-regressionbased deconvolution algorithms, Scaden does not require cell-type-specific expression profiles.
Instead, Scaden trains on artificial bulk-tissue RNA-sequencing samples simulated from tissuespecific single-cell RNA-sequencing data, after which the model is used to predict cell-type
proportions from real bulk-tissue RNA-sequencing samples. In this study, training data was
generated separately for each individual with paired single-nucleus and bulk-tissue RNAsequencing, allowing Scaden to capture cross-subject heterogeneity. This yielded a total of
24,000 artificial bulk-tissue RNA-sequencing samples (1,000 samples per subject). Prior to
generation of training data, single nucleus RNA-sequencing counts per cell were normalised
using the total counts over all genes, ensuring that every cell had the same total count after
normalisation. Thereafter, artificial bulk-tissue RNA-sequencing samples were simulated using
the Scaden bulk_simulation.py script, which sub-samples cells from input single-nucleus
RNA-sequencing data and then aggregates expression across sub-sampled cells. Here, 1,000
cells were used per simulated sample. Artificial bulk-tissue RNA-sequencing samples were
combined and stored in a h5ad file, using the Scaden create_h5ad_file.py script. To
ensure generated training data and bulk-tissue RNA-sequencing samples (in the form of counts
normalised by library size) for prediction shared the same features (genes) and feature scale,
both datasets were pre-processed with scaden process (the two datasets shared a total of
13,191 genes after processing). Following this, each of the three Scaden ensemble models were
independently trained (scaden train) for 5,000 steps (as recommended by the developers to
prevent overfitting), using the default values for batch size and learning rate. Finally, predictions
for cell-type proportions were made with scaden predict.
Replication of predicted cell-type proportions was performed using a second independent PD
case-control dataset accessed from recount2 (see Section 3.2.10.1). As the Scaden algorithm
requires that training data and prediction data have a perfect overlap of features, it was necessary
to re-perform pre-processing with scaden process (using library-normalised counts from the
second dataset; the two datasets shared a total of 14,094 genes following processing) and to
train a new model (using the same parameters as previously).
In both datasets, differences in cell-type proportions between disease groups were determined
by pairwise comparisons using the Wilcoxon rank sum test, with FDR-correction for multiple
testing. Thresholds for significance and nominal significance were set at FDR-adjusted p <
0.05 and FDR-adjusted p < 0.1, respectively. In addition, the effect of adjusting for RIN on the
association of cell-type proportion and disease status was explored using the initial discovery
dataset and multiple linear regression. A coefficient was considered significant if p < 0.05 and
nominally significant if p < 0.1.
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3.2.12

Bulk-tissue RNA-sequencing covariate selection

Sources of variation in bulk-tissue RNA-sequencing data were identified using principal component analysis (PCA) performed on gene-level expression filtered to include only genes with
count > 0 in all samples (28,692 genes) and transformed with the DESeq2 function, vst(),
which applies a variance stabilising transformation. This transformation is particularly important
given the heteroscedastic nature of gene count variance, which is strongly dependent on mean
counts, and the requirement that variables have a similar dynamic range when using PCA
[247]. Thereafter, pairwise correlations between all experimental variables (including estimated
cell-type proportions) and also their association with the main PC axes were calculated. Six
experimental variables (RIN, age of death, cell-type proportions for excitatory and inhibitory
neurons, microglia and astrocytes) were found to be significantly associated with the first 4 PC
axes, thus, the final model for differential gene expression consisted of the disease group and
the top 4 PCs (which collectively explained 52.6 % of the total variance).
To explore the effect of accounting for cell-type proportions, vst-transformed gene expression
was batch-corrected using the final “cell-type- and covariate-corrected” model or a minimised
“covariate-corrected” model consisting of disease group, age of death, RIN and sex. Samples
were thereafter plotted by their first two principal components to determine how well disease
groups separated. Batch correction was performed using the removeBatchEffect() function
from the R package, limma [248]. Prior to correction, covariates to be used in the model were
scaled to ensure that variables that are measured on different scales (e.g. age of death vs RIN)
are comparable.

3.2.13

Bulk-tissue differential gene expression

Bulk-tissue differential gene expression was assessed using the DESeq2 R package (v 1.24.0)
[247] and gene-level expression filtered to include only genes with count > 0 in all samples
(28,692 genes). The choice of DESeq2 was motivated by its outperformance of several other
differential gene expression tools, including other popular count-based tools like edgeR and
limma [234]. Performance of each tool was measured based on Spearman rank correlation
and root-mean-score-deviation between log2-fold changes predicted by each tool and log-2
fold changes determined by qPCR (n genes = 1001). While all tools reached a Spearman
rank correlation > 0.65, DESeq2 paired with most alignment tools (including Salmon) had a
Spearman rank correlation > 0.85.
DESeq2 models read counts using a negative binomial distribution, a compound probability
distribution wherein the probability of a given number of discrete counts is modelled by the
Poisson distribution, and the variance is distributed according to a gamma distribution [107, 247].
This is particularly important given the observation that genes with low mean expression often
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Table 3.1 Summary of differential gene expression models.
Model name
“Cell-type- and covariate-corrected” model

“Covariate-corrected” model

LRT model

Model design

Full model

∼PC1 + PC2 + PC3 + PC4 + Disease Group

Reduced model

∼PC1 + PC2 + PC3 + PC4

Full model

∼Sex + RIN + Age of death + Disease Group

Reduced model

∼Sex + RIN + Age of death

have much higher variance than genes with a high mean expression. A likelihood ratio test
(LRT) was used to test all levels of the factor, disease group, at once. The rationale for this
design was two-fold: (i) to identify any genes that show a change in expression across the
disease groups and (ii) to mitigate the small size of our cohort.
To perform a LRT, two models for gene counts are required: (i) a full model, including the
variable of interest, and (ii) a reduced model, in which the variable of interest is removed. The
LRT then determines if the increased likelihood of the data using the variable of interest in the
full model is more than expected if the variable were 0. In other words, the LRT tests whether the
variable removed in the reduced model “explains” a significant amount of variation in the data.
To explore the effect of accounting for cell-type proportions, the LRT was independently run
on the final “cell-type- and covariate-corrected” model and the minimised “covariate-corrected”
model (see Section 3.2.12). In both cases, the full model contained the variable, disease group,
which was removed in the reduced model (see Table 3.1). Multiple testing was performed by
FDR-correction, with a cut-off of FDR < 0.05 applied for significance.

3.2.14

Identifying gene clusters with similar expression patterns

Gene clusters exhibiting similar patterns of expression across disease groups were identified
using vst-transformed counts of differentially expressed genes with the degPatterns() function from the DEGreport R package (v 1.20.0) [249]. Briefly, this function (i) calculates mean
expression of each gene across samples derived from the same disease group, (ii) correlates
mean expression across disease groups among gene-gene pairs, and (iii) computes the distance
between gene-gene pairs. These distances are used as the basis for clustering, which is performed using a divisive hierarchical clustering algorithm (cluster::diana) – essentially, a
“top-down” approach is taken wherein all observations are initially clustered in one cluster and
then recursively split into their appropriate clusters. The hierarchical tree is then cut to optimise
cluster diversity such that inter-cluster variability is greater than intra-cluster variability.
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3.2.15

Functional enrichment analyses

Gene set enrichment for Gene Ontology (GO) biological process, molecular function and cellular
component aspects was performed using the g:Profiler R package, gprofiler2 (v 0.1.7) [250].
Enrichment analyses were run using gene clusters with ≥ 15 genes identified in Section 3.2.14.
An ordered query was used, with genes within clusters ranked by significance of differential
gene expression. The custom background set consisted of all 28,692 genes tested for differential
expression. G:profiler-reported p-values were adjusted using the default g:SCS correction
method, which takes into account the overlap of functional terms, and thus can be considered
more conservative than FDR-correction, but more lenient than Bonferroni correction [250]. GO
terms were filtered by size to include terms with ≥ 20 and ≤ 2000 genes. Only the top 10 most
significant GO terms (gSCS-corrected p < 0.05) for each cluster are displayed.

3.2.16

PD susceptibility genes

PD susceptibility genes were derived as in Section 2.2.5.1 (see Appendix A, Table A.3). This
list was supplemented with a list of putatively causal genes derived from the latest PD GWAS
[13]. These genes were derived using Mendelian randomisation, which tested whether changes
in DNA methylation or RNA expression of genes physically proximal to significant PD risk loci
were causally related to Parkinson’s disease risk.

3.2.17

Code availability

Open source software is available for all tools used (see Appendix A, Table A.1). Furthermore,
pipelines were developed in-house that facilitated use of open source software with multiple
files. All developed pipelines are available as a GitHub repository, RNASeqProcessing (see
Appendix A, Table A.1).

3.2.18

Data availability

External data accessed and the source URLs are available in Appendix A, Table A.1.

3.3
3.3.1

Results
Transcriptomic profiling of the anterior cingulate cortex

Single-nucleus and bulk-tissue RNA-sequencing was applied to adjacent anterior cingulate cortex
tissue sections originating from 28 individuals, including non-neurological control individuals
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and individuals with Lewy body pathology (Figure 3.3). Individuals with Lewy body pathology
were split into three disease groups, based on clinical assessment of retrospectively collated
clinical notes (n = 7 per group). The three groups included Parkinson’s disease without cognitive
impairment (PD), Parkinson’s disease with dementia (PDD) and dementia with Lewy bodies
(DLB). Samples were taken from the anterior cingulate cortex, on the basis that it is one of the
first cortical regions to be affected by α-synuclein pathology as it progresses through the brain
(Braak α-synuclein stage 5 [34, 35, 251]), and that Lewy body densities in the region correlate
with cognitive impairment in PD [126, 127]. Thus, if it assumed that non-motor/cognitive
symptoms are caused by cortical dysfunction, this region may be expected to highlight this
transition (i.e. PD cases without cognitive impairment display early pathological changes in
this region, whereas PDD and DLB cases display more extensive pathology). Indeed, while
all disease-derived samples had an α-synuclein Braak stage 5 or 6, the density of α-synuclein
staining in the anterior cingulate cortex (Alafuzoff α-synuclein staging) increased across PD <
PDD < DLB (Figure 3.4; Appendix A, Table A.4).
To ensure dementia arose from α-synucleinopathy, as opposed to Alzheimer’s disease pathology,
a maximum Braak tau stage of 3 was used as a selection criteria for all individuals. Furthermore,
where possible, selected individuals were matched for demographic and pathologic factors.
Despite this, there was a significant difference in the proportions of sexes between groups, which
is in keeping with previous literature that highlights a male bias in DLB [252] (Figure 3.4;
Appendix A, Table A.4). Furthermore, disease duration significantly differed between groups,
with DLB cases demonstrating a shortened disease duration, likely reflecting the fact that PDD
cases have PD motor symptoms for several years before development of dementia.
Among sample measures, RIN differed significantly between groups, with samples derived
from individuals with PDD and DLB demonstrating a lower RIN than those samples derived
from control and PD individuals (Figure 3.4; Appendix A, Table A.4). This finding mirrors
observations from a survey of RIN in brain tissue from donors with and without AD, which
demonstrated a significantly lower RIN in donors with AD compared to donors without dementia
in 6 of the 9 surveyed studies (2 were non-significant, while in 1 the opposite was observed)
[253].
A total of 205,948 droplet-based single-nucleus and 24 bulk-tissue transcriptomes were profiled,
with an average of 1,398 genes per nucleus and 27,802 genes per bulk-tissue sample detected,
respectively (Figure 3.1b-c).
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Figure 3.3 Overview of approach. In this study, anterior cingulate cortex was sampled from a cohort of 28 individuals divided equally between four groups:
non-neurological controls; Parkinson’s disease without cognitive impairment (PD); Parkinson’s disease with dementia (PDD); and dementia with Lewy Bodies
(DLB). For each individual, a tissue block derived from the anterior cingulate was sectioned, with adjacent sections used for single-nucleus or bulk-tissue
RNA-sequencing. Following data pre-processing, single-nucleus RNA-sequencing data was used to deconvolute bulk-tissue RNA-sequencing data. Bulk-tissue
RNA-sequencing was used in differential gene expression and splicing analyses, with corrections for changes in cell-type proportions included as model covariates
in both analyses. Results from differential expression and splicing analyses were used in downstream gene set enrichment analyses to identify disease-relevant
pathways. Furthermore, splicing motif enrichment was performed for differentially spliced regions (see Chapter 4). All italicised components of the workflow were
performed by several collaborators, including Miss Rahel Feleke, Dr Bension Tilley, Dr Amy Smith, Dr Prashant Srivastava, Prof Steve Gentleman and Prof Michael
Johnson (see Section 3.2 for specifics).

3.3 Results
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Figure 3.4 Demographics, sample information and pathological measures. Continuous (a) and
categorical (b) participant demographics, sample measures and pathological measures are shown for each
disease group. (c) Significant differences in groups were tested using either the Kruskal-Wallis rank sum
test (for continuous variables) or the Chi-squared test (for categorical variables). Significant differences
(p < 0.05) are shown in a bold face. All measures per individual are available in Appendix A, Table A.4.

3.3.2

Estimating cell-type proportions in the anterior cingulate cortex

Quality control, clustering and classification of major cell types in the anterior cingulate cortex
was first performed on nuclei from each of the 28 individuals, after which Conos was used
to generate a joint graph of nuclei across all individuals. Clusters were assigned to 7 broad
cell types by significant overlap (p < 2.2e-16, Fisher’s exact test) with a merged list of marker
genes derived from two human single-cell datasets [112, 117] (see Appendix A, Table A.1). In
total, 75,826 excitatory neurons, 26,467 inhibitory neurons, 46,662 oligodendrocytes, 25,726
astrocytes, 13,788 microglia, 12,497 oligodendrocyte-precursors (OPCs), and 4,532 vascular
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Figure 3.5 Correlation of estimated cell-type proportions across single-nucleus RNA-sequencing
and Scaden. (a) Proportion of nuclei of each cell type isolated across all individuals in each disease
group (n = 7 per group) and (b) across each individual. (c) Scatterplot of cell-type proportions (%)
derived from cell-type labelling of single nuclei and Scaden deconvolution. In each panel, Spearman’s
rho (R) and associated p-value (p) are displayed.
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Figure 3.6 Comparison of Scaden- and immunohistochemistry-derived cell-type proportions. (a)
Plot of gene cell-type specificity within in-house control single-nucleus RNA-sequencing samples for
antibodies used to identify cell types in the ROSMAP samples. Specificity is the proportion of a gene’s
total expression attributable to one cell type, with a value of 0 meaning a gene is not expressed in that
cell type and a value of 1 meaning that a gene is expressed only in that cell type. (b) Summary table of
the sample demographics and pathological measures for the subset of 15 ROSMAP individuals used for
immunohistochemical determination of cell-type proportions. (c) Cell-type proportions derived from
Scaden deconvolution of in-house control bulk-tissue RNA-sequencing samples or from IHC applied to
ROSMAP samples. In in-house samples, excitatory and inhibitory neuron proportions were summed
to give the “Neuron” class, while oligodendrocytes and OPC proportions were summed to give the
“Oligodendrocyte” class. IHC, immunohistochemistry.
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cells, including pericytes and endothelial cells, were identified. Each cell type was consistently
identified across all individuals in each disease group (Figure 3.5a-b), which was important for
downstream deconvolution of bulk-tissue RNA-sequencing data.
While single-nucleus RNA-sequencing shows less sampling bias than single-cell RNA-sequencing
[220], it is not entirely without bias [254], which calls into question its suitability for characterisation of cell-type proportions. Thus, Scaden was used to estimate cell-type proportions across
disease groups [223]. Scaden is a deep-learning-based deconvolution algorithm, which trains
on artificial bulk-tissue RNA-sequencing samples simulated from tissue-specific single-cell or
-nucleus RNA-sequencing data. Importantly, Scaden permitted pairing of this study’s singlenucleus and bulk-tissue transcriptomic profiles and modelling of inter-subject variability. As
expected, there was a low overall correlation between single-nucleus-RNA-sequencing- and
Scaden-estimated cell-type proportions (Spearman’s ρ = 0.25, p = 0.0009), although per-celltype correlations were stronger for some cell types than others (Figure 3.5c).
As no ground truth cell composition was available for in-house bulk-tissue samples, Scadenestimated cell-type proportions from the control group were qualitatively compared with celltype proportions measured by immunohistochemistry in a subset of samples from the ROSMAP
study [245, 246]. ROSMAP combines two prospective studies of ageing (The Religious Order
Study and the Memory and Ageing Project), with samples taken from the dorsolateral prefrontal
cortex (DLPFC) [245]. In the original study, IHC was performed on tissue derived from 70 older
individuals using antibodies identifying neurons (NeuN), astrocytes (GFAP), microglia (IBA1),
oligodendrocytes (OLIG2) and endothelial cells (PECAM) [246]. The cell-type specificity of
these antibodies was determined in in-house control single-nucleus RNA-sequencing samples
to inform whether cell-types could be combined within the in-house study (Figure 3.6a). As
RBFOX3 was specific to both excitatory and inhibitory neurons, these two cell types were
combined to form the “neuron” group. Similarly, oligodendrocytes and OPCs were combined
to form the “oligodendrocyte” group on the basis that OLIG2 had highest specificity in these
two cell types. As the endothelial marker, PECAM1, was highly specific to vascular cells, this
marker was seen as a general marker of vascular cells.
To ensure comparability between in-house control samples and the ROSMAP samples, the
ROSMAP dataset was filtered to remove individuals with pathological or clinical AD and a
Braak tau stage > 3, leaving IHC-derived cell-type proportions from 15 individuals (Figure
3.6b). Across the two studies, astrocyte and vascular proportions were concordant between the
two datasets. In contrast, microglial and neuronal proportions were lower and oligodendrocyte
proportions were higher in in-house samples compared to ROSMAP (Figure 3.6c). It is unsurprising that some discordance was observed between estimates from the two studies given
that there were some differences in the two cohorts (e.g. the ROSMAP cohort had a higher
mean age of death and a lower mean PMI compared to the in-house control group) and different
brain regions were sampled. Furthermore, IHC-derived estimates also carry some uncertainty
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in that they are based on labelling of only one protein per cell type and they require overlap
of DAPI-positive nuclei with antibody-positive cells, which does not always occur as a result
of sectioning. In view of this, the overall comparability of Scaden- and IHC-derived cell-type
proportions was promising and validated the use of Scaden to estimate cell-type proportions in
brain tissue.

3.3.3

Cellular composition is a confounder of bulk-tissue gene expression

Previous studies have demonstrated that gene expression in the brain is influenced by cellular
composition, which in turn can vary by brain region, individual and disease status [113, 117, 213,
216]. Indeed, using Scaden-estimated cell-type proportions, OPC and vascular cell proportions
were found to positively correlate with disease group in this study (OPC, ρ = 0.64, FDR-adjusted
p = 0.0099; vascular, ρ = 0.60, FDR-adjusted p = 0.025; Figure 3.7). Furthermore, excitatory
and inhibitory neuron proportions were found to positively correlate with each other and with
RIN (excitatory & inhibitory neurons, ρ = 0.72, FDR-adjusted p = 0.0010; excitatory neurons &
RIN, ρ = 0.55, FDR-adjusted p = 0.049; inhibitory neurons & RIN, ρ = 0.57, FDR-adjusted p =
0.042), mirroring similar observations in previous literature [213, 255]. Among experimental
variables unrelated to cell-type proportions, both α-synuclein staging measures (Braak and
Alafuzoff) were positively correlated with each other and with disease group, as expected.
The main axis of variation in gene expression (which explained 22 % of the total variance)
was significantly correlated with RIN and neuronal cell-type proportions, while age of death,
microglial proportions and astrocyte proportions were significantly correlated with the second,
third and fourth principal components, respectively (principal components 2-4 collectively
explained 30 % of the total variance; Figure 3.8). To explore the effect of accounting for celltype proportions on separation of disease groups, gene expression was batch-corrected using one
of two models: (i) a covariate-corrected model accounting only for the experimental covariates,
age of death, RIN and sex or (ii) a cell-type- and covariate-corrected model accounting for celltype proportions and experimental covariates (this model used the first four principal components
from uncorrected gene expression; see Section 3.2.12). Samples were thereafter plotted by their
first two principal components. Correction for cell-type and experimental covariates resulted
in a much clearer clustering of samples by disease group compared to uncorrected data and
correction for experimental covariates alone (Figure 3.9a-c). Notably, separation of disease
groups following correction for cell-type and experimental covariates was primarily observed on
PC1 as opposed to PC2, suggesting that these disease groups might represent different parts of
the same continuum (Figure 3.9c). Together, these findings highlighted two conclusions: (i) that
RIN and cellular composition are major confounders of bulk-tissue gene expression and must
therefore be accounted for in any differential analyses and (ii) more importantly, that there are
gene expression differences between disease groups even after accounting for the contribution
of these confounders.
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Figure 3.7 Correlation between experimental variables. Spearman’s rank correlation for each pair
of experimental variables shown as a correlogram. Size of the squares are proportional to correlation
coefficient (Spearman’s rho, ρ), with colour indicating positive (blue) or negative (red) coefficients.
Non-significant pairwise correlations (FDR-adjusted p ≥ 0.05) are represented by a blank square.
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Figure 3.8 Correlation of experimental variables with principal components of gene expression.
Heatmap of significance of (cor)relations between PC scores for the top 10 PC axes and experimental
variables. Significance computed using Kruskal-Wallis for categorical variables and Spearman’s rank
correlation for continuous variables. Only significant p-values (FDR-adjusted p < 0.05) are displayed.

102

3.3 Results

Figure 3.9 Effect of different batch-correction strategies on sample clustering by gene expression.
Samples were plotted by the first two principal components derived from (a) uncorrected gene expression,
(b) gene expression adjusted for age of death, sex and RIN and (c) gene expression adjusted for cell-type
and experimental covariates. Ellipses represent the 95 % confidence level around group mean points (not
displayed).
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3.3.4

Microglial and vascular proportions increase in the Lewy body diseases

Given the correlation of Scaden-estimated OPC and vascular cell proportions with disease
group, differences in Scaden-estimated cell-type proportions between disease groups and the
control group were tested. A significant increase in the proportion of microglia was observed
in all disease groups compared to the control group, in addition to a significant increase in the
proportion of OPCs and vascular cells in DLB cases compared to controls (FDR-adjusted p
< 0.05, Wilcoxon rank sum test; Figure 3.10a). A nominally significant increase in vascular
proportions was also observed in PDD and PD cases compared to controls (FDR-adjusted p < 0.1,
Wilcoxon rank sum test). Following adjustment for RIN, microglial and vascular increases in
PDD and DLB cases compared to controls remained significant, as did the observed increase in
OPCs in DLB cases compared to controls (p < 0.05, Student’s t-test, Figure 3.10b). The vascular
increase in PD cases compared to controls was only nominally significant (p = 0.10, Student’s
t-test). Interestingly, a significant negative association between oligodendrocyte proportions
and RIN was observed after adjustment for disease (p < 0.05, Student’s t-test, Figure 3.10b).
Furthermore, when adjusted for RIN, oligodendrocyte proportions were decreased in DLB cases
compared to controls, an observation that was otherwise masked. While RIN was positively
associated with neuronal proportions after adjustment for disease, mirroring observations in
Section 3.3.3, neuronal cell-type proportions were not significantly different in any LBD upon
adjustment for RIN.
To validate these findings, Scaden was applied to a second independent dataset, a PD casecontrol bulk-tissue RNA-sequencing dataset (controls, n = 43; PD, n = 18; PDD, n = 11; see
Section 3.2.10.1). In this second dataset, microglial and vascular proportions were significantly
increased in PD cases compared to controls (FDR-adjusted p < 0.05, Wilcoxon rank sum test), as
observed when testing unadjusted in-house proportions (Figure 3.11). Furthermore, a nominally
significant increase in microglial proportions was also observed in PDD cases compared to
controls, mirroring in-house results (FDR-adjusted p < 0.1, Wilcoxon rank sum test). Thus,
these findings highlighted a reproducible increase in (i) microglial proportions in PD and PDD
cases compared to controls and (ii) vascular proportions in PD cases compared to controls.

3.3.5

Differential gene expression reflects changing cellular composition

To explore the effect of accounting for cellular composition, differential gene expression analysis
on ∼ 29,000 filtered genes was run with (i) a cell-type and covariate-corrected model and (ii) a
minimised covariate-corrected model (see Table 3.1). Given evidence suggesting that PD, PDD
and DLB exist along an α-synuclein-associated disease spectrum ([31, 32, 207]), a likelihood
ratio test (LRT) was used to test the significance of the variable, disease group, as a whole (i.e.
all groups within the variable, disease group, were tested at once; see Section 3.2.13). Genes
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Figure 3.10 Scaden-estimated cell-type proportions across disease states (a) Cell-type proportions
(upper panel) are grouped by cell type and disease status and displayed relative to the median of controls
(within a cell type). Significant differences in cell-type proportions between disease groups and the
control group (lower panel) were determined using the Wilcoxon rank sum test, with FDR correction for
multiple testing (n test = 3 per cell type). Non-significant results (FDR-adjusted p > 0.1) were coloured
white; **, FDR-adjusted p < 0.05; *, FDR-adjusted p ≤ 0.1. (b) Plot of adjusted coefficient estimates for
each variable in the linear model, cell type proportion ∼ disease group + RIN. Regression models were
fitted separately for each cell type, as represented on the x-axis. Estimates and tests for each coefficient
were adjusted for all other coefficients in the model. Whiskers span the 95 % confidence interval. **, p <
0.05; *, p ≤ 0.1.

105

Impact of cellular composition on cortical gene expression in the Lewy body diseases

Figure 3.11 Replication of cell-type proportions. Cell-type proportions derived from Scaden deconvolution of in-house bulk-tissue RNA-sequencing or the external recount dataset, SRP058181. Cell-type
proportions (upper panel) are grouped by cell type and disease status and displayed relative to the median
of controls (within a cell type). Significant differences in cell-type proportions between disease groups
(lower panel) were determined using the Wilcoxon rank sum test, with FDR correction for multiple
testing. Non-significant results (FDR-adjusted p > 0.1) were coloured white; **, FDR-adjusted p < 0.05;
*, FDR-adjusted p ≤ 0.1.
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found to be significantly differentially expressed were then clustered based on their expression
pattern across disease groups.
Without adjustment for cell-type proportions, 450 genes were found differentially expressed
(FDR-adjusted p < 0.05, LRT) and 5 gene clusters were identified (Figure 3.12a). Inclusion of
cell-type proportions in the model decreased the number of differentially expressed genes to 79
(FDR-adjusted p < 0.05, LRT) and the number of gene clusters to 2 (Figure 3.12b). Between the
two models, 31 genes were found to overlap.
Functional enrichment analyses were performed on gene clusters. A total of 187 and 3 significantly enriched pathways (gSCS-corrected p < 0.05) were identified before and after adjustment
for cell-type proportions, respectively. Using the covariate-corrected model, pathways enriched
in two clusters, cluster 2 and 4. Genes in cluster 2 demonstrated lowest expression in the control
group and highest expression in the DLB group, with expression increasing in a step-wise
manner across the disease groups (i.e. Control < PD < PDD < DLB). Cluster 4 demonstrated a
similar pattern, although expression in the PDD group was lower than the PD group (i.e. Control
< PDD < PD < DLB). Cluster 2 was enriched for terms primarily related to the immune system,
while cluster 4 enriched for terms related to muscle contraction (Figure 3.12c). In view of
the increased proportion of microglia and vascular cells (which includes pericytes) in disease
states, it is likely these pathway enrichments simply reflect changing cellular composition across
disease, as opposed to disease-associated biological processes. Indeed, using the cell-type and
covariate-corrected model, the only pathways found enriched were related to motile cilia (the
observed enrichments were driven by 3 genes, ODF1, SPAG6, SPAG17; Table 3.2).
Finally, differentially expressed genes were intersected with PD susceptibility genes implicated
by common-variant studies. Only one PD-implicated gene was found differentially expressed
across both models of differential expression, HLA-DQB1 (covariate-corrected model, FDRadjusted p = 0.00054; cell-type and covariate-corrected model, FDR-adjusted p = 1.94 x 10−58 ;
Figure 3.12d).
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Figure 3.12 Differential gene expression. Differentially expressed genes from the (a) covariatecorrected model (accounting only for experimental covariates) and (b) the cell-type- and covariatecorrected model (accounting for experimental covariates and cell-type proportions) clustered by the
correlation of mean gene expression across disease groups. Mean expression of each gene was scaled
across all disease groups to create a z-score of gene expression. Light grey lines indicate the trajectory of
each individual gene across disease groups, while the solid black line indicates the fitted trajectory of all
genes within a disease group across disease groups. Only gene clusters with ≥ 15 genes are displayed.
(c) Functional enrichment within gene clusters derived from the two differential gene expression models.
Size of dot indicates precision, which is the proportion of genes in the input list that are annotated to
the pathway. Fill of dot indicates − log10 (gSCS-corrected p-value). Only the top 10 most significant
GO terms (gSCS-corrected p < 0.05) are displayed. (d) Normalised counts of HLA-DQB1. Y-axis is
log10-transformed.

108

2
2
2
2

4
4

Covariate-corrected

Covariate-corrected

Covariate-corrected

Covariate-corrected

Covariate-corrected

Covariate-corrected

2

Covariate-corrected

2

2

Covariate-corrected

Covariate-corrected

2

Covariate-corrected

2

2

Covariate-corrected

Covariate-corrected

Cluster

Differential expression model

109
8

9

1

2

3

4

5

6

7

8

9

10

Number of pathways

MYL9
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AFAP1L2, APOL3, C1QTNF1, GP1BB, HHEX, PAX1, PEAR1,

LY75, MYO1G, PLP2, SAMSN1

ACKR4, DCN, HSPA6, IL2RG, RAC2, SLC2A5

IL1RN

LCP1

CD274, CD74, FPR1, MMP9, NCF1, SLFN11, SLFN13

CXCL11, TLR6, ZC3HAV1

SP100, SPN, TRIM5

CASP1, CD177, CGAS, FPR2, IFI30, PSMB8, S100A12, SLAMF8,

TLR2, TRIM22

B2M, CXCL1, FCGR1A, GBP1, IRAK3, MNDA, NLRC5, STXBP2,

CXCL10, IRF1, TNFAIP3, VAV1

Gene

Table 3.2 Table of gene-pathway intersections. Shown are the number of pathways (among the top 10 enriched pathways identified for each cluster) that intersect
with differentially expressed genes derived from each gene cluster in each differential gene expression model.
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3.4

Discussion

This study applied cellular deconvolution to bulk-tissue RNA-sequencing of LBD-affected
cortical samples to determine the impact of modelling cellular composition on downstream
differential gene expression analyses. Estimation of cell-type proportions was performed
using the deconvolution algorithm, Scaden, which produced reasonable estimates of cell-type
proportions, as evidenced by the overlap with IHC-derived cell-type proportions derived from
ROSMAP. Downstream analyses revealed that bulk-tissue gene expression was confounded by
cell-type proportions, with microglial, OPC and vascular cell proportions significantly increased
in at least one LBD. Adjustment for cell-type proportions attenuated pathway enrichments
relating to immune activation and the contractile machinery, which were replaced by pathways
related to motile cilia. Among PD-implicated genes, HLA-DBQ1 survived adjustment for
cell-type proportions, with increased expression observed in the PD group compared to all
other groups. Collectively, these results stress the importance of modelling cellular composition
to determine composition-independent disease-associated biological processes, while also
highlighting LBD-associated cellular changes.
Among experimental variables, differences in cell-type proportions between groups were found
to drive variation in bulk-tissue gene expression together with RIN and age of death. Differences
in unadjusted cell-type proportions included (i) a significantly increased proportion of microglia
in all three LBD groups, (ii) a significantly increased proportion of vascular cells and OPCs
in the DLB group, and (iii) a nominally significant increase in vascular cell proportions in
the PD and PDD groups (all comparisons made to the control group). By deconvolving the
largest available PD/PDD case-control cohort, the increased microglial proportion in PD and
PDD cases was replicated, as was the increased vascular proportion in PD cases. Changes in
cellular composition were paralleled by the enrichment of immune-system- and muscle-systemrelated pathways in two gene clusters, which demonstrated increased gene expression in disease
groups compared to controls (before adjustment for cell-type proportions). At first glance, the
enrichment of muscle-system-related pathways might appear to be a spurious result; however,
these enrichments were explained by several genes encoding contractile proteins, such as ACTA2
and MYL9, which are expressed in pericytes (Table 3.2) [113, 256, 257]. Given that vascular
cells in this study represent a merge of endothelial and pericyte populations, the enrichment of
muscle-system-related pathways in unadjusted differential expression analyses suggests that the
rise in vascular proportions is driven by pericytes.
It is notable that some experimental variables were not independent, as evidenced by the positive
correlation of RIN with both excitatory and inhibitory neuronal proportions, which mirrors
the positive correlation observed between RIN and neuronal marker gene profiles by Nido et
al. in two different PD case-control cohorts [213]. With adjustment for disease, oligodendrocyte proportions, in addition to neuronal proportions, were also found to correlate with RIN.
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Importantly, associations between disease and cell-type proportions following adjustment for
RIN were similar to those observed when using unadjusted cell-type proportions. The only
two exceptions were: (i) microglial proportions were not increased in PD cases compared
to controls and (ii) oligodendrocyte proportions were significantly decreased in DLB cases
compared to controls. Among those findings that were retained after adjusting for RIN, was
that of an increased proportion of vascular cells in all three LBDs. This is an interesting finding
in view of neuropathological and magnetic resonance imaging studies of DLB, which have
shown an increased prevalence of cerebral minibleeds and microbleeds, respectively [258, 259].
Pericytes form an integral part of the blood-brain barrier, with a critical role in its formation
during development [260] and maintenance in adult life [261], and loss of pericytes results in the
breakdown of this barrier [257, 260–262]; an increased proportion of vascular cells is therefore
notable. In summary, although changes in cellular composition associate with disease and
experimental variables, such as RNA quality, accounting for cellular composition in bulk-tissue
transcriptomic studies of healthy and/or diseased brain tissue can provide robust and novel
insights.
To date, there is only one RNA-sequencing-based study of PD modelling cellular composition,
but its findings are consistent with the aforementioned view. In the study by Nido et al.,
microglial and oligodendrocyte marker gene profiles were found increased in PD compared to
control after adjusting for experimental covariates [213], replicating the microglial result from
this chapter. As changes in cellular composition can also be inferred via pathway enrichments
in unadjusted bulk-tissue transcriptomic data, it is possible to draw on a wider set of studies
for evidence of replication. Indeed, an RNA-sequencing-based study of the posterior cingulate
cortex in PD and PDD (controls, n = 11; PD, n = 13; PDD, n = 10) found that genes overexpressed
in both disease states were associated with immune activation [263], which might indicate
increasing microglial proportions. Similarly, a transcriptomic study of the anterior cingulate
cortex in DLB (controls, n = 10; DLB, n = 8) found that downregulated differentially expressed
genes were associated with myelination [264], which could reflect a genuine downregulation of
the biological process or as observed in this chapter, a decreased proportion of oligodendrocytes.
However, inference via biological pathways is not clear cut, with another transcriptomic study of
the anterior cingulate cortex in PDD and DLB (controls, n = 7; PDD, n = 7; DLB, n = 6) showing
downregulation of several cytokine and chemokine genes, such as CXCL10, and CXCL11, and
a general absence of neuroinflammation [214]. Disagreement across studies might be due to
comparison of different brain regions and/or technical variations in grey/white matter introduced
by tissue sampling, suggesting that accounting for cellular composition could provide greater
consistency across studies.
The main aim of this chapter was to assess the impact of cellular composition on bulk-tissue
gene expression; however, it is worth mentioning the impact of RIN, which was found to be
significantly correlated with the first axis of gene expression variation. RIN was also found to
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be lower in PDD- and DLB-derived samples compared to control- and PD-derived samples,
mirroring observations from a study of gene expression in donors with and without AD [253].
Notably, the same study also demonstrated that lower RNA quality in AD donors was not related
to PMI, suggesting instead that the association of RIN with dementia may reflect antemortem
conditions, such as end-of-life conditions [253]. While information regarding end-of-life
conditions was not available for the cohort used in this chapter, it is noteworthy that PMI was not
significantly different between disease groups. Furthermore, the disease group with the lowest
median RIN (i.e. DLB) was also the disease group with the shortest disease duration and the
group that according to literature has an earlier mortality and a higher cost of care [210–212].
Together with the correlation of RIN and neuronal cell-type proportions, these findings highlight
the difficulty of studying gene expression in neurodegenerative disease, and the importance of
carefully accounting for these variables.
Accounting for cell-type proportions and experimental covariates in differential expression
analyses decreased the number of differentially expressed genes and pathways detected. This
likely reflects the reduction in statistical power that followed from modelling cellular composition, which meant reducing the number of degrees of freedom in an already small cohort.
In spite of this, clustering of samples by disease group was much clearer upon correction for
cellular composition and experimental covariates, suggesting that even after accounting for the
contribution of these confounders there are disease-related contributions to gene expression
variability to be found. Indeed, it was possible to detect differential expression of HLA-DQB1, a
gene whose expression and methylation has been causally linked to PD common variant risk
[13]. Furthermore, pathways relating to motile cilia were highlighted, with pathway enrichments
driven by the overlap of three genes, SPAG6, SPAG17 and ODF1. While expression of these
genes is reported to be low in brain tissues [153], with highest expression in testes, recent
research has shown that SPAG6 is important in the developing cerebral cortex, with roles in
neuronal migration and proliferation [265, 266], and more generally, is expressed in non-motile
ciliated tissues where it is thought to play a role in microtubule stabilisation [267]. Interestingly,
the paired single-nucleus RNA-sequencing from this chapter demonstrated that SPAG6 had
significantly decreased expression in excitatory cells from PDD cases compared to controls
(Control vs PDD, log2 (fold change) = -1.848058, FDR-adjusted p = 0.00088, LRT; analysis
performed by Miss Rahel Feleke), paralleling observations in bulk-tissue transcriptomic data
(Control vs PDD, log2 (fold change) = -1.531366, FDR-adjusted p = 0.03, Wald test). These
results suggest an emerging role of these genes in LBD, potentially beyond their currently
accepted role in motile cilia.
The findings and analyses presented within this chapter are based on deconvolution, which
has a number of limitations that complicate interpretation of its results. Firstly, while one of
the great strengths of this study was the paired single-nucleus and bulk-tissue sequencing data,
modelling bulk-tissue gene expression using nuclear expression also presents with challenges.
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For instance, using single-nucleus RNA-sequencing data as a reference (as opposed to singlecell data) was shown to decrease the performance of three deconvolution algorithms (Scaden,
CIBERSORTx and MuSiC) on post-mortem human brain data; of note, Scaden still performed
best out of the three [223]. Secondly, deconvolution outputs proportions and not absolute
numbers of cells, which in turn, are not entirely independent from each other, as changes in
one cell type can be accompanied by changes in other cell types. Finally, Scaden does not
model “cell size”, which reflects the average absolute RNA abundance across cell types, which
might be expected to vary by size and/or transcriptional activity. Thus, an increased proportion
of a cell type may reflect increased transcriptional activity or size, as opposed to increased
absolute numbers. This is particularly pertinent to the pericyte example, as pericytes can become
hypertrophic without increasing in number when exposed to microvascular stress [268]. Thus,
interpreting the output of deconvolution in a disease context should be done cautiously and
followed up by morphological studies of the pertinent cell types, ideally in the same cohort in
which transcriptomic analyses were performed.
In conclusion, these results confirm previous reports that transcriptomic studies of brain tissue
predominantly reflect changes in cellular composition and RNA quality and that adjustment for
these changes is necessary to reveal cell-specific disease-associated transcriptional changes. Of
course, adjusting for cellular composition provides no benefit in those situations where overall
transcriptional changes are a result of cell-specific transcriptional changes as well as changing
cell-type abundances; these situations require single cell resolution. A strength, therefore, of the
paired single-nucleus and bulk-tissue approach applied here is the ability to begin to unravel the
aforementioned situation. This approach also highlighted several disease-associated changes in
cellular composition, which have implications for our understanding of the Lewy body diseases
and the cell types underlying their pathophysiology.
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Chapter 4

Using splicing to inform
understanding of the Lewy body
diseases
4.1

Introduction

Alternative splicing is the process by which multiple mRNA transcripts can be generated from
a single gene, through the differential inclusion or exclusion of exons within a pre-mRNA
transcript. Depending on the regulatory sequences included in the mature mRNA transcript, the
resulting transcripts can be associated with varying mRNA stability, translational efficiency and
cellular localisation. For those transcripts that encode a protein product, alternative splicing may
result in the presence or absence of a protein domain, varying levels of expression and/or cellular
localisation or even the loss of a viable protein product, as in the case of nonsense-mediated decay
[269–272]. Importantly, alternative splicing can also impact cellular function without necessarily
impacting proteomic diversity. Indeed, most splicing that is differentially regulated across tissues
is depleted among exonic regions encoding major protein isoforms. Instead, it is enriched among
exonic regions encoding non-coding transcripts and minor protein isoforms, suggesting that
tissue-dependent splicing may be more important for post-transcriptional regulation, as opposed
to proteomic diversity [273]. With estimates that between 92-97 % of human multiexon genes
undergo alternative splicing [274, 275], it is clear that splicing represents an important layer of
gene regulation.
Alternative splicing is a tightly regulated process, involving a network of protein-RNA interactions between cis-acting RNA elements and trans-acting factors, such as RNA binding proteins
(RBPs), that bind to these cis elements [276, 277]. An estimated 692 and 122 RBPs bind to
mRNA and non-coding RNA (ncRNA) targets, respectively [278]. These proteins assemble
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in dynamic complexes, which often co-express to drive coordinated post-transcriptional gene
regulation. Given this complexity, it is unsurprising that disruption of splicing is a major contributor to disease, with estimates that between 15-60 % of hereditary disease-causing mutations
disrupt cis regulatory sequences [269, 271, 279]. Genetic variants that alter alternative splicing
(splicing QTLs) are also major contributors to complex disease, with effect sizes of similar or
even larger magnitude than eQTLs [101].
Several approaches exist to quantify transcriptome-wide alternative splicing. While highthroughput analysis of alternative splicing began with array-based technologies, these have
been superseded by RNA-sequencing-based technologies. This is reflected in the high number
of computational tools developed for quantification of alternative splicing using short-read
RNA-sequencing data [107, 280]. These tools can be roughly divided into transcript-based tools,
which estimate expression or relative usage of full-length transcripts [233, 281], and eventbased tools, which estimate relative usage of genic features, such as exons, introns or “splicing
events” [282–285]. Compared to transcript-based tools, event-based tools avoid the difficult
problem of inferring full-length transcripts from short RNA-sequencing reads by framing RNA
splicing in a more local context. That is, reads are aligned to specific exons or exon-exon
junctions (junction reads). The use of junction reads to quantify alternative splicing has become
increasingly popular in recent years as (i) they do not rely on transcriptome annotation, (ii)
there is little ambiguity about the genomic coordinates of the intron that has been removed,
and (iii) they can be used to quantify basic splicing events (e.g. exon skipping, alternative 3’/5’
splice sites, mutually exclusive exons) and complex splicing events (the latter account for ∼
30 % of observed transcriptome variations in humans) [283, 284]. Thus, junction reads are aptly
placed to identify splicing that may only occur in specific settings, as in disease-specific or
tissue-specific splicing [284].
In the human brain, alternative splicing is especially diverse [275, 286] and plays an important
role in neuronal development and maintenance [287]. As such, it has been implicated in both
neurodevelopmental and neurodegenerative disease [69, 101, 272, 288, 289]. In the Lewy body
diseases (LBDs), comprising Parkinson’s disease (PD), Parkinson’s disease with dementia
(PDD) and dementia with Lewy bodies (DLB), there is growing evidence implicating alternative
splicing in disease pathogenesis. Several mutations associated with monogenic forms of PD
overlap splice sites [289] and disease-associated alternative splicing has been reported for
SNCA and PRKN in PD and DLB [290]. Furthermore, in a transcriptome-wide association
study, several PD risk loci were shown to mediate their effects through RNA splicing, with two
prominent examples including MAPT and SNCA [69]. In spite of this, genome-wide assessment
of alternative splicing in the LBDs remains limited. Only one RNA-sequencing-based study
of alternative splicing in PD- and PDD-affected brain tissue has been published, with limited
release of the results [263]. In summary, there is currently a significant gap in our knowledge of
alternative splicing in LBDs.

116

4.2 Methods

4.1.1

Aims and objectives

Using bulk-tissue RNA-sequencing data derived from individuals with PD, PDD and DLB,
this study aims to assess alternative splicing in the LBDs, as well as potential downstream
consequences and upstream regulators. Samples used are the same as those in Chapter 3; that is,
they originate from the anterior cingulate cortex, which as previously mentioned, is a region
where Lewy body densities have been shown to correlate with cognitive impairment in PD
[127].

4.2

Methods

This chapter uses samples and RNA-sequencing data generated in Chapter 3. Please refer to
Section 3.2 for details of: sample selection, RNA isolation, bulk-tissue RNA-sequencing data
generation and processing, and initial processing of external datasets.

4.2.1

Differential splicing analysis

Leafcutter was used to assess differential splicing in anterior cingulate cortex samples [284]. It
was chosen on the basis that it is an event-based tool (for description of benefits, see Section
4.1). Leafcutter detects splicing variation using sequencing reads with a gapped alignment to the
genome (here, termed junction reads). Junction reads, which are presumed to represent intron
excision events, are used to quantify intron usage across samples without any reliance on existing
reference annotation. Leafcutter captures changes in local splicing events through construction
of intron clusters, wherein overlapping introns are connected by the splice junction(s) they share.
This permits identification of basic splicing events as well as more complex splicing events.
As input, splice junctions outputted by STAR (SJ.out.tab) were first filtered to remove
any regions that overlap ENCODE blacklist regions [237] (see Appendix A, Table A.1)
and thereafter converted to the .junc files used by Leafcutter for intron clustering. The
conversion was performed using custom R code (convert_STAR_SJ_to_junc() in https:
//github.com/RHReynolds/RNAseqProcessing). Intron clusters were defined using Leafcutter’s

leafcutter_cluster.py with thresholds ensuring that (i) introns supported by < 30 junction
reads across all 24 samples or < 0.1 % of the total number of junction read counts for the
entire cluster and (ii) introns of > 1 Mb were removed. This yielded a total of 43,544 clusters
encompassing 152,298 introns that were used for further analysis.
Differentially spliced (DS) clusters were identified in a pairwise manner, controlling for experimental variables, including cell-type proportions, using the top 4 PCs (identified using gene-level
expression in Section 3.2.12). Leafcutter models counts assigned to introns within an intron
cluster using a Dirichlet-multinomial distribution, a compound probability distribution wherein
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the Dirichlet distribution defines the probability density across each multinomial outcome (i.e.
the junction counts across introns within a cluster). To test for differential intron usage across
conditions, Leafcutter uses a generalised linear model and applies a likelihood ratio test (LRT)
to compare a null model excluding the variable of interest to an alternative model including the
variable of interest.
Clusters were annotated to genes using exon files generated from GRCh38 Ensembl v97 (with
the Leafcutter helper script gtf_to_exons.R). As per Leafcutter default filters, only introns
detected in ≥ 5 samples were tested and an intron cluster was only tested if detected in ≥ 3
individuals in each comparison group with an overall coverage of ≥ 20 junction reads. P-values
were FDR-adjusted for multiple testing and an intron cluster and its overlapping gene were
considered differentially spliced if (i) FDR < 0.05 and (ii) the intron cluster contained at least
one intron with an absolute delta percent-spliced-in value (|∆PSI|) ≥ 0.1. The latter filter was
applied to improve the specificity of Leafcutter, as demonstrated by the developers of a similar
event-based splicing-detection algorithm, MAJIQ [291].

4.2.2

Replication of differential splicing

Replication of differential splicing was performed using a second independent dataset (see
Section 3.2.10.1). Junction read counts were accessed from recount2, filtered to remove
any regions that overlapped ENCODE blacklist regions [237], and converted to .junc files.
Intron clustering (which yielded 37,021 clusters encompassing 128,800 introns) and differential
splicing were performed using the same parameters used in Section 4.2.1. As in the original study
[243], the final model for the replication dataset included disease group and the experimental
variables: age of death, RIN and post-mortem interval (PMI). In addition, cell-type proportions
for all cell types were included in the final model, as these were significantly correlated with
several of the top 8 PCs.
As intron cluster definitions are dataset-dependent, only those intron clusters that matched
exactly between the discovery and replication dataset were used for replication purposes. An
exact match was defined as an intron cluster that contained the same introns, as determined by
their splice donor and acceptor sites, across both datasets (Figure 4.1a). This yielded a total
of 13,433 exactly matching intron clusters, 824 of which passed FDR < 0.05 in the discovery
dataset. Unadjusted p-values in the replication dataset for these 824 overlapping clusters were
then FDR-adjusted, and any of the 824 that passed FDR < 0.05 in the replication dataset were
considered validated (Figure 4.1b). For gene-level analyses, only those validated intron clusters
with ≥ 1 intron that shared the same direction of effect across both datasets were carried forward.
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Figure 4.1 Defining replication across intron clusters and datasets. (a) Cluster definitions across
datasets may vary; thus, comparisons of cluster definitions between datasets can yield exact, partial or no
matches (no matches not illustrated). An exact match was defined as an intron cluster that contained the
same introns, as determined by their splice donor and acceptor sites, across both datasets. In replication
analyses, only exact matches between the in-house dataset and the replication dataset from recount2
(recount ID: SRP058181) were carried forward. (b) Contingency table of differential splicing in the
in-house bulk-tissue RNA-sequencing dataset and in the recount2 dataset, SRP058181. Only clusters that
matched exactly across the two datasets were used to construct the contingency table. This yielded a
total of 13,433 exactly matching intron clusters, 824 of which passed FDR < 0.05 in the in-house dataset.
Unadjusted p-values in the replication dataset for these 824 overlapping clusters were then FDR-adjusted,
and any of the 824 that passed FDR < 0.05 in the replication dataset were considered validated. For
gene-level analyses, only those validated intron clusters with ≥ 1 intron that shared the same direction of
effect across both datasets were carried forward.
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4.2.3
4.2.3.1

Gene set enrichment
Functional enrichment of differentially spliced genes

Gene set enrichment for Gene Ontology (GO) biological process, molecular function and cellular
component aspects was performed using clusterCompare() from clusterProfiler [292], which
permits GO enrichment analysis (based on a hypergeometric distribution) and comparison
across multiple gene lists. Two separate analyses were run using (i) all differentially spliced
genes (FDR-adjusted p < 0.05, |∆PSI| ≥ 0.1) across each pairwise comparison in the discovery
dataset and (ii) genes overlapping validated intron clusters with ≥ 1 intron that shared the same
direction of effect. In both analyses, FDR-correction was applied for multiple testing. GO terms
were filtered by size to include terms with ≥ 20 and ≤ 2000 genes. Highly similar significant
terms (FDR-adjusted p < 0.05) were removed with simplify() from clusterProfiler [292, 293],
using a graph-based measure of semantic similarity [294] (measure = Wang) and a similarity
cut-off of 0.4. The most significant term was then selected as the representative term.

4.2.3.2

Cell-type enrichment of differentially spliced genes

Expression-weighted cell-type enrichment [177] was used to determine whether differentially
spliced genes demonstrate higher expression in certain cell types than would be expected by
chance. EWCE requires two inputs: a gene list and a specificity matrix (containing gene
cell-type specificity values derived from single-cell/nucleus data). Two sets of gene lists were
run. The first set of gene lists included the top 100 differentially spliced genes (FDR-adjusted
p < 0.05, |∆PSI| ≥ 0.1, ranked by FDR-adjusted p-value) across each pairwise comparison in
the discovery dataset. In the case where a gene had multiple significant intron clusters, the
most significant cluster with the highest |∆PSI| was used for ranking. The second set of gene
lists included genes overlapping validated intron clusters with ≥ 1 intron that shared the same
direction of effect. Both sets of gene lists were run together with gene cell-type specificity values
separately derived from each disease group (generation of specificity matrices is described in
Section 3.2.9). For each combination of gene list and specificity matrix, 100,000 bootstrap
replicates were used. Transcript length and GC-content biases were controlled by selecting
bootstrap replicates with comparable properties to the target gene lists. Data are displayed as
standard deviations from the mean, which indicate the distance of the mean expression of the
target gene list from the mean expression of the bootstrap replicates.

4.2.4

Annotation of introns by splicing event

Introns within intron clusters were annotated using annotate_junc_ref() from the R package
Detecting Aberrant Splicing Events from RNA-sequencing (dasper) developed by Mr David
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Zhang in the Ryten lab (https://github.com/dzhang32/dasper; since use, the function has been
refactored and renamed to junction_annot()) [295]. This function categorises junction reads
(and the introns they represent) based on (i) whether the junction is present within the entire set
of annotated introns obtained using the refGenome package (https://github.com/cran/refGenome)
or (ii) whether both, one of, or neither the donor and acceptor splice site precisely overlap
the boundary of a known exon. For both checks, Ensembl v97 was used. When defining and
clustering introns, leafcutter_cluster.py adds 1 bp to the end of a junction read; thus, to
ensure optimal mapping to reference annotation, 1 bp was removed from all intron ends prior to
use of annotate_junc_ref() using custom code. Junctions were then classified into one of
the following categories of splicing event: annotated, novel exon skip, novel combination, novel
acceptor, novel donor, ambiguous gene and unannotated (“none”) (definitions are provided
in Figure 4.2). Junctions that mapped to more than one gene (“ambiguous gene”) were not
considered in downstream analyses.

4.2.5

Annotation of introns with UniProt features

Protein features from UniProt were extracted using the urlTracksUniprotKB() and

createGRangesUniprotKBtrack() functions from the R package, maser (https://github.com/
DiogoVeiga/maser) [296], which accesses UniProt genome annotations from the following
website: ftp://ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/genome_
annotation_tracks. A total of 25 tracks were accessed, which covered the following protein
feature categories: domains and sites, molecule processing, post-translational modifications,
structural features and topology. To calculate the proportion of DS introns that overlapped
a UniProt protein feature, DS introns were first overlapped with the genomic coordinates of
UniProt protein features. Provided the start and end coordinates of the DS intron fell within
the coordinates of at least one protein feature, this was considered an overlap. The number of
DS introns that overlapped at least one protein feature was then divided by the total number of
DS introns within a category of splicing event. Proportions were calculated separately for each
pairwise comparison.

4.2.6

Association of splicing event with disease

Introns within Leafcutter-defined intron clusters were annotated, as described in Section 4.2.4.
In each sample, the number of junction reads assigned to an intron was then summed across
each splicing event category and divided by the total mapped read count (as based on Salmon
quantification estimates, see Section 3.2.6.4) to obtain the proportion of mapped reads assigned
to each splicing event category. Multiple linear regression was used to determine whether there
was an association between the proportion of mapped reads assigned to each category of splicing
event and disease group. To control for experimental variables, including cell-type proportions,
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Figure 4.2 Annotation of splicing events. Schematic illustration of the different types of splicing
event. Junction reads used to define Leafcutter introns were annotated based on their relationship to the
annotated transcriptome (Ensembl v97). Here, the annotated transcriptome is illustrated by the grey-filled
boxes. Annotated junctions have donor and acceptor splice sites that match the boundaries of an existing
intron. Likewise, novel exon skip and novel combination junctions have donor and acceptor splice sites
that overlap known exon boundaries, but they represent introns which are not found in the set of annotated
introns. They are distinguished by whether or not their donor and acceptor splice sites overlap exons
derived from the same transcript. Novel donors and novel acceptors are junctions where only one end (3’
or 5’, respectively) matches the boundary of a known exon. All novel events are considered partially
annotated with respect to the reference transcriptome. Unannotated junctions (“None”) have neither end
overlapping a known exon.
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the top 4 PCs (identified using gene-level expression in Section 3.2.12) were included in
the linear model: proportion o f mapped reads ∼ disease group + PC1 + PC2 + PC3 + PC4.
Regression models were fitted separately for each category of splicing event.

4.2.7

Validation of differentially spliced introns in GTEx

Junction read counts from 99 GTEx-derived anterior cingulate cortex samples were accessed
from recount2 (recount accession ID: SRP012682; GTEx v6) [153, 244]. Paired-end 76-bp
sequencing was applied to each sample, with a mean depth of 94.5 million read pairs per sample.
All samples were of high quality with RIN values ranging from 5.5-8.9 and a median of 6.8.
A DS intron was considered “detected in a GTEx sample” if its donor and acceptor splice
sites precisely matched that of a junction with a count > 0 in a GTEx sample. Thereafter, two
proportions were calculated: (i) the proportion of DS introns not detected in a single GTEx
sample and (ii) the proportion of GTEx samples in which a DS intron was detected. The first
proportion was calculated separately for each pairwise comparison by dividing the number of
undetected DS introns by the total number of DS introns within a category of splicing event.
The second proportion was calculated separately for each DS intron in a pairwise comparison by
dividing the number of GTEx samples in which the DS intron was detected by the total number
of GTEx samples.

4.2.8

Visualisation of splicing

Percent-spliced-in (PSI) values were corrected for the same covariates used in differential
splicing analyses using the quantify_PSI.R script found within the psi_2019 branch of
Leafcutter. Intron clusters and overlapping protein features were visualised using a combination
of plot_sashimi() from the R package Detecting Aberrant Splicing Events from RNAsequencing (dasper, https://github.com/dzhang32/dasper) [295] and custom code.

4.2.9

RNA binding protein binding motif analysis

The ATtRact database and tools used in the following section were identified and implemented
with supervision from Dr Siddharth Sethi.

4.2.9.1

Generating sequences

Two sets of sequences were generated per pairwise comparison of disease to control samples.
These sets included all differentially spliced introns (FDR < 0.05, |∆PSI|) and non-differentially
spliced introns (FDR > 0.05), as defined by their 5’ and 3’ proximal intronic regions (500
nucleotides of proximal intron and 50 nucleotides of exon flanking the 5’ and 3’ splice sites). A
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5’ or 3’ splice site could be associated with more than one intron (e.g. in the case of two introns
with the same 5’ splice site, but varying 3’ splice sites), and thus could be associated with more
than one |∆PSI| value. In these cases, the highest |∆PSI| was assigned to the proximal intronic
region.

4.2.9.2

Determining density of RBP binding motifs

The position weight matrices (PWMs) of RBP binding motifs in humans were collected from
the ATtRACT database (v 0.99β ) [297]. Motifs less than 7 nucleotides in length and with a
quality score of less than 1 were removed to reduce false-positives in the motif matches (quality
score estimates the binding affinity between RBPs and binding sites). Furthermore, to remove
redundancy between multiple motifs for one RBP, the longest available motif was selected.
Finally, RBPs that had a median TPM of 0 in GTEx v8 anterior cingulate cortex samples were
removed (e.g. RBMY1A1) [153]. This resulted in 82 unique PWMs, which were used to
identify potential RBP binding (Appendix A, Table A.5). Find Individual Motif Occurrences
(FIMO, v 5.1.1) [298] was used with a uniform background to scan sequence sets for potential
RBP motif matches. For each RBP motif (r) and sequence (s) pair, a “normalised” enrichment
score was calculated, which corresponded to the number of significant motif matches (nr ) per
100 nucleotides of the queried sequence (Equation 4.1). Following this, a “total” enrichment
score for each sequence (s) was calculated by summing the “normalised” enrichment score
across all RBP motifs (Equation 4.2).
nr
lengths /100

(4.1)

∑ enrichment scorer,s

(4.2)

enrichment scorer,s =

∞

enrichment scores =

r=1

To determine the significance of a motif match, the FIMO manual suggests setting a p-value
threshold of p < 0.0001 when queried sequences are less than 1,000 nucleotides. While in
most cases, proximal intronic regions were 550 nucleotides, if an intron had a width ≤ 1,000
nucleotides, 5’ and 3’ proximal intronic regions were merged, resulting in a small proportion
of sequences that were slightly above 1,000 nucleotides (∼ 2 % of all sequences). To ensure
a theoretically equivalent p-value threshold was set irrespective of longer sequence length, a
p-value threshold of p < 0.0001 was use for sequences < 1,000 bp, while for those sequences ≥
1,000 bp, the threshold was calculated using the following formula:
p=

0.0001
lengths /1000
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4.2.9.3

Determining enrichment of RBP binding motifs

Analysis of Motif Enrichment (AME, v 5.1.1) [299] was used with default parameters to compare
enrichment of RBP binding motifs between differentially spliced and non-differentially spliced
proximal intronic regions. RBP binding motifs with an enrichment-optimised and Bonferroniadjusted p < 0.05 were considered to be significantly over-represented in differentially spliced
proximal intronic regions compared to non-differentially proximal intronic regions.

4.2.10

Code availability

Open source software is available for all tools used (see Appendix A, Table A.1).

4.2.11

Data availability

External data accessed and the source URLs are available in Appendix A, Table A.1.

4.3

Results

To study the dysregulation of splicing in the anterior cingulate cortex of LBD-affected individuals, several approaches were applied to bulk-tissue RNA-sequencing data generated in Chapter 3
(Figure 4.3; see Figure 3.3 for overview of entire study). Common to all approaches was (i) the
use of junction reads (sequencing reads with a gapped alignment to the genome) to define the
boundaries of an intron and (ii) the use of Leafcutter’s clustering algorithm to construct intron
clusters, wherein overlapping introns were connected by the splice junction(s) they share. Key
to the division of these approaches was whether or not an intron was differentially spliced and,
more generally, how an intron was annotated/represented, whether by the type of splicing event
it represented, the gene it overlapped, or its sequence.

4.3.1

Global splicing patterns are unchanged across Lewy body diseases

To determine whether LBDs were associated with changing global splicing patterns, all introns
within the intron clusters defined by Leafcutter were annotated with respect to the reference
transcriptome (Figure 4.2), and the proportion of mapped reads assigned to each category of
splicing event was modelled by disease. Irrespective of disease group, the highest proportion of
mapped reads was assigned to the annotated category (Figure 4.4a), while the lowest proportion
of mapped reads was assigned to the novel combination category. In general, the proportion
of mapped reads assigned to annotated and partially annotated events (which included all
“novel” events) was lowest in DLB compared to other groups, while the opposite was true for
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Figure 4.3 Overview of splicing analyses. Introns were clustered using Leafcutter, which groups
overlapping introns by the splice junction(s) they share. Introns within intron clusters were annotated by
the type of splicing event they represented and the proportion of mapped reads assigned to each event
were tested for an association with disease. Furthermore, intron clusters were subjected to differential
splicing analysis via Leafcutter. Results from differential splicing were annotated by gene and used in
downstream cell-type and pathway enrichment analyses. These findings were replicated using a second
independent dataset. Finally, splicing motif enrichment was performed for differentially spliced regions.

unannotated events. After accounting for experimental variables, including cellular composition,
only PDD was found to have a significantly increased proportion of mapped reads in the novel
combination category (p = 0.035, Student’s t-test), suggesting that global splicing patterns were
for the most part unaffected by disease.

4.3.2

Differential splicing is abundant across PD, PDD and DLB and is enriched
for genes highly expressed in oligodendrocytes

Leafcutter was used to assess differential splicing (DS) across pairwise comparisons, while accounting for cellular composition and experimental variables. A total of 4,551 DS intron clusters
in 3,684 genes (FDR < 0.05, |∆PSI| ≥ 0.1) were identified across all pairwise comparisons, with
the highest number identified in comparisons of DLB to PD or control (Figure 4.5a). Accounting
for cellular composition appeared to increase the discovery signal, with 3,454 DS intron clusters
in 2,883 genes identified when only accounting for the experimental variables, sex, RIN, and
age at death (as in Section 3.2.12). Between the two models, 1,459 genes overlapped.
Between 28-30 % of DS introns were partially annotated with respect to the Ensembl v97
reference transcriptome (Figure 4.5b). To determine whether DS introns were commonly
observed in unaffected control tissue, a reference set of 99 control anterior cingulate cortex
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Figure 4.4 Splicing events across the Lewy body diseases. (a) Proportion of mapped read count
assigned to each category of splicing event across samples derived from each disease group. Junction
counts for each category of splicing event were derived using Leafcutter’s intron clustering algorithm,
which identified a total of 43,544 clusters encompassing 152,298 introns. Mapped read count was based
on Salmon quantification estimates (see Section 3.2.6.4). The panel on the left shows a zoomed in
section of the panel on the right. (b) Plot of adjusted coefficient estimates for each variable in the linear
model, proportion o f mapped reads ∼ disease group + PC1 + PC2 + PC3 + PC4. Regression models
were fitted separately for each category of splicing event, as represented by the facets. Estimates and
tests for each coefficient were adjusted for all other coefficients in the model. Whiskers span the 95 %
confidence interval. ***, p < 0.001; **, p < 0.01; *, p < 0.05.
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samples derived from the GTEx project was used. Across comparisons, between 3.7-5.3 %
of all DS introns went entirely undetected in GTEx samples. Detection rates varied, however,
across different types of splicing event. Depending on the category of splicing event, anything
between 1.5-25 % of DS introns assigned to the category went entirely undetected in GTEx
samples (Figure 4.5c). This proportion was lowest for annotated and highest for unannotated
categories, as might be expected under the assumption that an event that does not exist in the
reference transcriptome remains unannotated by virtue of the low likelihood of detecting it. Of
those DS introns that were detected in GTEx samples, 50 % of annotated, partially annotated
and unannotated events were observed in greater than 85.9 %, 28.3 %, and 20.2 % of GTEx
samples, respectively (Figure 4.5d). Thus, despite the relatively high proportion of partially
annotated DS introns, the ability to detect these events in larger control cohorts suggested these
were biologically relevant splicing events.
DS intron clusters were annotated to genes using reference annotation, allowing use of genebased enrichment tests, such as cell-type and pathway enrichment analyses. Using expressionweighted cell-type enrichment (EWCE), DS genes showed a significant enrichment in oligodendrocytes across comparisons of all disease groups to the control group (i.e. these genes had
higher expression in oligodendrocytes than expected by chance), while DS gene enrichments
in other cell types appeared to be disease specific (FDR-adjusted p < 0.05, Figure 4.6a). For
example, only genes found DS in comparisons of PD to control enriched in astrocytes, while
only genes found DS in comparisons of DLB to control enriched in OPCs. Pathway enrichments
were primarily identified for DS genes from comparisons of DLB to control, PD and PDD
(FDR-adjusted p < 0.05, Figure 4.6b). Looking across pairwise comparisons, several patterns
emerged including: (i) the enrichment of pathways related to GTPase activity and/or binding
(e.g. regulation of GTPase activity, small GTPase binding, GTPase regulator activity, etc.)
using DS genes identified in comparisons of DLB to control and PDD; (ii) the enrichment
of pathways related to intracellular trafficking (e.g. post-Golgi vesicle-mediated transport,
transport vesicle, clathrin coat) using DS genes identified in comparisons of DLB to control
and PD; (iii) the enrichment of pathways related to neuronal organisation (e.g. postsynapse
organisation, regulation of synapse structure or activity, synapse organisation) using DS genes
identified in comparisons of DLB to PDD; (iv) and finally, the enrichment of pathways related
to mRNA processing (e.g. regulation of mRNA processing, spliceosomal complex) using DS
genes identified in comparisons of DLB to control.
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Figure 4.5 Annotation of differentially spliced introns. (a) Number of clusters that were successfully
tested and found DS following correction for cellular composition and experimental variables. (b)
Number of introns assigned to each category of splicing event as a proportion of all introns within the
subset of differentially spliced intron clusters (FDR < 0.05, |∆PSI| ≥ 0.1). The total number of introns in
each comparison is indicated in parentheses on the x-axis. (c) Number of DS introns that were undetected
in a GTEx sample as a proportion of all DS introns within a category of splicing event. (d) Number of
GTEx-derived anterior cingulate cortex (BA24) samples where a DS intron was detected as a proportion
of the total number of BA24 samples (n = 99). Proportions in (c) and (d) are ordered by median from
highest to lowest.
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Figure 4.6 Differential splicing across the Lewy body diseases. (a) Enrichment of the top 100 DS genes (FDR < 0.05, |∆PSI| ≥ 0.1, with rank determined by
|∆PSI|) in cell types derived from each disease group. Enrichments were determined using EWCE. The x-axis denotes the groups compared in the differential
splicing analysis, while the y-axis denotes the disease status of the cell type in question. Standard deviations from the mean indicate the distance (in standard
deviations) of the target list from the mean of the bootstrapped samples. Multiple test correction was performed across EWCE results using FDR. Non-significant
results (FDR > 0.05) were coloured white. ***, FDR < 0.001; **, FDR < 0.01; *, FDR < 0.05. (b) Gene ontology terms (grouped by sub-ontologies) associated with
all genes found DS across pairwise comparisons. The number of DS genes is indicated in parentheses on the x-axis. Size of dot indicates gene ratio, which is the
proportion of genes in the input list that are annotated to the pathway. Fill of dot indicates − log10 (FDR-adjusted p-value). BP = biological process; CC = cellular
component; MF = molecular function.
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Replication of differential splicing was performed using a second independent dataset (the
same external PD case-control bulk-tissue RNA-sequencing dataset used in the replication of
the deconvolution results; see Section 3.2.10.1). Only those intron clusters that were found to
exactly match between datasets were used for replication (n = 13,433 intron clusters). Of these,
824 and 767 were DS (in at least one pairwise comparison) in the in-house and the replication
dataset, respectively, with 71 shared between both (p = 0.00046; odds ratio = 1.61; 95 % CI =
1.23-2.09; Fisher’s exact test).
Cell-type and pathway enrichments were performed using genes containing a shared DS intron
cluster with at least 1 intron with the same direction of effect in both datasets (n unique =
18 genes, Table 4.1). Among cell-type enrichment tests, no gene sets passed FDR correction.
However, nominally significant enrichments were observed in oligodendrocytes and excitatory
neurons using genes found DS in PDD compared to control and PDD compared to PD, respectively (p < 0.05, Figure 4.7a), mirroring observations in the in-house dataset. Furthermore,
BCAS1, one of the validated DS genes (Table 4.1), was recently identified as a marker of
newly-formed, myelinating oligodendrocytes, which are found in foetal and early post-natal
human white matter and adult human cortical gray matter [300], underscoring the association
of oligodendrocytes with PDD. Among significant pathway enrichments, several were related
to some form of GTPase activity (e.g.regulation of GTPase activity, GTPase regulator activity;
Figure 4.7b), albeit in comparisons of PD to control; in the in-house dataset, these terms were
associated with DS genes in comparisons of DLB to control and PDD. Furthermore, vesiclerelated pathways were associated with DS genes in comparisons of PD to control; in the in-house
dataset, these comparable terms were associated with DS genes in comparisons of DLB to
control and PD. Together, these results highlight the abundance of differential splicing across all
three LBDs and the common involvement of genes highly expressed in oligodendrocytes. In
spite of this commonality, differential splicing in each of the three LBDs also appears sufficiently
distinct to warrant separation of the disorders.
Table 4.1 Table of validated differentially spliced genes. Differential splicing at gene-level was
considered validated provided intron clusters matched exactly between the in-house and replication
dataset, passed FDR < 0.05 in both datasets, and at least one intron in the cluster shared the same
direction of effect across both datasets.

Comparison

Genes

Control vs PD

ARHGAP9

Control vs PDD

ACTR8, ARHGEF1, BCAS1, LPIN1, POMT2, PRKAG1, RASGRF1,
RBM25

PD vs PDD

ARAP2, CAST, CCNL1, DLGAP1-AS4, DNAAF1, GOLGA4, RAB15,
RAD51C, SCMH1
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Figure 4.7 Cell-type and pathway enrichment analyses of validated differentially spliced genes. (a) Enrichment of validated DS genes in cell types derived
from each disease group. Enrichments were determined using EWCE. DS at a gene-level was considered validated provided intron clusters matched exactly between
the two datasets, passed FDR < 0.05 in both datasets, and at least one intron in the cluster shared the same direction of effect across both datasets. The x-axis
denotes the groups compared in the differential splicing analysis, while the y-axis denotes the disease status of the cell type in question. Standard deviations from
the mean indicate the distance (in standard deviations) of the target list from the mean of the bootstrapped samples. Multiple test correction was performed across
EWCE results using FDR. No results survived FDR correction (FDR < 0.05); displayed are unadjusted p-values. Results with unadjusted p > 0.05 were coloured
white. (b) Gene ontology terms (grouped by sub-ontologies) associated with validated DS genes; the number of DS genes is indicated in parentheses on the x-axis.
Size of dot indicates gene ratio, which is the proportion of genes in the input list that are annotated to the pathway. Fill of dot indicates − log10 (FDR-adjusted
p-value). BP = biological process; CC = cellular component; MF = molecular function.
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4.3.3

Identifying downstream consequences of differential splicing in the Lewy
body diseases

In an attempt to associate DS intron clusters with potential downstream functional consequences,
DS introns were overlapped with UniProt protein features. Across most categories of splicing
event, the proportion of DS introns overlapping a protein feature was higher than 50 %, the
exception being the categories, “novel combination” and “none”, suggesting that most DS intron
clusters represent splicing events that carry the potential to impact upon protein structure and/or
function (Figure 4.8). One notable example, which replicated across both datasets, involved
RBM25, which codes for a splicing factor shown to promote inclusion of alternative and weak
constitutive exons [301, 302]. A cluster in RBM25 containing 3 introns (2 annotated events,
denoted by A and B, and 1 novel combination event, denoted by C) was found to be significantly
DS between PDD cases and controls in both datasets. PDD cases showed increased use of
intron B and decreased use of intron A and intron C, suggesting increased use of longer RBM25
transcripts, such as ENST00000261973, ENST00000527432, and ENST00000528081, in PDD
cases compared to controls (Figure 4.9). While ENST00000528081 is thought to undergo
nonsense-mediated decay, both ENST00000261973 and ENST00000527432 are protein-coding
transcripts that overlap a region of RBM25 necessary for nuclear speckle localisation. Nuclear
speckles are predominantly known for their role in regulating availability of splicing factors,
although it has been suggested that they may also play a role in coordinating nuclear gene
expression regulation [303]. Thus, differential splicing at precisely this region of the RBM25
gene could affect protein localisation and downstream splicing of RBM25 targets. In the inhouse dataset, this intron cluster was also found differentially spliced in comparisons of DLB to
control, PD and PDD (Table 4.2). In all three pairwise comparisons, decreased use of intron B
and increased use of intron A and C was observed in DLB cases.
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Figure 4.8 Overlap of differentially spliced introns with UniProt protein features. Number of DS
introns that overlap at least one UniProt protein feature as a proportion of the total number of DS introns
within a category of splicing event. UniProt protein features included domains and sites, molecule
processing, post-translational modifications, structural features and topological features. Proportions
were calculated separately for each pairwise comparison.
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Figure 4.9 Aberrant splicing of RBM25 in Parkinson’s disease with dementia. (a) A significant DS intron cluster in RBM25 (in-house, clu_26788, FDR-adjusted
p = 0.00674; SRP058181, clu_12260, FDR-adjusted p = 0.0499), showing (i) increased usage of an annotated event (intron B) in PDD cases compared to controls
across both datasets and (ii) consistent usage of a novel combination event (intron C) in the control and PDD groups across both datasets. First four tracks display
the intron cluster, with covariate-adjusted median PSI levels for each intron, across the control and PDD groups in each dataset. The black arrows illustrate the
direction of transcription. The next four tracks show Ensembl transcripts, which introns within the cluster were annotated to, and the final three tracks show protein
features from UniProt which overlap the intron cluster. Protein features are labelled by the UniProt ID, the amino acids involved in the feature, and the name of the
feature. Furthermore, protein features are coloured by the category of feature they represent. (b) Boxplots of covariate-adjusted PSI per sample for all introns within
the DS intron cluster across disease group comparisons.
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Table 4.2 Table of remaining RBM25-associated differentially spliced intron clusters in the in-house dataset. Median PSI levels were calculated following
covariate adjustment. It is worth noting that Leafcutter estimates PSI levels in each group after fitting a Dirichlet-multinomial (DM) generalized linear model to test
for changes in intron usage across an entire cluster. Thus, PSI levels may vary for the same group across different pairwise comparisons and should not be compared
between pairwise comparisons. FDR values represent significance for the entire cluster in the pairwise comparison.

Using splicing to inform understanding of the Lewy body diseases

4.3 Results

4.3.4

Identifying upstream regulators of alternative splicing in the Lewy body
diseases

Identifying regulatory elements upstream of alternative splicing can provide additional disease
insight. In view of the abundant differential splicing identified in all three LBDs, an attempt was
made to identify RBP binding motifs in differentially spliced introns. Introns were defined by
their proximal intronic regions (the 50 nt of an exon and 500 nt of an intron flanking the 5’ and
3’ splice sites; Figure 4.10a). This is thought to be an important region for splicing regulation,
as reported in a recent study of RBPs and their RNA targets, where 130 RBPs were found to
bind within proximal intronic regions [304].
First, the binding density of 82 RBP binding motifs was assessed across proximal intronic regions
from differentially spliced (DS) and non-differentially spliced (non-DS) introns (see Section
4.2.9 for description of how these were generated). Across all three pairwise comparisons of
disease to control, DS proximal intronic regions had a significantly higher number of RBP
binding motifs per 100 nucleotides compared to non-DS proximal intronic regions (p < 2.2 x
10−16 , Kolmogorov-Smirnov test; Figure 4.10b), suggesting that RBPs may play a greater role
in regulation of DS proximal intronic regions. To determine whether the increased number of
RBP binding motifs in DS proximal intronic was driven by specific RBPs, Analysis of Motif
Enrichment (AME) was used to identify RBP binding motifs that were enriched in DS compared
to non-DS proximal intronic regions. This analysis identified one enriched RBP binding motif,
the consensus sequence GGGGGGG as targeted by HNRNPC, in DS proximal intronic regions
from comparisons of PDD cases to controls (adjusted p = 0.0195, Fisher’s exact test). Notably,
while this consensus sequence only appeared once in the list of 82 RBP binding motifs queried,
it is also a high-scoring binding motif for 16 other human RBP genes in the ATtRACT database
(Figure 4.10c). A number of these genes encode hnRNP proteins (e.g. FUS, genes with the
prefix HNRNP, PTBP1 and PCBP1-2), many of which have been linked to amyotrophic lateral
sclerosis and frontotemporal dementia [305–307]. Furthermore, RBM25 is also thought to bind
to poly(G) sequences, including GGGGGGG [301, 302], highlighting the promiscuity of RBP
binding motifs, which are often recognised by multiple RBPs [276].
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Figure 4.10 Density of RBP binding motifs in differentially spliced and non-differentially spliced
proximal intronic regions. (a) Schematic illustration of a 5’ and 3’ proximal intronic region. (b)
Cumulative distribution plot comparing the number of RBP binding motifs per 100 nucleotides in
differentially spliced (ds) and non-differentially (nonds) spliced proximal intronic regions. Cumulative
distribution plots describe the proportion of data (y-axis) less than or equal to a specified value (x-axis).
Dashed lines indicate the median value of each group. X-axis is log2-transformed. CDF, cumulative
distribution function. (c) Table of RBPs in the ATtRACT database with the consensus binding motif,
GGGGGGG; the number of motifs with a quality score of 1 associated with each RBP; and a column
indicating whether RBPs were associated with the GO term, RNA splicing (GO:0008380), and its
offspring terms.
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Discussion

In this study, alternative splicing was assessed in LBD-affected cortical samples, revealing an
abundance of differentially spliced intron clusters associated with all three LBDs. While a third
of introns within DS intron clusters were not found in the reference transcriptome, > 94 % of
DS introns were detected in tissue-matched GTEx samples, highlighting (i) the replicability
and potential biological relevance of these splicing events and (ii) the importance of using
annotation-agnostic methods in splicing quantification. A high proportion of annotated and
partially annotated DS introns were found to overlap protein features, suggestive of downstream
functional consequences. Furthermore, enrichment analyses using DS genes associated with
each of the three LBDs revealed shared cell-type associations, such as the differential splicing
of genes highly expressed in oligodendrocytes, as well as disease-specific cell-type and pathway
associations. Overall, these results show that alternative splicing is a prominent feature in PD,
PDD and DLB, which has not yet been fully explored.
Given the changes in cellular composition observed in Chapter 3, alternative splicing analyses
were performed correcting for cellular composition. Unlike differential gene expression, correcting for cellular composition appeared to increase the discovery signal in differential splicing
analyses. Of those genes identified before correction for cellular composition, 50.6 % overlapped
with genes identified after correction for cellular composition, suggesting that many splicing
events are not driven by differences in cellular composition. This mirrors observations from a
recent single cell long-read transcriptomic study of adult mouse hippocampus and prefrontal
cortex, which found that differential isoform usage between brain regions was primarily driven
by a single cell type that altered its splice variants or multiple/all cell types that altered their
splicing variants, while alterations due to changes in expression or cell-type abundance were
less common [308].
Pathways highlighted by differential splicing were distinct from those identified by differential
gene expression in Chapter 3, which makes sense given the observation above that splicing
was not driven by changes in cellular composition in the same way gene expression was. Of
note, pathways relating to GTPase activity and its regulation (e.g. GTPase regulator activity,
guanyl-nucleotide exchange factor activity) were enriched in initial and replication analyses. In
initial analyses, these terms associated with DS genes from comparisons of DLB to control and
PDD, while in replication analyses they associated with validated DS genes from comparisons
of PD to control. GTPases and their regulators (i.e. guanine nucleotide exchange factors [GEFs]
and GTPase activating proteins [GAPs]) are involved in several cellular processes that have been
implicated in PD, such as clearance of Golgi-derived vesicles through the autophagy-lysosome
system, mitochondrial fission and fusion, and p38 MAPK signalling [309–311]. Furthermore,
several PD-implicated genes harbour GTPase activity [309, 310], including LRRK2 (mutations
in LRRK2 are the most common cause of monogenic PD [50]), RAB29 and RIT2 (both of which
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were highlighted in the latest PD GWAS [13]). Thus, these pathway enrichments add to a
growing body of evidence implicating GTPases and their regulators in PD pathogenesis, and
suggest that differential splicing of them may also be involved in the pathogenesis of PDD and
DLB.
Notably, global splicing patterns, as assessed by the proportion of mapped reads assigned to
annotated, partially annotated and unannotated splicing events, largely did not associate with
disease. This might indicate that disease-related perturbations in splicing were not due to failure
of the core splicing machinery, although additional work would be required to confirm this. The
only exception was PDD, which was associated with a significantly increased proportion of
mapped reads in the novel combination category. Given the association of PDD with only one
category of splicing event, this could indicate the gain or loss of specific trans-acting splicing
factors. Indeed, in the only other RNA-sequencing based study of splicing in PD- and PDDaffected cortical tissue, alternative splicing of a pre-mRNA splicing coactivator, SRRM1, was
observed in patients with PDD; the event resulted in preferential exclusion of an exon encoding
nuclear speckle localisation [263]. In the present study, differential splicing of RBM25, a
splicing factor shown to promote inclusion of alternative and weak constitutive exons [301, 302],
was observed in PDD cases compared to controls and replicated in a second independent dataset.
As with SRRM1, alternative splicing of RBM25 overlapped a region necessary for localisation
of the protein to nuclear speckles. Interestingly, a comparison of RBP binding motif enrichment
in DS compared with non-DS proximal intronic regions, revealed a significant enrichment of
the binding motif GGGGGGG in DS proximal intronic regions from comparisons of PDD
cases to controls. This poly(G) motif is a binding motif for several human RBPs, including
RBM25 [301, 302], and many of these RBPs have been linked to amyotrophic lateral sclerosis
and frontotemporal dementia [305–307]. While these results are purely observational, it is
conceivable that they could also be mechanistically linked, and together, they hint at a diseasespecific involvement of trans-acting splicing factors, which themselves may be alternatively
spliced, in PDD.
There are several limitations to this work that highlight areas for future work. These limitations
can be broadly grouped into those related to the choice of splicing tool and those related to motif
enrichment analyses. Starting with the splicing tool used, Leafcutter, while one of its strengths
is its annotation-agnostic approach, this approach does not permit modelling of intron retention,
which has been shown to be widespread across tissues, including brain tissue [283, 291]. Future
work should aim to assess the extent of intron retention across the LBDs. Second, global splicing
patterns were determined by calculating the proportion of mapped reads assigned to annotated,
partially annotated and unannotated splicing events, the assumption being that a dysregulation
of the core splicing machinery would result in an overall increased use of partially annotated
and unannotated events. This does not, however, provide any measure of the complexity of
splicing that is occurring; that is, whether intron clusters represent basic or complex splicing
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events. Indeed, splicing complexity has been shown to increase in diseases such as Alzheimer’s
disease [283] and hepatocellular carcinoma [285], and is thought to signal a loss of overall
splicing fidelity. Given the enrichment of pathways related to mRNA processing using DS genes
from DLB comparisons to control, it is conceivable that splicing complexity may be altered in
some LBDs. Thus, quantifying this complexity in the LBDs using a measure such as entropy,
which summarises the total number of outcomes in a splicing event and their proportional
contribution to the transcriptome [285], will provide a richer understanding of global splicing
patterns. Finally, while the use of junction reads and intron clusters provides a clear view of the
introns that have been removed and enables annotation-agnostic quantification, interpretation of
the downstream consequences of differential intron usage is complicated by the difficulty of
mapping these local events to full-length transcripts, particularly when one cluster may overlap
several annotated transcripts. It is expected that long-read RNA-sequencing will be instrumental
in resolving this issue [271, 284].
Turning to motif enrichment analyses, filtering of the ATtRACT database on the basis of motif
length and binding affinity was performed to reduce false-positives; however, this also led to the
selection of longer motifs (i.e. length ≥ 7 nucleotides). While RBP RNA binding domains are
capable of binding longer motifs, many of these domains are also known to bind shorter motifs
(3-5 nucleotides in length). In view of this, it would be informative to re-run motif enrichment
analyses with consecutively shorter poly(G) sequences to determine the minimum length the
poly(G) motif identified in DS proximal intronic regions has to be in order to see a significant
enrichment. A common feature of RBPs is also the presence of multiple RNA binding domains
[278], which are thought to interact with repeating motifs spaced apart on pre-mRNA transcripts
[302, 312]; this feature is not captured in the current analysis. In addition, motif enrichment
analyses do not account for sequence context (e.g. flanking nucleotide composition, repeated
motifs, RNA structure) and thus cannot distinguish between RBPs that bind similar motifs [302].
Given the promiscuity of the poly(G) sequence enriched in DS proximal intronic regions, further
analysis of contextual features might help to narrow the scope of possible RBPs involved prior
to validation with a targeted wet-lab approach, such as CLIP-seq or a variant thereof [313].
In summary, this study provides much-needed insight into the landscape of alternative splicing
in PD, PDD and DLB, while also broadening it beyond current annotation. Alternative splicing
was found to be a prominent feature in all three LBDs, with potential downstream consequences
for the proteome. Furthermore, alternative splicing implicated pathways and cell types that gene
expression analyses from Chapter 3 did not (e.g. regulation of GTPase activity and excitatory
neurons), emphasising the additional information captured by consideration of this layer of
molecular resolution. Finally, this study illustrates the commonalities and differences between
the three LBDs in terms of associated pathways, cell types, and upstream regulators of splicing,
observations that can be used to begin building a biological basis on which to distinguish these
disorders.
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Chapter 5

Conclusions and future directions
Neurodegenerative diseases are common and debilitating causes of morbidity and mortality in
the UK, and with an ageing population, their prevalence is set to increase in the coming years.
Treatments that could delay onset and/or slow progression of neurodegenerative diseases could
significantly improve patient quality of life and, in parallel, reduce the economic and societal
cost. To develop such treatments requires knowledge of the genes, cell types and biological
pathways that contribute to disease risk and progression. These are, of course, three inextricably
linked concepts, with cell-type identity defined by spatial and temporal gene expression and
pathway activity. Thus, while the focus of this thesis was to address gaps in our knowledge
of the cell types involved in sporadic PD risk and progression, it is important to note that this
was primarily achieved through the lens of gene expression and its regulation. Furthermore,
due to the overlap between PD, PDD and DLB, consideration of all three diseases was deemed
necessary.
Within each data chapter (Chapter 2-4) there is already a discussion of the chapter’s findings. Of
note, Chapter 2 was written in the context of available data and research at the time the chapter’s
analyses were conducted and accepted for publication (i.e. October 2017-February 2019). With
the rapidly expanding nature of functional genomic annotations, there have been more recent
attempts to link common-variant PD risk to brain-relevant cell types, which require discussion.
This update will be provided together with the findings of this thesis in the context of an overall
discussion of: (i) whether PD, PDD and DLB can be attributed to a cell type and (ii) whether
PD, PDD and DLB should be thought of as a continuous disease spectrum or distinct diseases.

5.1

Can Lewy body diseases be attributed to a cell type?

The most direct attempt to answer this question was performed in Chapter 2, wherein stratified
LDSC and EWCE were used to connect common-variant PD genetic findings to specific brain
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cell types. PD heritability was not found significantly enriched in any of the tested braintissue-specific or brain-related cell-type-specific annotations. This overall lack of enrichment in
cell-type-specific annotations stands in contrast to three recent studies, which have similarly
attempted to link common-variant PD genetic findings to cell types, using polygenic risk score
(PRS) analyses [311] or a combination of MAGMA and stratified LDSC [314, 315] together
with several mouse and human gene-expression-derived cell-type-specific annotations. Across
all three studies, PD risk was found to be associated with various annotations attempting to
capture dopaminergic neurons (embryonic mouse dopaminergic neurons [311]; adult mouse
dopaminergic neurons [314]; and adult human dopaminergic neurons [315]). In addition, PD
risk was also found associated with mouse [314] and human oligodendrocyte-specific gene
expression [315]. Notably, the association of PD risk with human oligodendrocyte-specific gene
expression was only observed when using gene expression derived from the substantia nigra and
not from the cortex (middle temporal gyrus) [315]. Finally, among human cell types, PD risk
was found to be associated with genes highly expressed in cortex-derived excitatory neurons.
However, a joint analysis mapping PD risk to gene expression profiles from both cortex-derived
excitatory neurons and nigral dopaminergic neurons found that the two cell types were not
independently associated with PD; that is the fraction of PD risk mapping to these two cell types
was indistinguishable. [315].
There are several possible reasons for these differences, including: (i) the type of commonvariant genetic data used (individual-level genotyping [311] vs summary statistics [314, 315]);
(ii) the version of the common-variant genetic data used; (iii) the datasets used to define cell-typespecific gene expression, with the single-nucleus atlas of human substantia nigra perhaps the
most notable among these [315]; (iv) the manner in which the cell-type-specific gene expression
was defined (e.g. t-statistic [315] vs specificity [311, 314], exclusion of non-coding protein
genes [314], etc.); and (v) the methods used, including details such as the multiple-testing
strategies chosen and the significance thresholds applied. For example, Agarwal et al. corrected
for multiple testing using the Bonferroni correction (as performed in Chapter 2), but only
corrected for the number of cell types, as opposed to the number of cell types and traits tested
(as in Chapter 2), resulting in a more lenient significance cut-off. If cut-offs for Bonferroni
significance in Chapter 2 were altered such that they only corrected for the number of cell types
tested, the following annotations would be considered significantly enriched with PD heritability:
(i) the top 10 % of genes expressed in the substantia nigra; (ii) the top 10 % of genes expressed
in immunopanned OPCs; and (iii) open chromatin peaks specific to excitatory neurons (Table
5.1). It is likely that a combination of all of the above resulted in the observed differences;
to determine which of these was the biggest contributing factor would, however, require a
more systematic analysis, which is beyond the scope of this thesis. Viewed independently,
the associations within each study are weak, but collectively, there is mounting evidence to
cautiously suggest an association of common-variant PD risk with dopaminergic/excitatory
neurons and oligodendrocytes/OPCs.
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Table 5.1 Effect of varying significance thresholds on PD heritability enrichments in Chapter 2. Cut-offs for Bonferroni significance from Chapter 2 were
determined using two approaches: (i) the more stringent approach of correcting for the number of annotations and traits tested (as originally done in Chapter 2); or
(ii) the more lenient approach of correcting only for the number of annotations tested (as in the study by Agarwal et al.). Nominal enrichments from Chapter 2 were
found to be significant when using the more lenient approach.
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Conclusions and future directions
In parallel, there is also mounting evidence to suggest an association of common-variant PD
risk in biological pathways that are ubiquitous across cell types. Indeed, in this thesis, PD
heritability was found enriched in a lysosomal gene set. While lysosomal genes were found
to be more highly expressed than expected in astrocytic, microglial, and oligodendrocyte cell
subtypes, they were also ubiquitously expressed across all cellular subtypes. This finding has
since been replicated in a large-scale PRS-based assessment of 2,199 gene sets, which nominated
46 pathways associated with common-variant PD risk, one of which was the lysosomal pathway
[311]. Other pathways highlighted include those related to protein misfolding and aggregation,
post-translational protein modification, membrane and intracellular trafficking (e.g. clathrinmediated endocytosis and vesicle-mediated transport), lipid metabolism, synaptic transmission,
and signal transduction (e.g. GPCR and MAPK signalling), many of which might be expected
to be ubiquitous in expression.
Of course, cell types and biological pathways are not mutually exclusive. Thus, to determine
the convergence of common-variant PD risk with cell types and biological pathways, Agarwal
et al. applied MAGMA to cell-type-specific protein-protein interaction (PPI) networks derived
from their human single-nucleus atlas of the substantia nigra [315]. PPI networks were “celltype-specific” by virtue of them being constructed using only genes whose expression was
considered to be cell-type specific (i.e. the 10 % of genes with the highest t-statistic in a
given cell type). PD risk was found to be associated with two dopaminergic PPI modules
enriched for biological pathways related to macroautophagy, proteolysis, clathrin-mediated
endocytosis, vesicle-mediated transport and mitochondrial functioning [315]. Furthermore, PD
risk associated with an oligodendrocyte PPI module enriched for terms related to metabolic
processes, gene regulation, intracellular signal transduction, protein phosphorylation and nervous
system development, and an OPC PPI module enriched for metabolic processes, gene regulation
and cell differentiation [315]. Many of these pathways overlap with those identified by PRS,
highlighting the value of a pathway-based approach. More broadly, the approach adopted by
Agarwal et al. (i.e. intersecting cell-type-specific PPI networks, as defined by gene expression,
with biological pathway enrichments) emphasises the importance of integrating analyses across
multiple measures of a cell phenotype in attempts to pinpoint disease risk.
The value of using different molecular phenotypes to capture cell type associations with disease
was similarly highlighted by gene expression and splicing analyses of PD, PDD and DLB in
Chapter 3-4. While it was not possible to link these analyses with common-variant genetic
studies of PDD and DLB (as GWASs are currently underpowered), they nevertheless highlighted
a number of cell types associated with the LBDs. In particular, case-control comparisons of
relative cell-type proportions highlighted an increased proportion of microglial and vascular
cells in all three LBDs, in addition to an increased proportion of OPCs in DLB. Meanwhile,
genes found DS across all three LBD case-control comparisons were more highly expressed in
oligodendrocytes than would be expected by chance, a result which not only supports the genetic

146

5.1 Can Lewy body diseases be attributed to a cell type?
evidence indicating oligodendrocyte involvement in PD, but also suggests oligodendrocytes play
a role in PDD and DLB. Additional splicing-derived cell-type associations were derived from
comparisons of PD and DLB to control, with DS genes from PD-control comparisons primarily
enriched in astrocytes, while DS genes from DLB-control comparisons enriched in excitatory
neurons, inhibitory neurons, and OPCs. It is worth noting that these two molecular phenotypes
capture different layers of cell-type “information”, with relative cell-type proportions capturing
disease-associated changes in cellular composition, while DS gene enrichments across cell
types were an attempt to capture disease-associated changes in cell-type transcriptomic identity.
With this in mind, the limited overlap in disease-associated cell types across each molecular
phenotype is less surprising, and suggests that each phenotype offers unique information about
cell-type involvement in disease.
In summary, the findings of this thesis together with recent studies, indicate that PD, PDD
and DLB are associated not just with one, but several cell types, including neuronal, glial and
vascular cell types. Among those implicated, the greatest burden of evidence appears to lie
with dopaminergic/excitatory neurons and oligodendrocytes, with indications that this might be
linked to several biological pathways, such as macroautophagy (within which lysosomes are an
an important component), signal transduction through GPCRs and MAPK signalling (wherein
GTPases are important players), intracellular trafficking and lipid metabolism. What is particularly striking about these results is the variety of cell types and biological pathways implicated
for diseases wherein the focus has traditionally been neurons. The findings herein also highlight
the value of interrogating multiple molecular phenotypes to capture cell type associations with
disease. Importantly, this value extends beyond the current application, as demonstrated by
recent work from the PsychENCODE Consortium, wherein a deep-learning model that included
multiple molecular phenotypes (such as cell-type proportions, gene expression and chromatin
state) as intermediate layers was found to outperform methods based purely on genetic data (i.e.
polygenic risk scores) in prediction of psychiatric disease risk [117].
As our understanding of cell-type contributions to disease risk, onset and progression improves,
an important question that remains unanswered is: what molecular phenotype(s) of a cell type
best predict a disease state? If we imagine that cells lie somewhere in a multidimensional
representation of “cell space”, with cell types defined by the proximity of cells within that space,
the assumption is that cells derived from disease will map onto this space differently from control
samples. These differences could, for example, arise from changes in cell-type proportions
or altered cellular processes in one or more cell types. With the knowledge of how diseased
cells map differently to healthy cells, disease-modifying therapies could plausibly be those that
attempt to shift the profile of a diseased cell back to that of a healthy cell. However, this depends
entirely on our ability to map the impact of disease on “cell space”. There may be cases where
the molecular phenotype used to create “cell space” does not capture all disease-associated
changes (e.g. gene-level expression will not capture isoform switching). An answer to the
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question of which molecular phenotype(s) best predict a disease state could help deliver on the
promise of disease-modifying therapies, provided we were able to take advantage of distinct
cell-type phenotypes.

5.2

Lewy body diseases: a continuous disease spectrum or discrete
diseases?

The question of whether the LBDs are distinct diseases or are overlapping conditions arising
from the same spectrum is a controversial topic, with implications for diagnosis and prognosis
[29–32]. Clinically, many symptoms of LBD (e.g. dementia, depression, parkinsonism, REM
sleep behaviour disorder and visual disturbances) are common to both PD and DLB. In spite of
this, they are separated on the basis of two out of many overlapping symptoms (i.e. motor and
cognitive impairment). Critical to this separation is the idea that parkinsonism only appears at
end-stage DLB, while cognitive impairment and eventual PDD only appear at end-stage PD.
However, there is evidence to suggest that not only is the risk of dementia unchanged over time
in PD, but cognitive impairment is common at all stages of PD [30], with cognitive changes
even apparent in individuals at risk of PD [316]. Furthermore, parkinsonism is considered one
of the core diagnostic criteria for a DLB diagnosis and indeed, many DLB patients present with
parkinsonism within two years of disease onset [30]. For this reason, Postuma et al. have argued
that this separation is more likely a reflection of the “arbitrary structure of medical systems” and
how knowledge has advanced, as opposed to a genuine mutual exclusivity [30].
Arguably, two of the core clinical features of DLB, fluctuating cognition and visual hallucinations, are more prevalent in DLB compared to PD/PDD [317, 318]. Furthermore, loss of
grey matter in limbic regions, such as the anterior cingulate gyrus, was found to correlate with
attentional impairment (i.e. fluctuating cognition) in DLB, but not PDD [319]. Such differences
hint at two separate disorders. Equally, this could be evidence that DLB represents a more severe
form of PDD. This is supported by neuropathological observations, wherein the prevalence
and severity of amyloid-β pathology was found to be highest in DLB, less in PDD and least in
PD [44, 45, 48]. This mirrors observations by Irwin et al. that found as levels of Alzheimer’s
disease (AD) pathology increased so did the number of patients with a clinical diagnosis of DLB
(as opposed to PDD) [49]. Importantly, when patients were divided into groups based on AD
pathology, there was no clear delineation between AD groups based on the diagnosis-defining
motor-dementia interval (i.e. the “1-year rule”) [49]. Thus, while DLB may tend to present with
more severe AD pathology there is still a considerable overlap with PDD.
In support of the notion that PD, PDD and DLB present on a continuous spectrum is the common
increase in microglial and vascular cell proportions observed across all three diseases in Chapter
3 (Figure 3.10). Interestingly, in the case of vascular cells, this presented as an almost stepwise
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increase from PD to PDD to DLB. Other observed commonalities include the enrichment of DS
genes from case-control comparisons across all three LBDs in oligodendrocytes (Figure 4.6).
As one might expect from a continuum, differences were also observed across the three diseases.
For example, OPCs were almost exclusively associated with DLB in case-control comparisons,
with significantly increased OPC proportions only observed in DLB and only genes found DS in
comparisons of DLB to control enriched in OPCs. In addition, PDD was the only LBD wherein
an enriched RBP binding motif was identified in DS proximal intronic regions.
There are, of course, limitations to this study of the LBDs, with the most significant being (i)
the study of one brain region in diseases that gradually affect multiple brain regions and (ii)
the small cohort used. While this is, to my knowledge, the largest transcriptomic study of all
three LBDs, and the first to profile gene expression and alternative splicing while accounting
for cellular composition, its sample size pales in comparison to the study of neurodegenerative
diseases such as AD, with resources such as ROSMAP (RNA-sequencing from the dorsolateral
prefrontal cortex of 201 control individuals and 423 individuals with MCI or AD) [245] and
the Mount Sinai Brain Bank study (RNA-sequencing from four brain regions of 364 control,
MCI or AD individuals) [320]. The LBD field has a long way to go before reaching cohorts
of this magnitude with comparable coverage of brain regions, and indeed, the work herein can
only be said to scratch the surface of the biological underpinnings of the LBDs. With that said,
all resources must begin somewhere, and the annotations generated herein will undoubtedly
be valuable in the continuing assessment of whether PD, PDD, DLB represent a continuous
spectrum or discrete diseases.
It will be important for future LBD transcriptomic resources to extend beyond the current
assessment of the anterior cingulate cortex to other implicated brain regions, particularly those
regions where the prevalence and severity of α-synuclein or amyloid-β pathology differs
significantly between all three LBDs (e.g. the striatum or the temporal cortex [45, 47, 48]). This
is especially relevant given that several cell types, including neurons, astrocytes and ependymal
cells, show region-specific patterns of gene expression (a specificity that is thought to reflect
their developmental history) [113]. Furthermore, as single-cell transcriptomics improves our
knowledge of molecular cell types in disease, it will be important to relate these molecularlydefined cell types back to their morphological and spatial phenotypes (e.g. where molecularlydefined cell types are located in relation to neuropathology); the emerging field of spatial
transcriptomics will be instrumental in this process [321].
To conclude, there is mounting evidence to suggest that PD, PDD and DLB exist on a continuum
of LBDs. At present, the two dementias, PDD and DLB, (arguably, the most contentious of the
three LBDs) are distinguished primarily on the relative timing of dementia and parkinsonism
onset. While neuropathological differences exist, they appear insufficient to distinguish between
the two disorders. The findings of this thesis, which might be considered a form of molecular
neuropathology, indicate that there are some distinguishing differences to be found, especially
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in terms of alternative splicing, but these too provide insufficient grounds on which to separate
PDD and DLB. Indeed, for these to be considered discrete diseases would require that they
present with two unique pathogenic processes, which as of yet does not appear to be the case.
Nevertheless, as argued by Jellinger et al., the broad use of the term DLB is also evidence of its
clinical utility, in its differential diagnosis of cases that present primarily with cognitive decline
[322]. Given the prevalence of dementia in the LBDs, determining the biological factors that
contribute to dementia onset and progression could help develop disease-modifying therapies,
with the potential to deliver major improvements to the quality of life of LBD patients.

5.3

Concluding remarks

Three years ago marked the passing of 200 years since James Parkinson’s “Essay on the Shaking
Palsy”. To mark this occasion, The Journal of Parkinson’s disease published a special issue
highlighting the most important advances in PD research to date, and one year later published a
series of forward-looking short essays discussing the future of PD research over the next twenty
years [323]. Among these was an essay predicting that the currently accepted view of PD as
“clinically and biologically heterogeneous but ultimately a single, relatively scripted disease
entity” will shift to one in which PD is viewed as “a collection of biological entities” [324].
In the same way that cancers are now subdivided and treated based on molecular biological
markers, Espay et al. argue that PD cohorts will be defined by biomarkers that reflect pathogenic
mechanisms, as opposed to broad clinical classifications. There is growing recognition in the
field of neurodegenerative disease that not only do patients often have multiple neuropathologies,
but control individuals may also harbour neuropathology [11, 44]. As such, arguments have been
made that in addition to case-control GWASs, deeply-phenotyped population-based GWASs are
required [11, 324]. Given the clinical, genetic and neuropathologic overlap of PD, PDD and
DLB, it is precisely this sort of “wider” approach that is needed to deepen our understanding of
their pathophysiology. Of course, population-based cohorts are not built overnight; however,
in the short-to-intermediate term, genetic data has already been collected in a number of
PD, LB dementia and DLB GWASs [13, 59–61]. Where possible, this could be paired with
neuropathological measures to generate a cross-disorder GWAS based on end-stage pathology,
as opposed to clinical diagnosis. In the longer term, this sort of approach will require a pooling
of resources, collaboration across disorders and funding structures to incentivise this. In many
ways, the field of PD research is already primed. In the last ten years, the field has seen
phenomenal efforts to collaborate internationally, resulting in achievements such as the latest
PD GWAS and PD AOO GWAS [19]. Furthermore, initiatives like the Aligning Science Across
Parkinson’s have emerged, which aim to support meaningful collaboration, generation of large
data resources and “democratisation” of data [325]. Now, all that is needed is for these initiatives
to cross the current separation of disease, as based on clinical diagnosis.
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Table A.1 Table of deposited data and tools used throughout this thesis.

Description

URL

Deposited data
ATtRACT database

https://attract.cnic.es/index

Barres immunopanning

http://www.brainrnaseq.org/

Cell-type markers for identification of

http://resource.psychencode.org/;

snRNA-sequencing clusters

21_Single_cell_markergenes_UMI.xlsx

file = DER-

dbSNP Build 144 (Homo sapiens, https://bioconductor.org/packages/release/data/
GRCh37)

annotation/html/SNPlocs.Hsapiens.dbSNP144.
GRCh37.html

ENCODE blacklist regions

https://github.com/Boyle-Lab/Blacklist/blob/
master/lists/hg38-blacklist.v2.bed.gz

Ensembl GRCh38 Ensembl v97

ftp://ftp.ensembl.org/pub/release-97/gtf/homo_
sapiens/Homo_sapiens.GRCh38.97.gtf.gz

Finucane GTEx annotations

https://alkesgroup.broadinstitute.org/LDSCORE/
LDSC_SEG_ldscores/

GTEx portal

https://www.gtexportal.org/

LDSC baseline annotations

https://data.broadinstitute.org/alkesgroup/
LDSCORE/

Linnarsson single-cell RNA-sequencing

http://mousebrain.org/
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Description

URL

MitoCarta

https://www.broadinstitute.org/
scientific-community/science/programs/
metabolic-disease-program/publications/mitocarta/
mitocarta-in-0

Recount2

https://jhubiostatistics.shinyapps.io/recount/

ROSMAP clinial metadata

https://www.synapse.org/#!Synapse:syn3191087

ROSMAP biospecimen metadata

https://www.synapse.org/#!Synapse:syn21323366

ROSMAP RNA-seq assay data

https://www.synapse.org/#!Synapse:syn21088596

ROSMAP IHC fractions

https://figshare.com/articles/Publication_Figures/
8234030; file path: /paper_data_v3/figures/

figure3/rosmap_deconvolution/rosmap_
fractions_IHC.txt
SCZ GWAS summary statistics

https://www.med.unc.edu/pgc/
results-and-downloads

The Human Lysosome Gene Database

http://lysosome.unipg.it/

Tools
Analysis of Motif Enrichment (AME)

http://meme-suite.org/doc/ame.html?man_type=
web

biomaRt

https://www.bioconductor.org/packages/release/
bioc/html/biomaRt.html

Bulk-tissue RNA-sequencing pipeline

https://github.com/RHReynolds/RNAseqProcessing

Cell Ranger

https://support.10xgenomics.com/
single-cell-gene-expression/software/pipelines/
latest/installation

CoExpNets

https://github.com/juanbot/CoExpNets

Conos

https://github.com/kharchenkolab/conos

clusterProfiler

https://github.com/YuLab-SMU/clusterProfiler

DESeq2

https://github.com/mikelove/DESeq2

Detecting Aberrant Splicing Events

https://github.com/dzhang32/dasper

from RNA-sequencing (dasper)
DoubletFinder

https://github.com/chris-mcginnis-ucsf/
DoubletFinder

DropletUtils

https://github.com/MarioniLab/DropletUtils
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Description

URL

EWCE

https://github.com/NathanSkene/EWCE

Fastp

https://github.com/OpenGene/fastp

FastQC

http://www.bioinformatics.babraham.ac.uk/
projects/fastqc/

Find Individual Motif Occurrences

http://meme-suite.org/doc/fimo.html?man_type=

(FIMO)

web

g:Profiler R package

https://gl.cs.ut.ee/biit/r-gprofiler2

Mapping Alternative Splicing Events to

https://github.com/DiogoVeiga/maser

pRoteins (maser)
MashMap (v2.0)

https://github.com/marbl/MashMap

LDSC

https://github.com/bulik/ldsc

LDSCforRyten

https://github.com/RHReynolds/LDSCforRyten

Leafcutter

https://github.com/davidaknowles/leafcutter/

limma

https://github.com/cran/limma

refGenome

https://github.com/cran/refGenome

RSeQC

http://rseqc.sourceforge.net/

Salmon

https://salmon.readthedocs.io/en/latest/index.html

Scaden

https://github.com/KevinMenden/scaden

STAR

https://github.com/alexdobin/STAR

tximport

https://github.com/mikelove/tximport

UCSC liftOver

https://www.bioconductor.org/packages/release/
workflows/html/liftOver.html

UMAP

https://github.com/lmcinnes/umap

UpSetR

https://github.com/hms-dbmi/UpSetR/

WGCNA

https://horvath.genetics.ucla.edu/html/
CoexpressionNetwork/Rpackages/WGCNA/

WGCNA hierarchical clustering with

https://github.com/juanbot/km2gcn

k-means

Table A.2 Table of cell-type abbreviations.

Abbreviation

Description

Figure 2.7a
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Abbreviation

Description

EC

Endothelial cell

MA

Mature astrocyte

MG

Microglia

N

Neuron

OLG

Oligodendrocyte

OPC

Oligodendrocyte precursor cell

Figure 2.7b
ACMB

Dorsal midbrain Myoc-expressing astrocyte-like

ACNT1

Non-telencephalon astrocytes, Gfap-low

ACNT2

Non-telencephalon astrocytes, Gfap-high

ACTE1

Telencephalon astrocytes, Gfap-high

ACTE2

Telencephalon astrocytes, Gfap-low

MGL1

Microglia

MGL2

Microglia, activated

MGL3

Microglia, activated

ENT1

Descending interneurons, enteric

ENT2

Inhibitory motor neurons, enteric

ENT3

Inhibitory motor neurons, enteric

ENT4

Excitatory neurons, enteric

ENT5

Excitatory motor neurons, enteric

ENT6

Excitatory motor neurons, enteric

ENT7

Intrinsic sensory neurons, enteric

ENT8

Intrinsic sensory neurons, enteric

ENT9

Intrinsic sensory neurons, enteric

MBDOP1

Dopaminergic neurons, periaqueductal grey

MBDOP2

Dopaminergic neurons, ventral midbrain (SNc, VTA)

MSN1

D1 medium spiny neurons, striatum

MSN2

D2 medium spiny neurons, striatum

MSN3

D2 medium spiny neurons, striatum

MSN4

D1 medium spiny neurons, striatum

MSN5

Patch D1/D2 neurons, striatum

194

Abbreviation

Description

MSN6

Matrix D1 neurons, striatum

COP1

Committed oligodendrocytes cells (COP)

MFOL1

Myelin forming oligodendrocytes (MFOL)

MOL1

Mature oligodendrocytes

NFOL1

Newly formed oligodendrocytes (NFOL)

OPC

Oligodendrocyte precursor cells

Table A.3 Table of PD susceptibility genes.

Gene

Source

ACTR3B

MAGMA

BCKDK

MAGMA

BCL7C

MAGMA

BST1

MAGMA

CCDC158

MAGMA

CLN8

MAGMA

CMPK2

MAGMA

CPLX1

MAGMA

CTF1

MAGMA

DCUN1D1

MAGMA

DGKQ

MAGMA

DPM3

MAGMA

DYRK1A

MAGMA

EFNA1

MAGMA

EFNA3

MAGMA

EFNA4

MAGMA

ELOVL7

MAGMA

ERCC8

MAGMA

FAM200B

MAGMA

FAM47E

MAGMA

FAM47E-STBD1

MAGMA

FBRS

MAGMA
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Gene

Source

FBXL19

MAGMA

FBXL5

MAGMA

FGFRL1

MAGMA

GAK

MAGMA

GTF3C2

MAGMA

HSD3B7

MAGMA

IDUA

MAGMA

IGSF9B

MAGMA

ITPKB

MAGMA

KAT8

MAGMA

KLHL7

MAGMA

LRRK2

MAGMA

MAPT

MAGMA

MCCC1

MAGMA

MED12L

MAGMA

MMRN1

MAGMA

NCOR1

MAGMA

NDUFAF2

MAGMA

NSF

MAGMA

NUCKS1

MAGMA

OR1E1

MAGMA

OR3A3

MAGMA

ORAI3

MAGMA

P2RY12

MAGMA

PCGF3

MAGMA

PPME1

MAGMA

PRSS53

MAGMA

RAB7L1

MAGMA

RIT2

MAGMA

SCARB2

MAGMA

SETD1A

MAGMA
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Gene

Source

SH3GL2

MAGMA

SLC26A1

MAGMA

SLC2A13

MAGMA

SLC41A1

MAGMA

SLC45A3

MAGMA

SLC50A1

MAGMA

SNCA

MAGMA

SRCAP

MAGMA

STH

MAGMA

STK39

MAGMA

STX1B

MAGMA

STX4

MAGMA

TMEM163

MAGMA

TMEM175

MAGMA

TRIM46

MAGMA

TTC19

MAGMA

VKORC1

MAGMA

WNT3

MAGMA

YPEL1

MAGMA

ZNF629

MAGMA

ZNF646

MAGMA

ZNF668

MAGMA

ZSWIM7

MAGMA

CAMLG

coloc (Li et al. 2017)

CD38

coloc (Li et al. 2017)

CTSB

coloc (Li et al. 2017)

FRA10AC1

coloc (Li et al. 2017)

GPNMB

coloc (Li et al. 2017)

GPR180

coloc (Li et al. 2017)

MED13

coloc (Li et al. 2017)

NMD3

coloc (Li et al. 2017)
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Gene

Source

NT5C2

coloc (Li et al. 2017)

NUDT14

coloc (Li et al. 2017)

TMED5

coloc (Li et al. 2017)

ZFYVE16

coloc (Li et al. 2017)
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PD

PD

PD

PD

PD

PD

PDD

PDD

PD523

PD666

PD683

PD732

PD747

PD341

PD366

Control

PDC87

PD416

Control

PDC34

PD

Control

PDC22

PD413

Control

PDC05

Control

Control

C048

PDC91

Control

group

Disease

C036

ID

M

M

M

M

F

F

F

F

F

M

F

M

M

M

M

M

Sex

49

54

74

69

62

78

68

73

51

death

onset

69

68

83

81

83

93

86

85

72

85

92

90

65

58

68

68

of

Age

of

Age

Table A.4 Table of sample demographics.

20

14

9

12

12

15

18

12

21

tion

dura-

Disease

17

16

22

14

24

24

9

17

14

29

24

12

12

9

10

30

PMI

6

6

6

5

5

6

6

6

6

0

0

0

0

0

0

0

aSN

Braak

1

2

2

2

2

2

2

2

2

2

3

1

1

0

1

2

tau

Braak

0

2

3

3

1

1

3

0

2

3

3

1

3

0

0

2

Abeta

Thal

3

2

2

3

1

1

3

1

0

0

0

0

0

0

0

ACG aSN

Alafuzoff

7.1

7.3

7.7

8.5

7.6

7.3

6.5

6.6

8.3

pH

CSF

1345

1276

1238

1311

1214

1238

1235

1267

1139

1279

1489

1256

(g)

weight

Brain

5.2

6.8

7.5

7.8

7.5

6.6

5.4

6.5

7.3

6.4

5

7.4

6.8

7.6

RIN

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

no

no

RNA-seq

bulk

Sent for

DLB

DLB

PD566

PD706

DLB

PD115

DLB

DLB

PD060

PD332

PDD

PD678

DLB

PDD

PD563

PD294

PDD

PD531

DLB

PDD

PD501

PD163

PDD

group

Disease

PD415

ID

200

M

M

M

M

M

M

M

M

M

M

F

F

Sex

56

56

74

72

70

54

78

81

63

73

82

67

63

77

78

76

63

84

86

75

85

89

78

death

onset

66

of

Age

of

Age

11

7

3

6

6

9

6

5

12

7

7

11

tion

dura-

Disease

8

9

10

24

22

21

9

10

23

23

16

17

PMI

5

6

6

6

6

6

6

6

6

6

6

6

aSN

Braak

2

2

2

2

2

3

1

2

2

0

2

2

tau

Braak

3

0

3

0

2

2

2

3

3

4

3

Abeta

Thal

2

2

2

3

3

3

1

1

3

2

ACG aSN

Alafuzoff

8.6

6.7

6.2

6.6

6.6

7.6

6.5

8.2

pH

CSF

1393

1469

1326

1382

1154

1140

1319

1349

972

(g)

weight

Brain

6.9

4.8

5.3

4.2

5.8

5.2

3.6

5.1

6.7

6.6

4.1

6.5

RIN

yes

yes

yes

yes

yes

yes

no

yes

yes

yes

no

yes

RNA-seq

bulk

Sent for
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Table A.5 Table of RNA binding protein binding motifs. Motifs are derived from the ATtRACT
database [297]. For details on how these RNA binding protein (RBP) binding motifs were selected see
Section 4.2.9. Pubmed IDs included for publications providing experimental data supporting the binding
between an RBP and the binding motif. The level of redundancy for each RBP is indicated by the column
"Number of motifs with Score = 1", which indicates the number of motifs (irrespective of length) with a
quality score of 1 per RBP. The quality score is a numerical representation of affinity between an RBP
and the binding motif.

RBP

gene

Motif

Motif

name

Pubmed ID

length

Number of
motifs with
Score = 1

A1CF

UGAUCAGUAUA

11

10669759

1

AGO1

UGAGGUAGUA

10

23746446

2

AGO2

UAAAGUGCUU

10

22682761

2

AKAP1

AUAUAUAU

8

17154535

1

CELF1

UGUGUUGUGUGU

12

16938098

12

CSTF2

GUGUGUGUUUUG

12

12773396

4

DAZAP1

AAAAAAA

7

10857750

8

DDX19B

UUUUUUU

7

19244245

2

ELAVL1

AUUUAUUUAUUU

12

12900401

11

ELAVL2

UUUUUUAUUUU

11

17035636

2

ELAVL3

AUUUAUUUUA

10

10734193

3

ELAVL4

AUUUAUUUAUUU

12

12900401

10

ERI1

UUUCAGA

7

FMR1

AAAAAAA

7

8917439

4

FUS

AAAAAAA

7

3386636

4

HNRNPA1

UUAGGGUUAGGG

12

15342234

46

HNRNPA2B1

GCCAAGAAGCC

11

11024030

14

HNRNPA3

GCCAAGGAGCC

11

12415010

1

HNRNPAB

ACAAAGACAAA

11

12419250

2

HNRNPC

GGGGGGG

7

7688265

9

HNRNPD

AUUUAUUUA

9

8647811

9

HNRNPDL

ACUAACAGCA

10

12406575

4

HNRNPF

CGGGAUGGGGUA

12

16885237

29

HNRNPH1

GGGAAUGUGGG

11

19506027

38

HNRNPH2

GGGAAUGUGGG

11

19506027

36
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RBP

gene

Motif

Motif

name

Pubmed ID

length

Number of
motifs with
Score = 1

HNRNPH3

GGGAAUGUGGG

11

19506027

25

HNRNPK

ACCCCCCCCCUA

12

11278705

10

HNRNPL

CACACCACA

9

22402488

3

HNRNPLL

CACACCACA

9

22402488

2

HNRNPM

GAAGGAA

7

24533984

2

HNRNPU

AAAAAAA

7

8174554

4

IFIH1

GGGCCGCGGAU

11

23273991

3

IGHMBP2

AAAAAAAA

8

22965130

2

KHDRBS1

UUUUUUU

7

17764653

4

KHDRBS2

UUUUUUU

7

17764653

1

KHDRBS3

UUUUUUU

7

17764653

1

KHSRP

UAUUUAUUAUUU

12

17437720

16

LIN28A

AGGAGAU

7

22157959

1

MBNL1

GCGCUUGUGC

10

17702765

6

NELFE

CUCUGGUUAG

10

18303858

3

NONO

GAGAGGAAC

9

12403470

1

NOVA1

UCAUUCAUUCAU

12

9154818

10

NOVA2

CCUAGAUCACC

11

10676814

7

PABPC1

AAAAAAAA

8

10499800

3

PCBP1

CCCCACCCUCUU

12

11827469

21

PCBP2

CUAACCCUAA

10

15331611

23

PTBP1

UUAUUUUUCCCC

12

9858533

33

PUM1

AAUUGUACAUAA

12

19540345

13

PUM2

UGUAAAUA

8

21397187

3

QKI

ACACACUAACCU

12

15273320

9

RBFOX1

UGCAUGU

7

16362037

4

RBM25

AUCGGGCA

8

23190262

2

RBM4

UCCUUCUUG

9

16777844

3

RBM5

CUCUUCUCU

9

18840686

7
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RBP

gene

Motif

Motif

name

Pubmed ID

length

Number of
motifs with
Score = 1

RBMX

AAGAAGGAAGG

11

11726560;

12

12165565;
10931943
RC3H1

UCCCUUCUGUG

11

25026078

3

SF1

UAUACUAACAA

11

11691992

22

SFPQ

UGGAGAGGAAC

11

12403470

7

SNRPA

AUUGCACC

8

9312034

2

SNRPB2

GUAUUGCAGU

10

9716128

1

SRP14

CGCCUGUAG

9

11089964

3

SRSF1

AGAGGAAGGCGA

12

11096110

45

SRSF10

ACAAAGACAAA

11

12419250

4

SRSF2

AGAGGAAGGCGA

12

11096110

33

SRSF3

UUCUUCAUCC

10

24321384

13

SRSF4

GAGGAAGAA

9

7651409

2

SRSF5

GAGGAAGAA

9

7651409

5

SRSF6

GAUCAACCUGGC

12

12549914

7

SRSF7

AGAGGAAGGCGA

12

11096110

10

SRSF9

CUGGAUU

7

12024014

3

SSB

UGCUGUUUU

9

11342556

4

SYNCRIP

AAAAAAA

7

17074807

2

TARDBP

UGUGUGUGUGUG

12

11470789

8

TIA1

UUUUUUAUUUU

11

17035636

4

TIAL1

UUUUAAAUUUU

11

12356730

5

TRA2A

AGAAAGAAGAAA

12

12913074

5

TRA2B

AAGAAGAAGAA

11

9546399

17

U2AF2

UUUUUUU

7

21753750

2

YBX1

CAACCACACCAC

12

11447123

12

ZFP36

UUAUUUAUU

9

18256032

4

ZFP36L2

UUAUUUAUU

9

14981510

1

ZRANB2

GGUAAAGGU

9

22517726

4
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