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Abstract

Schizophrenia (SCZ) is a complex neuropsychiatric disorder which affects approximately
1% of the population. It carries a high societal burden accounting for 1.7% of disease
burden across all possible diseases or disorders despite its low global prevalence. It is clin-
ically characterised by a combination of symptoms including psychotic episodes, cognitive
deficits and social withdrawal. Yet, its full etiology is still unknown and is thought to be
impacted by a mixture of genetic and environmental factors and begin in neurodevelop-
ment. SCZ is highly heritable with the heritability of SCZ thought to be approximately
79%. Genetic studies such as genome-wide association studies (GWAS) and exome se-
quencing studies had uncovered a number of genes thought to convey increased risk to
SCZ. However, the functional impact of genetic mutation in SCZ must also be considered.
Functional genomics studies have aimed to bridge the gap between genomic variation
and phenotype by characterising the underlying neurobiology of the disorder. Extensive
changes have been observed at the transcriptomic and epigenomic levels in SCZ using
postmortem brain tissue samples. Yet the vast majority of these studies use bulk tissue
samples which only shows overall trends in a tissue rather than cell-type specific effects.
Functional changes are thought to vary widely between cell-type with excitatory neurons

primarily implicated in SCZ thus far.

This thesis comprises three studies which all aim to explore which cell-types are impacted
in SCZ and characterise these cell-type specific changes. Chapter 2 utilised cell-type de-
convolution to uncover new insights from published bulk gene expression data isolated
from SCZ cases and controls. Chapter 3 investigated the cell-types affected by sets of
differentially expressed genes derived from knockout models of MEF2C| a gene that has
been implicated in a variety of neurodevelopmental disorders including SCZ and autism
spectrum disorder (ASD). My final study which is outlined in Chapter 4 of this thesis ex-
plored the transcriptomic and chromatin accessibility landscapes in SCZ at the cell-type

level.

Chapter 2 of this thesis used cell-type deconvolution and gene expression imputation
methods with published bulk RNA-seq data from SCZ cases and controls in an effort to
gain cell-specific insights from bulk data. We integrated the published bulk data with



single-nucleus data to estimate the proportions of ten cell-types in the bulk data. Our
overall proportion estimates per cell-type were not consistent with previous studies and
we observed a reduction in neuronal proportion estimates compared to previous studies.
However, we did detect an increase in the proportion of excitatory neurons and inhibitory
neurons in controls compared to SCZ cases. The increase in excitatory neuronal popula-
tions is consistent with previous work by the PsychENCODE consortium suggesting that
despite discrepancies in our overall estimates we may be observing similar trends. We also
used our estimated proportions to impute gene expression for each cell-type using the bulk
expression data. We generated gene-sets of differentially expressed genes (DEGs) per cell-
type which were used to conduct gene-set analysis. Biological processes that were found
to be enriched for neuronal DEGs included neuronal development, neuron projection and
NCAMI interactions. Targeted analysis of the neuronal DEGs using the SynGO ontology
resource implicated synaptic locations such as the postsynaptic membrane and endo-
some and the presynaptic vesicle with different locations implicated between cell-types.
Despite these results, our estimated proportions do differ from previous deconvolution
studies. This raised questions as to the robustness of our results but did suggest that this
type of analysis may prove useful for gaining new insights from bulk data and was used
to better effect in Chapter 4 of this thesis.

MFEF2C is a transcription factor that has been implicated in a number of neurodevel-
opmental disorders including SCZ and ASD. Previous studies have generated gene-sets
derived from DEGs detected in murine knockout models of MEF2C. We used these gene-
sets in conjunction with data from snRNAseq studies from human postmortem brain
tissue to investigate which cell-types MEF2C knockout is likely to affect. We primarily
implicated neuronal cell-types which is consistent with previous studies that used mouse
snRNAseq data but we also implicated oligodendrocyte precursor cells (OPCs). This
highlights the benefit of using human brain data for this analysis. We also explored which
cell-types would be implicated when the co-expression of the genes in each gene-set was
considered. We detected a higher co-expression fold enrichment of these gene-sets in ex-
citatory neurons. We also observed a difference in fold enrichment at different gestational

timepoints using snRNA-seq isolated from the fetal brain.

My final study which is described in Chapter 4 of this thesis involved cell-type specific
multi-omic analysis. In this study we have isolated nuclei from two neuronal (GABAergic
and glutamatergic neurons) and two non-neuronal (Oligodendrocyte and Microglia/As-
trocytes) cell-types from the dorsolateral prefrontal cortex (DLPFC) in SCZ cases and
controls in order to characterise cell-type-specific changes at both the transcriptomic and
the epigenomic levels using RNA-seq and ATAC-seq profiling. We have expanded the cur-

rent repertoire of open chromatin regions (OCRs) in the human brain by detecting many

x1



novel OCRs. We also explored disease-associated changes in chromatin accessibility and
gene expression. The most extensive dysregulation in chromatin accessibility was found in
oligodendrocytes followed by microglia/astrocytes. Gene-set enrichment (GSEA) analysis
of these OCRs implicated processes such as glycosylation and apoptosis while common
variants associated with SCZ were enriched in disease-associated GABAergic and oligo-
dendrocyte OCRs. The most extensive disease-associated changes in gene expression were
also observed in oligodendrocytes but we detected abundant disease-associated changes
across all cell-types. In addition, the majority of DEGs were cell-type specific. Biological
processes enriched for our neuronal DEG sets included regulation of the synaptic vesicle
cycle and synaptic plasticity while non-neuronal cell-types implicated axon ensheathment
and sterol biosynthesis, which indicated dysregulation related to the myelin sheath. Given
the limited research on SCZ at the transcript level, our study aimed to address this gap
by prioritising genes with cell-type-specific differentially expressed transcripts. This often
revealed dysregulation of transcripts for genes that did not individually reach statistical
significance including CACNA1C; a known SCZ risk gene. We also identified cell-type-
specific enhancer—promoter interactions by integrating our OCRs with cell-specific Hi-C
data. We then linked disease-associated chromatin accessibility changes with SCZ GWAS
signal and predicted target genes using our enhancer—promoter interactions. Finally, we
leveraged our cell-type specific gene expression profiles to enable a QTL analysis by us-
ing them to identify cell-type proportions in bulk RNA-seq data. We then used those
proportions to impute expression for 848 bulk RNA-seq profiles which allowed for eQTL
detection and colocalization analysis resulting in cell-type specific eQTLs which colocal-
ized with SCZ risk loci.

Overall, this thesis uses multi-omic data to explore changes in gene expression and chro-
matin accessibility at the cell-type specific level in SCZ. By exploring these changes we
aimed to identify new insights into the neurobiology of SCZ which is vital in order to one

day provide new drug targets and treatment options.
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Chapter 1

Introduction

1.1 Schizophrenia as a Psychiatric Disorder

1.1.1 Clinical Description of Schizophrenia

Schizophrenia is a complex neuropsychiatric disorder which is both highly heritable and
can be influenced by a wide variety of environmental factors (Kahn et al., 2015). It
affects 20.9 million individuals globally and reduces life expectancy by 10-20 years on
average (Charlson et al., 2018; Orrico-Séet al., 2020). The complex nature of the disorder
combined with its varying symptoms can make it difficult to treat. Affected individuals
experience distinct symptoms but the combination of symptoms can vary and are the
current basis for diagnosis (Kahn et al., 2015). Symptoms are generally divided into three
distinct categories known as positive symptoms, negative symptoms and cognitive deficits

and a shortened version of the official diagnostic criteria is available in Table 1.1.

Table 1.1: Diagnostic criteria for schizophrenia.
Adapted from the Diagnostic and statistical manual of mental disorders (DSM-5-TR),
(American Psychiatric Association, 2022).

Criteria Symptoms

Two or more of the following:

- Delusions

- Hallucinations

- Disorganised speech

- Grossly disorganised or catatonic behaviour
- Negative symptoms

Characteristic Symptoms

Decreased level of functioning in areas such as work,

Social/Occupational Dysfunction interpersonal relations, or self-care

Duration Continuous signs of the disturbance persist for at least 6 months

Positive symptoms are behaviours and thoughts that are not usually observed in un-
affected individuals. They include hallucinations and delusions that cause the affected
individuals to lose touch with reality and are often the most recognisable or publicly

known symptoms (Kahn et al., 2015). Hallucinations are perceptions created without the
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presence of external stimuli resulting in affected individuals perceiving situations that are
not actually occurring while delusions refer to beliefs which are held despite the absence
of any evidence to support them. It is these symptoms that are managed using anti-
psychotic drugs which block dopamine receptors. Despite the discovery of anti-psychotics
having occurred ~70 years ago, they remain the main course of treatment with devel-
opment of other antipsychotic agents which act on other brain-related pathways such as
the cholinergic and glutamatergic pathways proving unsuccessful (Correll et al., 2022a).
While new treatments using muscarinic and trace amine-associated receptor 1 agonists
have been successful in small trial studies, there remains a limited number of treatment op-
tions (Kantrowitz et al., 2023). The lack of progress in the development of antipsychotics
also means that currently only the effects of positive symptoms can be ameliorated in
affected individuals while approximately 10%-30% do not respond to any available treat-
ment (Taylor and Jauhar, 2019).

Negative symptoms consist of social withdrawal and absence of motivation for daily activ-
ities and are a major contributor to poor treatment outcomes (Kahn et al., 2015). While
positive symptoms are largely evident during acute phases of the disorder, negative symp-
toms are likely to persist throughout the life of an individual. They are also known as the
first most commonly experienced symptom in schizophrenia, occurring in 73% during the
“prodromal” phase of the disorder which occurs before the first psychotic episode (Cor-
rell and Schooler, 2020). They can be categorised into two major categories which are
comprised of five distinct symptoms. Diminished symptoms include blunted effect which
refers to reduced expression of emotion and alogia which refers to the reduction in the
amount of words spoken. Negative symptoms include avolition which results in reduced
participation in activities due to lack of motivation, asociality relating to reduced social
interaction and anhedonia, the reduced experience of pleasure in an activity (Correll and
Schooler, 2020).

Cognitive deficits include memory problems, learning difficulties and attention deficits
and occur in 80% of individuals (McCutcheon et al., 2023). While distinct from negative
symptoms, it is thought that some cognitive deficits may in turn lead to the development
of negative symptoms. For example, a reduction in words spoken and reduced social inter-
action could develop as a result of memory problems and attention deficits (McCutcheon
et al., 2023). While the initial focus was predominantly on the positive symptoms asso-
ciated with schizophrenia, a move towards understanding the cognitive impairments has
been observed (Kahn et al., 2015) as it is these symptoms that manifest first up to 10
years before the first psychotic episode and significantly limit the ability of individuals
to live normal lives as unlike positive symptoms they cannot be treated. Overall, while

treatment of positive symptoms can have varying degrees of success, the poor ability to



treat all associated symptoms results in only 13.5 % of individuals achieving full recovery
criteria which includes social and clinical improvement with sustained improvement in

one of these categories for at least a year (Huxley et al., 2021).

1.1.2 Epidemiology of Schizophrenia

Given the incredibly negative impact that schizophrenia has on affected individuals, ef-
forts have been made to identify its incidence and causes. It currently affects 20.9 million
people worldwide. In addition, up to 1% of the worlds population are believed to be at risk
of schizophrenia. One study suggests that a given individual has a 0.7% risk of developing
the disorder (Owen et al., 2016) while a detailed study in the Finnish population estimates
a 0.87% risk suggesting geographical differences (Jééskeldinen et al., 2015). The latest
study of point prevalence for schizophrenia takes its data from 2016 when 0.28% of the
worlds population were believed to suffer from the disorder (Charlson et al., 2018). Disease
burden refers to the impact of a health problem and can be measured by cost, mortality
etc., and is quantified by measuring the number of years lost due to disability. Globally,
schizophrenia accounts for 1.7% of disease burden across all possible diseases or disorders,

which is quite large given the low global prevalence of the disorder (Charlson et al., 2018).

Disease onset typically occurs in late adolescence with the majority of cases diagnosed
before the age of 45. Reports are conflicting regarding the difference in prevalence of
schizophrenia between males and females with studies reporting a slightly increased risk
in males or no differences (Ochoa et al., 2012; Charlson et al., 2018). Differences in age of
onset depending on sex are observed with men developing schizophrenia earlier at 20-24

years of age in contrast to women between 25-29 years of age (Ochoa et al., 2012).

1.1.3 Environmental Risk Factors for Schizophrenia

Environmental factors such as drug use, early life experience and prenatal factors have
been thought to be associated with schizophrenia (Kahn et al., 2015). Overall, envi-
ronmental factors are thought to account for 15-40% of the overall risk of developing
schizophrenia (Robinson and Bergen, 2021). Prenatal factors such as maternal immune
activation (MIA), paternal age, birth complications and season of birth have been impli-
cated in schizophrenia (Kahn et al., 2015). Some of these factors may also be influenced
by genetic background such as paternal age which may be associated with schizophre-
nia due to epigenetic changes, increased de novo mutations or selection (Khachadourian
et al., 2021). MIA is linked to schizophrenia risk by epidemiological studies which sug-
gested that prenatal infection in combination with existing genetic risk factors can predis-
pose individuals to schizophrenia (Choudhury and Lennox, 2021). MIA was first linked

to schizophrenia risk through epidemiological studies. For instance, schizophrenia was



shown to have increased from a 1% prevalence to a 20% prevalence following a rubella
pandemic in 1964 (Brown, 2011). While not all subsequent studies have resulted in such
clear association, studies have also implicated immune system genes in schizophrenia. In-
creased pro-inflammatory cytokine levels of IL-1B and IL-8 are common in individuals
with schizophrenia while anti-inflammatory cytokine levels such as those of Il-4 are re-
duced, which again suggests immune system involvement (Momtazmanesh et al., 2019).
Early life adversities such as social isolation in conjunction with MIA is thought to further
increase risk of schizophrenia (Khandaker et al., 2012). Other prenatal factors such as
hypoxia at birth were both found to increase risk (Byrne et al., 2007; Davies et al., 2003).
There also has been associations between season of birth and schizophrenia development

with a stronger association in individuals born in the winter months (Kahn et al., 2015).

Some environmental factors that occur later in life are thought to be implicated in
schizophrenia development. Early life adversity such as neglect or abuse during childhood
is thought to increase risk with the severity of the event proportional to the increased
risk (Varese et al., 2012). As schizophrenia is highly heritable and severe mental illness
of a parent may make childhood adversity more likely to occur, it is difficult to discover
the precise contribution of these factors. Studies have not found a correlation between
polygenic risk score (PRS) for schizophrenia and early life adversity but others have found
that in individuals with a high PRS for schizophrenia there is a link between psychosis
and early life stress (Woolway et al., 2022).

Drug use, in particular cannabis use, has been associated with psychosis which is often
observed in schizophrenia (Robinson and Bergen, 2021). Heavy use of cannabis is also
associated with a subsequent increased risk of developing schizophrenia in individuals that
abuse drugs at a younger age (Evins et al., 2013). In addition, a PRS for schizophrenia
was associated with decreased grey matter in males who use cannabis (French et al.,
2015). Finally, factors such as living in urban settings and migration are also thought to
increase risk. Increased stress, socio-economic factors and social isolation are thought to
be involved with the migration association while similar factors are thought to be at play

in individuals who live in urban settings (Robinson and Bergen, 2021).

1.1.4 Neuroimaging in Schizophrenia

Structural neuroimaging has revealed altered brain volumes in individuals with schizophre-
nia (Kahn et al., 2015). Reductions in grey matter in cortical areas is common in
schizophrenia as is a decrease in cortical thickness (Kuo and Pogue-Geile, 2019). Cortical
volume is also seen to decrease with disease progression which is in line with the decreas-

ing cognitive function observed (Cropley et al., 2017). Reduced volumes in the amygdala,



hippocampus and thalamus have also been reported (Howes et al., 2023). A decrease in
structural and functional connectivity is also observed (Erdeniz et al., 2017). In addition,
abnormal information processing is linked to schizophrenia with molecular neuroimaging
studies studies showing altered activation in the cortex (Erdeniz et al., 2017). Molecular
neuroimaging also shows altered dopamine uptake which is in line with the neuropathology

of schizophrenia (Cumming et al., 2021).

1.1.5 Pathophysiology of Schizophrenia

Schizophrenia is a complex disorder with many environmental and genetic risk factors,
many of which may act in tandem to cause neurological changes and subsequent symp-
toms. These factors are thought to influence neurodevelopment and alter brain function
from an early stage. The dysregulation of a number of neurotransmitter systems includ-
ing the dopamine, GABAenergic and glutamatergic pathways is thought to be central to
the pathophysiology of the disorder (McCutcheon et al., 2020). The original neurotrans-
mitter hypothesis in schizophrenia involved the dopaminergic neurotransmitter system as
dopamine signalling alterations are linked to the development of psychosis, which is a
hallmark of schizophrenia (Kesby et al., 2018). The efficacy of traditional anti-psychotic
drugs is due to their ability to bind D2 dopamine receptors in cortical tissue reducing
psychotic symptoms such as hallucinations (Kesby et al., 2018). However while psychosis
is a major part of schizophrenia it is not exclusive to the disorder and other symptoms of
schizophrenia are not improved through the use of anti-psychotic agents suggesting that

their are other pathways that produce schizophrenia related symptoms.

Other neurotransmitter systems such as the glutaminergic system have been investigated
to try to identify alterations that can account for other symptoms in schizophrenia. This
theory postulates that the reduced function of NMDA (N-methyl-D-aspartate) receptors
in the prefrontal cortex can lead to positive symptoms through the increased activity
of glutamate signalling (McCutcheon et al., 2020). It is thought that this may in turn
over stimulate the dopamine pathway leading to hallucinations and delusions. Yet it
is thought that over time glutamate levels are reduced in schizophrenia and postmortem
studies have also identified a reduction in glutamatergic neurons (Wang et al., 2018; Kruse
and Bustillo, 2022). In addition, antagonists of the NMDA receptor can lead to cognitive
deficits similar to those seen in schizophrenia (Newcomer et al.; 1999). The GABAergic
system has also been implicated due to altered expression of the enzyme required for
GABA synthesis and reduced numbers of GABAergic neurons observed in postmortem
brain tissues (Jahangir et al., 2021). Again dopamine can affect the activity of GABA
neurons which suggests all three systems may be implicated with complex interactions

leading to observed symptoms.



1.1.6 Heritability of Schizophrenia

Schizophrenia, which has long been noted to be at increased incidence in some families,
has been studied as a genetic disorder since the early 1900s (Bleuler and Jung, 1908).
Initial theories posited that it was a monogenic disorder, however this theory was quickly
replaced with the idea of a more complex inheritance pattern as observational studies did
not support a monogenic basis (Henriksen et al., 2017). The first studies that investigated
the impact of genetics on schizophrenia largely focused on twin studies to ascertain how
heritable the disorder was. This involved investigating concordance rates for schizophrenia
using twin studies. Concordance rates are defined incidence of both twins developing the
same trait. The risk of developing schizophrenia is, as expected, highest for a monozygotic
(MZ) twin of an affected individual at ~50%, and risk decreases for first and second
degree relatives of affected individuals (Chou et al., 2017; Poletti et al., 2020). Twin
studies allow the broad-sense heritability, i.e., the proportion of variance that is due to
genetic factors to be calculated. Heritability estimates based on sets of MZ and dizygotic
(DZ) twins are useful for complex traits as MZ twins are taken to be almost genetically
identical which implies that any phenotypic difference between MZ twins is caused by
environmental effects. In addition, the variance contributed by additive and non-additive
genetic effects can be discerned by comparing heritability estimates between DZ and MZ
twins (Henriksen et al., 2017). Twin studies estimate the heritability of schizophrenia to
be quite high at approximately 80% with rates consistent between historical and more
recent studies (Hilker et al., 2018; Sullivan et al., 2003), which overall suggests a very

strong genetic component to the disorder.

1.2 (enetic Studies of Schizophrenia

As a result of the strong evidence from the aforementioned observational and twin studies
that schizophrenia was impacted by genetics, subsequent studies focused on molecular
genetics. These studies attempted to identify genetic changes and biological causes that
occur in individuals that develop schizophrenia (Wei and Hemmings, 2000; Levinson et al.,
2003). Genetic studies of schizophrenia can largely be placed into three categories which
include historical linkage and candidate gene studies from the pre-genomics era and then
studies of common genetic variants and studies of rare genetic variants that are modern
genomics-based approaches and have largely been made possible by the development of
single nucleotide polymorphism (SNP) arrays and next-generation sequencing (Trubetskoy
et al., 2022; Singh et al., 2022). These three broad categories will be discussed in the

followings sections.



1.2.1 Candidate Gene and Linkage Studies

Initial genetic studies of schizophrenia used linkage analysis in an attempt to identify
regions of DNA involved in schizophrenia development. Linkage analysis is a genetic
mapping approach which aims to identify genes that are inherited with a particular trait
by using pedigrees of high-risk families to identify co-segregation of a chromosomal marker
(Teare and Santibanez Koref, 2014). Linkage analysis has been relatively successful in the
study of Mendelian diseases such as cystic fibrosis but are less successful with regard to
complex traits and are not as useful when the target trait is caused by a large number
of common variants (Teare and Santibanez Koref, 2014). Linkage studies of schizophre-
nia have implicated a large number of genomic regions including regions on chromosomes
1,2,3,4,5,8 and 10 in particular through meta-analysis using the original studies (Ng et al.,
2009; Levinson et al., 2003). These loci were believed to harbour risk variants but fine-
mapping did not identify the susceptibility variants. Another downfall of linkage studies
was that they were ineffective at discovering loci of small effects such as common SNPs

which are now thought to convey a significant proportion of genetic risk for schizophrenia.

While there was limited success from the various linkage studies that were carried out
they did enable subsequent research particularly candidate gene studies. Candidate gene
studies aim to identify an association between a particular SNP at a gene of interest and
a specific phenotype without considering genome-wide information (Duncan et al., 2019).
Such genes were often chosen because they were located in regions identified via linkage
studies (positional candidate genes) or because these genes affected particular biological
processes or pathways thought to be involved in the phenotype of interest (functional
candidate genes) (Henriksen et al., 2017). In the case of schizophrenia this often in-
volved genes in the dopaminergic pathway (Psychiatric GWAS Consortium Coordinating
Committee et al., 2009). Examples of candidate genes for schizophrenia include DISC1,
NOTCH4 and COMT (Wei and Hemmings, 2000; Millar et al., 2000; Johnson et al.,
2017). Again, these studies have also only been partially successful due to underpow-
ered analysis, lack of replication and limited knowledge of the underlying genetic basis of
schizophrenia at the time these studies were performed. A 2017 study found that poly-
morphisms within candidate genes were no more likely to be associated with schizophrenia
that non-candidate genes (Johnson et al., 2017). This study initially focused on the top
25 studied candidate genes and expanded to include a further set of 86 genes in a more
extensive analysis. This found that these genes were no more enriched than random sets
of control genes using gene-set analysis. While this study only considered common vari-
ants, and cannot rule out the possibility of significant enrichment had rare variants been
considered, it still implies that candidate genes have provided little information in terms

of uncovering the biological basis of schizophrenia. Furthermore, a 2019 study systemati-



cally identified all candidate gene studies completed since 2011 and combined them with
the legacy SzGene database, which had compiled research in this area prior to that date,
for a meta-analysis totaling 550 SNPs across 168 genes (Liu et al., 2019). They found
that only 29 of these SNPs reached genome-wide significance and the majority had also
been identified by modern genomic studies. This again suggests that they have made a

limited overall contribution to schizophrenia research.

1.2.2 Common Variation in Schizophrenia

Following the completion of the Human Genome project in the early 21st century, the
HapMap project extended analysis to common variation in the human population (Inter-
national Human Genome Sequencing Consortium, 2001; The International HapMap Con-
sortium, 2003). These studies in combination with the development of next-generation
sequencing technologies enabled the study of common variation in schizophrenia to be-
come an increasing focus in neuropsychiatric genetics. Genomic studies have become a
powerful tool in not only discovering common variants associated with schizophrenia but
also in subsequently ascertaining the risk that they convey, overtaking traditional molec-
ular genetics techniques. In addition, the biological pathways that these genes associated
with these variants effect have also been explored. This section will explore the findings
from these studies and note the key advances that have been made using a variety of

methods.

1.2.2.1 Genome-Wide Association Studies

Genome-wide association studies (GWAS) aim to identify an association between geno-
type and phenotype by analysing the allele frequency of common variants in cases and
controls for binary traits such as disease status or for quantitative traits such as height
(Uffelmann et al., 2021). They analyse SNPs but can be used to identify associations
with other genomic variants such as copy number variants (CNVs) or structural variants,
which can be indirectly genotyped using SNP data. A region containing a SNP or SNPs
which shows association with the trait of interest is known as a risk locus. GWAS re-
quires a large sample size in order to generate enough power to detect these loci and
initial GWAS were hindered by their very low sample size (Sullivan et al., 2018). Large
sample sizes are required for sufficient power in GWAS studies due to the large number of
SNPs being tested which may not survive multiple testing correction in small samples. In
order to be considered to be associated with a trait of interest, SNPs must reach genome-
wide significance. Genome-wide significance often refers to p-values which are < 5x 108
in a GWAS. This value has been ascertained by the use of a Bonferroni correction for
all independent common SNPs in the genome (Dudbridge and Gusnanto, 2008). One
of the first GWAS conducted for schizophrenia for example had just 320 schizophrenia



cases and 325 controls (Mah et al., 2006). Other early studies including (O’Donovan
et al., 2008) identified few significant loci while others that had much larger sample sizes
through combining samples from different cohorts began to find more genome-wide signif-
icant alleles involved in cognition and brain development confirming the polygenicity of

the disorder (International Schizophrenia Consortium et al., 2009; Stefansson et al., 2009).

Today, the majority of findings from schizophrenia GWAS come from large-scale studies
carried out by the Psychiatric Genomics Consortium (PGC) which combines many co-
horts of cases and controls through a large international collaboration. The first of these
studies PGC1 (Schizophrenia Psychiatric Genome-Wide Association Study (GWAS) Con-
sortium, 2011), identified seven loci, only two of which had been previously implicated
using 9,394 cases and 12,462 controls. The strongest finding suggested a previously un-
known mechanism of dysregulation in schizophrenia involving a microRNA (MIR137)
with a role in neuronal development. The second large scale analysis (PGC2) involved a
sample size of 36,989 cases and 113,075 controls and resulted in a large increase in the
number of genome-wide significant loci, which rose to 108 loci (128 SNPs) (Schizophre-
nia Working Group of the Psychiatric Genomics Consortium, 2014). This confirmed the
benefit and need for extremely large samples sizes in detecting associated loci and im-
plicated biological processes such as synaptic transmission and calcium channels and the
activity of glutamatergic neurons. It also reported the first significant association with
a gene involved in the dopamine system. A meta-analysis involving the PGC data in
2018 further increased the number of loci to 145 involving 179 SNPs using 40,675 cases
and 64,643 controls and replicated their findings using further samples (5,662 cases and
154,224 controls) (Pardinas et al., 2018). This analysis replicated findings from the 2014
GWAS identifying 93 of the 108 loci previously identified with 50 novel loci reported.

The largest schizophrenia GWAS to date, PGC3 contains over twice the number of cases
and controls than the previous PGC2 analysis (76,755 cases and 243,649 controls) demon-
strating the effort to sufficiently power these studies to identify as many loci as possible
(Trubetskoy et al., 2022). This study identified 287 distinct loci, replicating the asso-
ciation with all but one of the PGC2 loci and is illustrated in the Manhattan plot in
Figure 1.1. In addition, this represents the most diverse schizophrenia GWAS that has
been carried out. While it is still comprised of individuals of European descent it also
includes a sizeable East Asian cohort along with smaller African and Latino cohorts but
it is apparent that population specific loci will remain undiscovered until these samples
are increased. One hundred and twenty of the genes associated at the significant loci were
prioritised with high confidence using fine-mapping techniques and Mendelian randomi-
sation. Biologically, most associated genes were involved in neuronal processes including

differentiation and synaptic transmission. However, despite its successes, GWAS still



only explains 24% of the heritability of the disorder suggesting that a large proportion
of heritability in schizophrenia remains missing (Trubetskoy et al., 2022; Dennison et al.,
2020). It is thought that this missing heritability may be attributed to rare variation
or epigenetic modifications rather than common variation. Additionally, despite having
approximately double the sample size of the previous PGC2 GWAS, PGC3 only explains
an additional 1.5% of the variance in disease heritability attributable to measured SNPs,
suggesting that furthering our understanding the biology of schizophrenia will be limited

by considering common variation alone.

Manhattan-Plot

-log10 (p)

Chromosome

Figure 1.1: Manhattan plot representing the latest schizophrenia GWAS.
This study identified 287 distinct loci associated with schizophrenia (Trubetskoy et al.,
2022).

1.2.2.2 Application of GWAS Results

1.2.2.2.1 Functional Annotation and Analysis of GWAS Findings

Once associated SNPs have been identified through GWAS it is important to identify
which variants are causal and what genes they are located in. As many SNPs pass sig-
nificance thresholds they are often narrowed down by taking the SNP with the lowest
p-value in a linkage disequilibrium block as the“lead” SNP. As not all “lead” SNPs are

causal, fine-mapping techniques have become more widely used to identify causal SNPs.
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Fine-mapping involves exploring the regions containing associated SNPs and identifying
genes known to map to that region using Bayesian mapping methods such as FINEMAP
(Schaid et al., 2018), (Benner et al., 2016). Once a causal SNP has been found there are
a number of ways to map a SNP to a gene. If SNPs are located within a gene, positional
mapping can be used by using coordinates within a reference genome. However, often a
SNP is not in a translated area of a gene with only 2-3% of SNPs located in coding regions
(Visscher et al., 2017). The majority are instead located in a regulatory element, which
could be located hundreds of megabases away from the gene that it affects. In this case,
it can be more difficult to define a casual gene. While it may be the gene located closest
to the associated SNP is the risk gene, a recent study suggests that this may not always
be the case (Morris et al., 2023). Molecular quantitative trait loci (molQTL) analysis can
be used to identify causal genes by linking a SNP to a molecular phenotype such as gene
expression, DNA methylation or chromatin accessibility using the associated data such
as RNA-seq, Hi-C or ATAC-seq which will be discussed later in this chapter (Uffelmann
et al., 2021).

Outside of mapping associated SNPs to genes, many studies aim to functionally anno-
tate these in order to identify the biological pathways and processes that they affect. On
an individual level genes which are involved in voltage-gated calcium channels, synaptic
plasticity and glutamatergic transmission were implicated in the first large scale GWAS
in 2014 (Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014).
However, once mapped to genes, GWAS results are commonly organised into gene-sets for
further analysis. Enrichment or over-representation analysis aims to identify pathways,
biological processes, cell types or gene ontology (GO) terms where the genes present in
the given gene-set are enriched. This enables us to link GWAS results which can include
a large list of genes to molecular and biological functions as genes associated with certain
phenotypes are expected to converge on similar pathways. Enrichment analysis can also
be self-contained or competitive with the former identifying any association and the latter
identifying enrichment in the tested gene-set compared to background gene-sets (de Leeuw
et al., 2015).

Initial gene-set analysis from the 2014 PGC GWAS did not identify any enriched pathways
with the associated genes after multiple testing correction but once variants were mapped
to active enhancer sequences, associations were enriched at enhancers active in the brain
but not in other tissues (Schizophrenia Working Group of the Psychiatric Genomics Con-
sortium, 2014). Variants from this GWAS were also enriched in genes that have been
known to contain rare mutations associated with schizophrenia and were also enriched for
genes expressed in neuronal cell types. The 2018 meta-analysis which identified 50 novel

loci showed an enrichment for schizophrenia associations in loss-of-function (LOF) intol-
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erant genes compared to other genes using the gene-set analysis tool MAGMA (Pardinas
et al., 2018). This is in contrast to other brain related and neuropsychiatric disorders
which show at best a weak enrichment for the LOF gene-set. Of particular interest from
this study was the fact that these deleterious alleles with small effects persisted in the
population at a high frequency. This study suggests that background selection as a re-
sult of purifying selection in areas of low recombination reduces genetic diversity allowing
alleles with small deleterious effects to rise in frequency. Further testing for enrichment
of common variants in 6,677 publicly available gene-sets resulted in six gene-sets show-
ing enrichment following multiple testing correction. This included the LOF intolerant
gene-set followed by targets of Fragile X mental retardation protein (FMRP) and genes
related to abnormal behaviour in mice, calcium ion transport, synaptic transmission and

membrane depolarisation.

More recently, gene-set analysis using associated variants arising from the 2022 schizophre-
nia GWAS identified an enrichment in neuronal cell types particularly excitatory glu-
tamatergic neurons from the cerebral cortex and hippocampus and inhibitory cortical
interneurons using human and mouse single-cell data (Trubetskoy et al., 2022). These en-
richments together with the lack of enrichment for glial cell types indicate that schizophre-
nia is linked to neuronal dysfunction but this dysfunction cannot be attributed to a single
brain region. Gene-set analysis of prioritised genes from this study shows concentration of
genes in pre- and post-synaptic locations and annotation points to disruption in functions
such as calcium and chloride channels, synaptic transmission and differentiation. Over-
all, gene-set analysis arising from the major association studies converge on theory that
points to a post-synaptic pathology occurring for the most part in neuronal cell types
in a number of brain regions resulting from dysregulation in synaptic processes and ion
channels. Gene-set analysis following GWAS is therefore invaluable in enabling us to dis-
cover biological implications of deleterious variation in risk genes. This informs functional
genomic studies which aim to discover the impact of this variation and will be discussed

in further sections of this chapter.

1.2.2.2.2 Trait Risk Prediction

Aside from using functional annotation to discern biological implications of common
schizophrenia risk variants, the other main application of GWAS results is PRS. As many
disorders are polygenic and the risk of their development can be dependent on a large
number of genes, it is useful to calculate their cumulative risk which of course varies
per individual. PRS can be calculated by a number of methods but requirements usu-
ally include raw genotype data and GWAS summary statistics of the desired phenotype.
Most commonly, PRS are calculated using methods that use LD clumping to remove non-

independent SNPs and a P value threshold is then applied to remove SNPs with weaker
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associations (Choi et al., 2020). The remaining SNPs are then used to calculate the PRS
by summing the minor alleles for each SNP and multiplying by the effect size in the
GWAS, as is performed in the most frequently used tool PRSice-2 (Choi and O'Reilly,
2019). Other methods of calculating PRS include LDPred2 and Lassosum which use pseu-
dovalidation approaches to give approximate validation of a score by adjusting shrinkage
parameters using GWAS effect size (Ni et al., 2021; Pain et al., 2021). These methods

have been shown to perform better than traditional clumping methods.

PRS was first developed and used for a 2009 schizophrenia GWAS study which showed
that PRS was a predictor for schizophrenia status in a European cohort explaining around
3% of the variance. PRS scoring is now widely used to predict risk in a wide range of
disorders and its potential clinical utility is hotly debated. In schizophrenia, PRS is
still only weakly predictive of status with 7% of phenotypic variance explained when
using the latest GWAS to predict schizophrenia status (Trubetskoy et al., 2022; Dennison
et al., 2020). Despite this, it has been suggested that it may be useful for screening and
prioritising samples for functional studies following GWAS (Dennison et al., 2020).

1.2.3 Rare variation in Schizophrenia

Given that common variation only explains 24% of overall disease liability in schizophrenia
it is thought that rare variants may confer a substantial level of risk to a given individual.
Rare variants are usually defined as variants that have a minor allele frequency (MAF)
of less than 0.1% (Singh et al., 2022). Initial information regarding rare variation in
schizophrenia has come from copy number variant (CNV) studies while more recent studies
have focused on sequencing the exome which is the coding portion of the genome. Both

of these approaches will be discussed in the following sections.

1.2.3.1 Copy Number Variation

CNVs were first implicated in schizophrenia through studies of 22q11 deletion syndrome
as carriers of this deletion have a much higher risk of schizophrenia development with
respect to the wider population (Singh et al., 2022). Other initial evidence of CNV in-
volvement came from the enrichment of both de novo and rare deletions and duplications
in schizophrenia cases relative to controls (Marshall et al., 2017). More recently, a 2016
study of 21,094 cases and 20,227 controls identified a global enrichment of CNVs in cases
versus controls and this remained the case when the nine previously identified CNV loci
were removed (Marshall et al., 2017). Additionally, it is thought that the eight loci that
pass genome-wide significance explain 1.4% of disease liability and gene-set analysis of
this dataset implicated genes involved in synaptic or neuronal function. One interesting

finding from this study however is that just over half of the previously reported loci were
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not significantly associated with schizophrenia which is likely either a result of underpow-
ered studies resulting in chance associations or the inability to capture this association
due to the rarity of these variants. This underlines the need to increase sample studies for
CNV studies in order to robustly characterise their contribution to schizophrenia. While
the previously discussed study was concerned with germline CNVs, a 2023 study also
detected an enrichment of somatic CNVs in schizophrenia cases including mosaic dele-
tions in NRXNI, a gene previously implicated in schizophrenia and neurodevelopmental
disorders (Maury et al., 2023). Overall recent research continues to implicate CNVs as

an important element contributing to schizophrenia risk.

1.2.3.2 Exome Sequencing Studies

Exome sequencing has become another approach that can be used to identify rare variants.
It is largely employed to identify rare point mutations or small insertions or deletions.
Individuals with schizophrenia have reduced fecundity and as such combined with natural
selection it is thought that large-effect variants will be at low frequency in the population
yet they may persist in the population due to newly arising de novo variants (Rees et al.,
2011). Initial exome studies focusing on de novo variants identified an enrichment of
these mutations in synapse related genes using a cohort of 623 trios (Fromer et al., 2014).
Further studies with greatly increased sample sizes showed that de novo variants were
highly enriched in genes that were under evolutionary constraint or highly expressed in
the brain (Howrigan et al., 2020). Yet, these studies have failed to find genes that pass

exome-wide significance due to low sample sizes (Howrigan et al., 2020).

While studies of de novo variants in the exome have been limited by small sample sizes,
case-control studies have managed to study much larger cohorts. One of the first larger
scale studies in 2014 utilised a cohort of 5,079 individuals (Purcell et al., 2014). The
researchers prioritised a set of genes that were enriched for common variants associated
with schizophrenia. They identified that this gene-set was enriched for rare mutations in
case samples compared to controls. Association of single genes however was difficult due
to the nature of rare mutations and sample size. However, gene-sets related to calcium
channels were enriched for rare mutations which is consistent with results from studies
of common variants discussed above as well as studies of cognitive impairment in mice
and humans. In addition, genes previously found to be enriched for de novo mutations
were similarly enriched for rare variants. A further study published in 2016 looked at
both de novo mutations in addition to a case-control cohort revealing that genes with de
novo mutations were also enriched for LOF variants in cases from the case-control cohort
(Singh et al., 2016). Meta-analysis of these LOF variants in a case-control cohort identi-
fied an association between the SETDI1A gene and schizophrenia. SETDI1A is part of a
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family of methyltransferases which were previously associated with Mendelian disorders
resulting in intellectual disability and suggests epigenetic dsyregulation is implicated in
schizophrenia and until recently remained the only gene with ultra rare variation robustly

associated with schizophrenia.

The most recent large-scale exome sequencing study which was published in 2022 aimed
to combat the flaws of previous studies by initiating a collaborative effort to analyse and
harmonise a large number of exome sequencing studies. The Schizophrenia Exome Se-
quencing Meta-Analysis (SCHEMA) consortium compiled a cohort of 24,248 schizophrenia
cases and 97,322 controls which is one of the largest exome sequencing cohorts to date
(Singh et al., 2022). In contrast to previous studies and as predicted, the increase in sam-
ple size led to the discovery of ten genes with ultra rare variation that pass exome-wide
significance with a further 22 genes significant at a false discovery rate (FDR) rate <5%.
The implicated genes encompassed a wide variety of functions but did follow a similar
theme to the findings from previous studies of rare and common variation including ion
transport, neuronal migration and transcriptional regulation. Overall, while rare variant
analysis has been ongoing for many years it is only recently that sample sizes have be-
come large enough to identify genes in which these variants recur and should increase
in number as samples sizes grow. Interestingly, the functions of these genes converge
with the genes enriched for common variants suggesting that ion transport channels and
synaptic function should be a focus for functional studies and treatment targets (Figure
1.2) (Nakamura and Takata, 2023).
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Figure 1.2: Graphical illustration depicting the convergence of schizophrenia

risk genes on common functions.

a: Overlap of enriched GO terms for common variants (PGC GWAS) and rare variants
(SCHEMA), b: Enrichment of GO terms from the these studies showing considerable
overlap, c: Networks displaying the connections between these GO terms showing inter-
linked functions, d: Illustration of the cell type enrichment results from these studies
showing significant overlap for excitatory neurons. Adapted from (Nakamura and Takata,
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1.3 Functional Genomics Studies of Schizophrenia

While genetic and genomic studies have been invaluable in discovering aspects of the
disorder such as heritability, risk genes and the degree to which these genes affect disease
liability, much has yet to be elucidated with regard to disease biology. These studies have
suggested possible pathways and mechanisms that may be affected by the aforementioned
risk genes, yet the full extent of the biological dysregulation is poorly understood and
uncharacterised. A wide variety of functional studies have attempted to uncover the
underlying biological changes in gene expression and regulation in schizophrenia by using
mouse models and more recently human postmortem brain tissue and brain organoids
and induced pluripotent stem cells (iPSCs). This section will first recap the findings from
historical mouse model studies before describing transcriptomic studies of postmortem
brain tissue and will conclude with a discussion of studies that focus on dysregulation
of the epigenome in schizophrenia and intergative studies that combine multiple types of

omics data.

1.3.1 Mouse Models of Schizophrenia

Before the development of next-generation sequencing technologies and iPSCs, mouse
models were used to investigate the neurobiology of schizophrenia. These aimed to
recreate the phenomenology of schizophrenia usually through the knockout of a poten-
tial schizophrenia risk gene or recreation of an associated genetic or neurobiological de-
fect (Lipska and Weinberger, 2000). As such, initial models focused on disrupting the
dopamine system due to its association with schizophrenia yet they failed to represent
the true clinical phenotype of the disorder. Further models aimed to disrupt the func-
tion of, for example, DISC'1 which was believed to be a highly penetrant risk gene for
schizophrenia. This is now disputed as more recent genetic studies do not show signifi-
cant support for this despite the initial cytogenetic and pedigree evidence (Sullivan, 2013).
Nevertheless, these models represent an initial foray into possible functional changes that
may occur and they discovered that LOF models of DISC1 recapitulated similar brain
morphology to that observed in schizophrenia with reduced cortical thickness in addi-
tion to cognitive changes (Clapcote et al., 2007; Jaaro-Peled, 2009). Other models have
included generation of the 22q11 deletion syndrome microdeletions which also recreates
similar brain morphology (Ellegood et al., 2014). Other potential risk genes such as NRG-
1 and RELN have also been perturbed in mouse models resulting in changes in dendritic
spine density and increased neuronal packaging respectively which supports findings from
GWAS that have also implicated similar processes (Chen et al., 2008; Krueger et al., 2006).
While mouse models remain of interest, particularly in the context of drug development,
they have come under some scrutiny as replication studies have had variable results and

they do not always represent the true functional changes observed in the human disor-
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der. As a result, there has been increased focus on the use of brain tissue isolated from

schizophrenia cases to uncover changes that occur in the human disorder.

1.3.2 Postmortem Transcriptomic Studies in Schizophrenia

The use of postmortem tissue isolated from schizophrenia cases and controls has for the
last 20 years been the primary focus of understanding the gene expression changes in
the disorder. This section will first describe the initial microarray studies which profiled
gene expression from bulk tissue dissections before discussing more recent profiling of the
whole transcriptome using next-generation sequencing. It will conclude by highlighting
the findings from the most recent studies which have endeavoured to identify changes in

the transcriptome at the cell-type level.

1.3.2.1 Bulk Transcriptomics

The development of microarray technologies enabled affordable profiling of gene expression
in a wide variety of disorders. It also provided a way of bridging the gap between geno-
type and phenotype as little was known about the way in which neurobiology was affected
by the changes in genotype observed in schizophrenia cases (Mirnics and Pevsner, 2004;
Mirnics et al., 2006). While microarray studies were limited as they could only profile a
set of predefined genes, unlike RNA-seq studies which analyse the whole transcriptome,
these initial studies still identified a number of pathways and processes still believed to be
involved in schizophrenia such as presynaptic release, neuronal transcripts and metabolic
pathways (Middleton et al., 2002; Mirnics et al., 2000). Recognising the limitations of only
looking at subsets of genes and the output list of differentially expressed genes, another
microarray study aimed to organise these genes into regional and functional networks in
an attempt to provide a more holistic picture of the dysregulated expression (Roussos
et al., 2012). In this analysis, they used weighted gene correlation network association
(WGCNA) analysis to identify co-expression patterns of genes by grouping them into
modules and identifying the most correlated genes within each module which are known
as hubs (Langfelder and Horvath, 2008). These hub genes are then used to ascertain
whether there is an association between the identified modules and variables of interest
such as cell-type, phenotypes or brain region. In this study, (Roussos et al., 2012), five
modules were found to be associated for schizophrenia with the most significant module
implicating oligodendrocytes as it was enriched for oligodendrocyte expressed genes and
contained genes previously shown to be dysregulated in schizophrenia. This provided
early evidence of the benefit of integrating the results of these studies to provide a clearer

picture of the transcriptomic dysregulation.
Following the development of RNA sequencing technologies, the ability to profile the tran-
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scriptome dramatically improved. One of the main benefits is that RNA-seq can profile
the entire transcriptome such that the expression of all genes present in the sample can be
assayed. This also enables a hypothesis-free approach which can help overcome inherent
biases present in historical studies. Initially, these studies were often underpowered and
contained overlapping samples. One of the first large scale studies meta-analysed 153 indi-
viduals with schizophrenia and 153 matched controls to try and overcome the limitations
of smaller scale studies (Mistry et al., 2013). They identified only one gene OPCML as
differentially expressed and it was also implicated by GWAS, though at the time a much
smaller number of risk genes were known through these methods. A larger overlap was
observed in relation to other gene expression studies of schizophrenia. In addition genes
involved in pathways associated with schizophrenia were also observed such as CACNBS,
a gene involved in calcium signalling and others involved in postsynaptic signalling and
the dopamine pathway. Yet, these early studies in combination with microarray studies
often had inconsistent results particularly at the individual gene level. As a result, similar
to GWAS, there has been a move towards large-scale consortium studies in an attempt

to overcome these issues.

One of the first of these studies was by the CommonMind Consortium (CMC), who profiled
gene expression in dorsolateral prefrontal cortex (DLPFC) tissue from 258 schizophrenia
cases and 279 controls (Fromer et al., 2016). They identified changes in genes related to
the GABA and NK3 receptors suggesting interneuron dysfunction and possible cognitive
changes respectively, yet no significant pathways were observed. WGCNA analysis showed
that four of 35 modules were associated with schizophrenia differentially expressed genes
(DEGs). One of those four modules was associated with both the DEGs and genetic
variants associated with schizophrenia. This module also displayed reduced “density”
in cases which suggests that the regulation of these genes is disrupted in schizophrenia
and functional annotation implicated processes including axon guidance and postsynaptic
density. Interestingly, none of the schizophrenia risk genes identified by the GWAS at the
time were found to be differentially expressed yet this was thought to be due to limited
sample size. This study integrated genetic data with expression data to facilitate the
detection of expression quantitative trait loci (eQTL), that are variants which explain
variance in gene expression. Of the 108 schizophrenia risk loci reported at the time, 73
contained a significant eQTL yet this was expected by chance due to the sheer number of
eQTLs tested. However, colocalization analysis of the eQTLs and schizophrenia risk loci
identified 19 loci that contained a schizophrenia associated eQTL with eight implicating
a single gene. Five of these (those which encoded a known protein) were replicated in
another cohort. Of these five, two were involved in neurodevelopment while the others
were involved in synaptic components and all are included in the PGC3 list of 120 pri-

oritised genes for schizophrenia. This highlights the importance of integrating functional
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and genetic data in order to understand the biology of a disorder (Trubetskoy et al., 2022).

Additional large-scale studies of the brain transcriptome in relation to neuropsychiatric
disease has since been published by the PsychENCODE consortium (PsychENCODE
Consortium et al., 2015). This consortium combined data from ENCODE (Encyclopedia
of DNA Elements), CMC, GTex (Genotype-Tissue Expression) and Roadmap (Roadmap
Epigenomics Mapping Consortium) in addition to samples sequenced for PsychENCODE
(Wang et al., 2018). The ENCODE project has generated both gene expression and
epigenomic data in order to define biochemical functions of the genome (The ENCODE
Project Consortium, 2012) while GTex has compiled gene expression and genetic data in
order to study the relationship between the transcriptome and genetic variation (Lons-
dale et al., 2013). Roadmap has created epigenomic maps in order to better understand
gene regulation using data that shows changes in methylation, histone modifications and
other chromatin features in the genome (Bernstein et al., 2010). In terms of bulk tran-
scriptomic data, there were 1,089 controls and 558 schizophrenia cases and their analysis
provided a comprehensive look at not only gene level expression but transcript expression
and differential splicing (Gandal et al., 2018). While differential expression analysis at
gene level was concordant with previous studies, the extensive transcript analysis was
a relatively new aspect to the analysis. It found that while DEGs were shared across
neuropsychiatric disorders, differentially expressed transcripts (DETs) were more disease
specific although similar pathways such as inflammatory response and transporter sig-
nalling were implicated in both analyses. By using expression data from individual cell
types (which will be discussed in more detail in subsequent sections) they were also able
to implicate cell-types relevant to disease. In addition, DETs whose gene was not differ-
entially expressed appeared to be enriched in excitatory neuronal cell-types which have
been previously associated with the disorder (Skene et al., 2018). It is true that much
of the focus on transcriptome dysregulation is on protein-coding genes yet dysregulation
was also observed in noncoding portions of the transcriptome and a class of noncoding
RNAs (long noncoding RNAs) associated with neuropsychiatric disorders were found to
be under greater selective constraint than non-associated noncoding RNAs (Gandal et al.,
2018).

Differential splicing was also explored in order to complement the differential transcript
expression analysis by characterising intron usage. Exon skipping was the most widely
observed change followed by alternative 5" exon inclusion (Gandal et al., 2018). Enrich-
ment of splicing changes was also observed in RBFOX1 and FMRP which are both RNA
binding proteins with targets implicated in schizophrenia. Pathway analysis of genes im-
plicated in this analysis again pinpointed pathways involved in cytoskeleton and neuron

development which suggests that overall large-scale studies of bulk gene expression point
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towards a general picture of disruption in cell integrity, neuronal development and other
synaptic processes. Yet, analysis of different aspects of the transcriptome such as splicing
or transcript expression can elucidate further changes that are not observed by general
analyses. This is also an inherent limitation of bulk analysis in general given that the dys-
regulation observed is an overall picture of the tissue chosen. Indeed, important changes
at the cell-type level may be undetected due to differences in cell-type proportion with
rarer cell-types not present in enough quantities to be picked up in bulk analyses. Further-
more, expression can be variable across brain regions, and even within regions, implying
that both spatial and cell-specific analyses are required if we want to truly characterise

the neurobiology of schizophrenia.

1.3.2.2 Cell-type Specific Analysis

As mentioned above, there has been an increasing focus on carrying out functional anal-
ysis in a cell-type specific manner. By focusing only on bulk tissue, the complexities and
diversity of the transcriptome is not evident. As a result, transcriptomic analysis of spe-
cific cell-types is becoming increasingly common and can be carried out in two different
ways depending on the technology used. In order to differentiate between them I will
refer to the more modern single-cell (SC) studies which profile all cells in the sample as
SC while older studies which profile more limited numbers and types of cell as cell-type
specific (CTS). It must also be noted that the majority of cell-type specific studies of
brain tissue only profile the nucleus and not the cytosol due to the difficulty of isolating
whole neurons due to their structure (Lake et al., 2017; Ding et al., 2020). Yet, it has
been demonstrated that this has minimal effect on the overall results and studies com-
paring single-cell and single-nucleus transcriptomes have shown high concordance (Slyper
et al., 2020; Ding et al., 2020). In order to minimise confusion and in line with published

literature, I will refer to these studies as SC despite only the nuclei been isolated.

Reverting back to the cell-type specific studies that have been carried out, both CTS and
SC studies first require the isolation of single cells, which can be carried out using a wide
variety of methods such as fluorescence activated cell sorting (FACS), which tags cells
with a fluorescent marker allowing sorting of distinct populations, or micromanipulation,
which uses microscope guided pipettes (Hwang et al., 2018). A variety of the available
methods are displayed in Figure 1.3. FACS is now thought of as the preferred method as
it produces highly purified populations and is useful for isolating cells that have low popu-
lation numbers. Once the cells are isolated however, the CTS and SC studies differ, these
differences are detailed in Table 1.2. One major advantage of SC technologies however is
that they profile all available cell populations and as such are extremely high throughput

which is advantageous as it provides a more representative view of the expression per
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cell-type. Yet in studies of the transcriptome, CTS retains an advantage as it uses bulk
sequencing technologies which can profile specific transcripts. SC technologies only cap-

ture part of a transcript, namely the 3’ end, such that isoforms can not be profiled, this

advantage of C'TS studies is explored in Chapter 4 of this thesis.

Table 1.2: Features of bulk, cell-specific and single-cell sequencing studies.

Study Feature

Bulk Studies

Cell-type Specific Studies

Single-cell Studies

Sample size

Up to thousands

of individuals

Usually less than
500 individuals

Usually less than
100 individuals

Number of cells

No individual

Study dependent,

Study dependent,

cell types often 10-100 up to millions of cells
Which cells Nome Purified cells only All cells in
are profiled? the sample are profiled
Is transcript
information Yes Yes Not currently
available?

Main advantages

- Large sample size

- Transcript information

- Cell-type information

- Transcript information

- Cell-type information

- Large numbers of cells

Main disadvantages

. . - Smaller sample sizes at
- No cell-type information
both cell and individual level

CTS studies have profiled a wide variety of cell types. Initial CTS studies profiled pyra-
midal cells as working memory, which is affected in schizophrenia, relies on the firing of
pyramidal cells which end on dendritic spines which are reduced in schizophrenia (Arn-
sten et al., 2012). In terms of affected pathways the mitochondrial (MT) and ubiquitin
protease (UPS) systems were the major functions implicated in this study. Both layer 3
and layer 5 cells were profiled with MT dysregulation most observed in layer 3 and UPS
in layer 5 and not observed in bulk grey matter highlighting the need to research cell-
specific effects. UPS activity is enriched at pre- and post-synaptic terminals which again
suggests synaptic dysfunction and is concordant with studies previously discussed in this
chapter (Arion et al., 2015). The majority of the DETSs observed were under-expressed in
cases and did not overlap with cases of schizoaffective disorder which were also profiled,
suggesting differing neurobiology. This was confirmed by a followup study by the same
group which also showed differing DEGs in schizophrenia, major depressive disorder and
bipolar disorder (Arion et al., 2017). A further study which explored expression alter-
ation in parvalbumin neurons again implicated the mitochondria, though perhaps more

interesting was the finding that over 80% of DEGs were cell-type specific when compared
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Figure 1.3: Graphical illustration single-cell isolation techniques.

Graphical representation of a number of methods used to capture individuals cells which
are then profiled using different omic technologies. It was adapted from (Hwang et al.,
2018).

to previous results of the pyramidal cell study. This again showed the changes that would
remain undetected in bulk studies (Enwright et al., 2018).
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While the number of both CTS and SC studies that contain schizophrenia cases are
limited due to difficulty in collecting large numbers of postmortem samples, studies which
only profile cell-type specific expression in the brain of control samples can also be used
to gain insights into the contribution of different cell-types to schizophrenia. The first
SC transcriptome study of the human brain, published in 2015, identified 10 individual
cell types (Darmanis et al., 2015). Subsequent studies have been able to identify more
distinct cell populations given increased sample sizes (Lake et al., 2017). Not only that,
they have been able to integrate this expression data with published GWAS in order to
identify cell types that may be associated with the disorder. A 2018 study compiled several
scRNAseq datasets from both mouse and human to conduct cell-type enrichment using
common variants associated with schizophrenia (Skene et al., 2018). They found four
cell types which were robustly associated with schizophrenia including hippocampal CA1
pyramidal cells, striatal medium spiny neurons, neocortical somatosensory pyramidal cells
and cortical interneurons. Overall, the landscape of the cell-type specific transcriptome is
one which continues to be discovered particularly as these studies become more feasible

through the collection of further samples and the development of single-cell technologies.

1.3.3 Postmortem Studies of the Epigenome in Schizophrenia

Functional postmortem studies not only explore the transcriptome but also the epigenome
both at the bulk level and the cell-specific level in order identify changes in genomic regu-
lation. There are a number of epigenetic changes that can be profiled such as methylation,
histone modifications and chromatin accessibility in addition to three-dimensional analy-

sis.

1.3.3.1 Chromatin Accessibility Analysis

Several studies have profiled chromatin accessibility in the brain using both ATAC-seq
and THS-seq (Transposome hypersensitive site sequencing) which is a variant of ATAC-
seq (Buenrostro et al., 2013), (Sos et al., 2016). ATAC-seq profiles open chromatin regions
(OCRs) using an Tn5 transposase enzyme which can cut the genome at these regions. Fur-
ther details on ATAC-seq will be discussed in Chapter 4. A 2018 study profiled open chro-
matin in neurons and non-neurons from healthy individuals and found that differentially
accessible neuronal OCRs were enriched for common variants associated with schizophre-
nia (Fullard et al., 2018). Another study from the same year carried out bulk ATAC-seq
profiling in schizophrenia cases and controls also found that OCRs were enriched for com-
mon variants associated with schizophrenia, particularly so OCRs in conserved regions of
the genome (Bryois et al., 2018). Yet they found only three differentially accessible regions
between cases and controls, which is in contrast to other disorders (Bendl et al., 2022).

However, it is possible that this was hindered by technical covariates as substantially more
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OCRs were associated with postmortem interval. Single-cell profiling of open chromatin
in control brain cells attempted to assess enrichment of schizophrenia risk variants in
particular cell types yet failed to find a significant enrichment in any cell type in this
early study (Lake et al., 2017). A further CTS study of ATAC-seq in controls across four
cell types, GABAergic neurons, Glutamatergic neurons, oligodendrocytes and a mixture
of microglia and astrocytes did find enrichment of common variants for schizophrenia in
the OCRs of glutamatergic neurons (Hauberg et al., 2020). The per SNP heritability of
schizophrenia risk variants overlapping cell type specific OCRs also showed an almost ex-
clusive neuronal signal, again suggesting schizophrenia is a disorder of impaired neuronal
function and is consistent with similar analysis of the transcriptome (Skene et al., 2018).
This study, (Hauberg et al., 2020) forms a large basis for Chapter 4 of this thesis and will

be discussed there.

1.3.3.2 Analysis of the Methylome in Schizophrenia

Studies have also endeavoured to identify changes in DNA methylation in schizophrenia
and it is of particular importance as this epigenetic function regulates gene expression.
Changes in gene expression, particularly in development, are of keen interest as schizophre-
nia is now thought of as a neurodevelopmental disorder which makes the underlying cause
of these changes a vital area for study (Jakovcevski and Akbarian, 2012). Profiling of the
DLPFC methylome in schizophrenia and fetal control brains showed an overlap with re-
gions harbouring schizophrenia risk variants (Jaffe et al., 2016). CpG sites which were
differentially methylated between cases and controls were enriched for genes involved in
neurodifferentiation and development. These CpG sites also correlated with changes in
neurodevelopment and coincided with prenatal to postnatal changes. This suggests that
the epigenome is involved in the disrupted neurodevelopment in schizophrenia (Jaffe et al.,
2016). CTS profiling of the methylome has provided further detailed information about
neuronal and oligodendrocyte methylation in schizophrenia. Of particular interest was
the differential methylation observed in oligodendrocytes which was more extensive than
previously thought by other studies. This highlights the issue of bulk studies which may
have inadvertently been biased towards neuronal populations (Mendizabal et al., 2019).
Divergent methylation patterns were also observed in the two cell-types with schizophre-
nia associated differentially methylated sites being hypomethylated in neurons with the
opposite effect observed in oligodendrocytes (Mendizabal et al., 2019). Future SC studies
of the methylome in schizophrenia will be crucial in further elucidating changes in specific

cell-types.
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1.3.3.3 Analysis of Histone Modifications and the 3D Genome in Schizophre-
nia
In addition to methylation and chromatin accessibility, other epigenomic alterations that
have been explored are histone modifications and their relationship to the three-dimensional
structure of the genome. Histone modifications such as methylation and acetylation in
neuronal and non-neuronal cell-types were profiled with acetylation marks showing much
higher coverage across the neuronal genome (Girdhar et al., 2018). Similar to chromatin
accessibility and CpG methylation, histone modifications were enriched for schizophrenia
GWAS loci again highlighting the need to study the epigenome in tandem with genomic
studies. Enrichment was almost exclusively observed in neurons which suggested that
GWAS studies are characterising genomic changes predominantly in neuronal cell types

and most of the variation in modifications could be attributed to that cell-type.

Three-dimensional organisation of the genome such as topologically associated domains
(TADs) or chromosomal conformations may also be altered in disease implying a need to
relate this to schizophrenia genomics. Hi-C technology has enabled this research and in-
volves the detection of chromatin conformations allowing the three-dimensional structure
of the genome to be studied (Oluwadare et al., 2019). A 2018 study identified three-
dimensional changes in iPSCs using Hi-C in neurons and astrocyte-like cells (Rajarajan
et al., 2018). They then leveraged this map of three-dimensional changes in order to link
these changes to schizophrenia risk loci with neuronal chromosomal interactions more
likely to be in sequences associated with schizophrenia risk. This enabled genes associ-
ated with these interaction changes to be listed on a cell-type specific basis (Rajarajan
et al., 2018).

A 2022 study then integrated histone modification data from both purified neurons and
bulk DLPFC isolated from schizophrenia cases and controls with Hi-C data in order to
characterise the changes in these modifications in relation chromosomal conformation
(Girdhar et al., 2022). Differentially modified H3K4me3 methylation marks in neuronal
populations did not survive multiple testing suggesting that this mark is not consistently
affected in schizophrenia in neurons yet H3K27ac acetylation marks were dysregulated be-
tween cases and controls. Alterations were also observed within the SYNTAXIN 1A locus
which is a risk locus for schizophrenia and regulates the docking of the synaptic vesicle.
Following a similar theme of other epigenomic studies, acetylation marks were enriched for
common schizophrenia risk variants supporting the 2018 study discussed previously but
most strikingly these enrichments were driven by hyper-acetylation marks (Girdhar et al.,
2018). Furthermore, by clustering these acetylation marks into cis regulatory domains,

this study integrated these domains with Hi-C data to show that these domains were more
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likely to occur with TADs than any other random sequence (Girdhar et al., 2022). Thus
they correlated risk-associated regulatory domains with chromosomal domains (Girdhar
et al., 2022). Indeed, it is this type of integrative analysis that is needed going forward as
many individual studies converge on similar results that associated neuronal epigenomic
dysfunction with schizophrenia. It is only by expanding the types of cells profiled and
integrating many types of epigenomic, genomic and transcriptional data that we will fur-

ther our knowledge of the underlying biology.

1.3.4 Issues with Postmortem Brain Studies

Before focusing on the aforementioned multi-omic studies, I will first address a number
of common issues concerning postmortem studies. Firstly, an historical issue for these
studies is that they have limited sample sizes. This resulted in a number of conflicting
results prior to the establishment of functional genomic consortia such as the CMC and
PsychENCODE (Fromer et al., 2016; PsychENCODE Consortium et al., 2015). Since the
establishment of these consortia, large-scale studies have become increasingly common
and now converge on similar pathways and associations making findings more robust and
reliable. Secondly, as mentioned previously, single-cell studies of the human brain are
particularly difficult owing to the structure of neuronal cell-types which necessitates the
isolation of nuclei rather than whole cells. While some changes are missed in the cytoso-
lic transcriptome, single-nucleus studies do characterise a substantial number of features
in brain cell types (Skene et al., 2018). In addition, the age of the individuals in most
postmortem studies skews towards an older age profile (Wang et al., 2018; Hoffman et al.,
2019). This presents the issue that the onset of illness for these individuals was many
decades ago. Thus the functional genomics profile may reflect the effects of living with
schizophrenia for decades (including the effect of medications) and not the cause of the
illness. However, many studies try to account for this by including these as biological

covariates in their analysis if they are found to be affecting the results.

Finally, perhaps the most contentious issue is the use of postmortem tissue itself. There
remains debate as to how much postmortem tissue recapitulates the functional genomic
activity of the living brain. Indeed, technical factors such as postmortem interval or cause
of death have been tested for association with findings with differing results (Girdhar et al.,
2018; Bryois et al., 2018). A recent study compared tissue isolated from DLPFC from
living and postmortem tissue with expression differing between living and postmortem
tissue for 80% of genes suggesting that postmortem tissue is not an accurate proxy for
the living brain (Liharska et al., 2023). Yet, this study had a number of limitations

including the lack of living tissue from any healthy individuals or living schizophrenia
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cases 1n addition to the use of bulk tissue. It therefore remains to be seen whether the
limitations of postmortem tissue is widespread across all studies or just limited to certain

conditions.

1.3.5 Integrative Multiomic Studies in Schizophrenia

The integration of the vast omic resources that are now available presents a unique oppor-
tunity to understand disease pathophysiology. One of the most common ways to integrate
omics data is through quantitative trait loci (QTL) analysis. Molecular QTLs such as
expression QTLs (eQTL), methylation QTLs (mQTL) or chromatin accessibility QTLs
(caQTL) can be discovered when their respective data types are integrated with genotype
data for the same individuals profiled. These data can be used to investigate genomic loci
that can explain variation in that molecular phenotype (Aguet et al., 2023). Risk loci dis-
covered through GWAS studies (in this case schizophrenia GWAS) can then be integrated
by identifying which QTLs colocalize with risk loci to identify causal genes from GWAS
peaks. eQTL analysis in schizophrenia initially suffered from lack of power due to sample
sizes. One of the first large-scale RNA-seq studies in schizophrenia identified eQTLs in
20 of the then 108 risk loci with 5 of these loci implicating only one putative causal gene
(Fromer et al., 2016; Purcell et al., 2014). All five of these are now considered among the
PGC’s high priority risk genes for schizophrenia (Trubetskoy et al., 2022). Other studies
have generated large eQTL resources from a number of brain tissues by combining data
from multiple cohorts, substantially increasing the number of detected eQTLs (Sieberts
et al., 2020). Colocalization of these eQTLs also identified 17 genes as being putatively
causal in schizophrenia. This study also replicated findings from previous studies that
suggested the existence of few disease-specific eQTLs with many diseases showing overlap
of significant eQTLs suggesting the need for more targeted analysis (Sieberts et al., 2020;
Fromer et al., 2016; Ng et al., 2017). Other eQTL analysis have identified many eQTLs
associated with schizophrenia with extensive difference in both the number of eQTLs and
the regions of the genome in which they are detected between brain regions (Jaffe et al.,
2018). In addition, many risk loci associated with more than one gene making the charac-
terisation of these QTLs extremely difficult (Jaffe et al., 2018; Collado-Torres et al., 2019).
The PsychENCODE project has been at the forefront of QTL efforts in neuropsychiatric
disease including not only eQTL but also isoform QTL (isoQTL) and chromatin acces-
sibility QTL (caQTL) which was more extensive than previous studies (Wang et al., 2018).

Characterising the cell specificity of these eQTLs also remains largely unexplored and
given that bulk tissue is thought to mainly capture neuronal cell types there may po-
tentially be many cell-specific eQTLs. These studies remain limited particularly in post-

mortem tissue. A 2021 study profiled chromatin accessibility using primary human neural
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progenitor cell lines in differentiated neuronal and progenitor cells which showed that the
majority of caQTLs identified were cell-type specific (Liang et al., 2021) with approxi-
mately 30% associated with eQTLs.

Transcription wide association studies (TWAS) also aim to integrate eQTL and GWAS
data. TWAS imputes expression data using external eQTL and individual level genotype
data or summary statistics and then tests for association between the expression and the
trait of interest (Gamazon et al., 2015). New susceptibility genes for schizophrenia have
been suggested by TWAS with 35 of the 157 significant TWAS hits not overlapping with
the risk loci known through GWAS at the time (Gusev et al., 2018). They also functionally
validated their associations using Hi-C data which profiles chromatin interactions. This
found that 43 of the 157 genes were associated with chromatin changes which implicates
regulatory features that warrants further investigation. Subsequent TWAS also identified
novel associations in addition to replicating a large number of the in the previous study
(Collado-Torres et al., 2019).

Integrative analysis was undertaken by the PsychENCODE consortium to understand
genetic regulation in disease and to improve risk prediction (Wang et al., 2018). Inte-
gration of Hi-C data with the QTL types described above enabled the construction of
a regulatory network in order to connect non-coding GWAS loci to disease genes with
1111 schizophrenia associated genes identified, 321 of which are supported by more than
one type of omic data. They shared functions of previously associated genes such as cal-
cium channel and synaptic involvement but the increase in associated genes highlights the
power of integrative analysis (Wang et al., 2018). Finally, a deep learning model was used
to incorporate a wide variety of data including gene expression, QTLs, cell-type marker
genes, co-expression modules and chromatin states. This allowed for increased prediction
efficiency compared to previous models which shows the benefit of using functional and

genomic data in tandem.

1.4 Cell-type Deconvolution

Cell-type deconvolution also known as cellular deconvolution aims to estimate the pro-
portion of each cell-type present in a bulk sample (Avila Cobos et al., 2020). Most widely
used to ascertain the proportions in bulk transcriptomic data, it can also be applied to
other functional genomic data such as DNA methylation or chromatin accessibility data.
This section will give an overview of the principles of cell-type deconvolution and some
of the most popular methods and tools that are currently available. It will then focus on

some of its major uses including its initial primary use in tumour composition as well as
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some recent applications to brain expression data which is of most interest in this thesis.

1.4.1 Principles and Methods of Cell-type Deconvolution

Bulk tissue functional genomic studies begin with the isolation of a single tissue that is
first homogenised and nucleic acids extracted. A sample is then sent for sequencing. Yet,
this tissue is a diverse tapestry of different cell types. By performing bulk analysis we will
only gain an insight into the overall trends in the molecular phenotype being assessed.
(I will primarily focus on gene expression in this section unless otherwise stated). Gene
expression however is incredibly diverse and varied across cell-types, which has been high-
lighted by cell-specific and single-cell studies (Lake et al., 2017; Darmanis et al., 2015).
These cell-specific profiles therefore are represented in the bulk mixture yet we do not
know how much of each cell type is present. It is true that cell-isolation techniques can be
used to profile individual cell populations but this can be difficult and expensive indicating
the need for computational techniques. Deconvolution can also be used to generate new
results from historical bulk data. Deconvolution techniques often use prior knowledge of
the representative gene expression for each cell-type to build a signature matrix contain-
ing expression data for each cell-type. This expression data can either be composed of
known marker genes for a cell-type or use single-cell data which is common in more recent
methods (Hunt et al., 2019; Wang et al., 2019; Newman et al., 2019). This is then used
to decompose the mixture matrix to estimate the proportion of each cell-type for each

sample in the mixture (Figure 1.4).
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Figure 1.4: Schematic of cell-type deconvolution.
Graphical representation of a common approach to cell-type deconvolution. It shows
a bulk gene expression matrix (left) with a number of samples with gene expression
information for each sample. Cell-type specific gene expression profiles are then used to
construct a signature matrix (centre) and the integration of both enables the estimation
of the proportion of each cell-type in the mixture (right)

Different methods can be used to estimate the cell-type proportions. Some of the most
widely used tools and their underlying methods are listed in Table 1.3. The vast majority
are implemented through R packages and use non-negative matrix factorisation, support
vector regression, linear mixed models among many other algorithms (Hunt et al., 2019;
Wang et al., 2019; Newman et al., 2019). Other considerations within each method include
the type of reference/signature matrix such as cell-specific markers, normalisation or data
transformation. Given the large number of variables that have to be taken into account
when calculating cell-type proportions, an extensive benchmarking study was carried out
in 2020 (Avila Cobos et al., 2020). It was found that for the majority of methods, the
normalisation and data transformation method did not greatly impact results. Of the
deconvolution methods themselves, methods that used penalised regression methods to
estimate proportions performed the worst (Avila Cobos et al., 2020). Additionally, the use
of all available cell-type markers resulted in the most accurate proportions, presumably be-
cause it takes more of the expression profile into account. Furthermore, semi-supervised
approaches which use all available information perform better than unsupervised ap-
proaches which do not use labelled training data (Avila Cobos et al., 2020). In this thesis
we use dTangle (Hunt et al., 2019). The reason for the choice of this method and further
details of the dTangle algorithm and implementation will be described in Chapters 2 and 4.
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Table 1.3: Description of the most commonly used deconvolution methods.

Tool Method Reference Type Citation
Cell-type markers
CibersortX Support vector regression | or (Newman et al., 2019)
Single-cell expression data
Weighted non-negative . .
MuSIC | Single-cell expression data | (Wang et al., 2019)
east squares
Cell-type markers
dTangle Linear mixing model or (Hunt et al., 2019)
Single-cell expression data
DeconRNASeq Non-negative . Cell-type markers (Gong and Szustakowski, 2013)
least squares regression
. Cell-type markers
Bisque i Z;lt_r:;i?;g: regression | " (Jew et al., 2020)
Single-cell expression data

1.4.2 Uses of Cell-type Deconvolution

Cell-type deconvolution has historically been used in the study of cancer in order to
estimate the number of tumor versus healthy cells (Avila Cobos et al., 2020). It has since
been expanded to other areas of study within genomics. In particular, our interest is
in its use in studies of the brain and neuropsychiatric disorders. As the number of these
studies is more limited, I will first focus on the use of these methods in other tissues before
focusing on what these studies have found in studies of the brain in order to demonstrate
the utility of these methods.

1.4.2.1 Cell-type Deconvolution in Other Tissues

Deconvolution has been used to great effect in cancer research as mentioned above. Tu-
mours are known to be incredibly heterogeneous and accounting for this heterogeneity can
help predict tumour subtypes more accurately (Elloumi et al., 2011). A 2015 study used
deconvolution to identify the abundance of different tumour-associated leukocytes present
in tumour samples (Gentles et al., 2015). Once quantified, they integrated these propor-
tions with survival statistics in order to assess the validity of using these cell populations
for prognostic stratification and to identify candidate genes that could be investigated as
therapeutic targets (Gentles et al., 2015). Other studies have profiled the abundance of
the tumour microenvironment in bladder cancer finding that M2 macrophages were the
most abundant tumour infiltrating immune cell and were associated with poor prognosis
(Xue et al., 2019). This could be useful for novel immunotherapies which target these
macrophage populations. Further studies have also used deconvolution to profile tumour
infiltrating cell abundance in colon cancer and construct an immune risk score based on

these relative abundances (Zhou et al., 2019). Similar strategies have also been used in
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the study of acute myocarditis, an inflammatory disease which results in cardiac dysfunc-
tion (Kawada et al., 2021). Natural killer cells and T cells were the immune infiltrating
cells with the highest observed proportions and this was consistent with immunohisto-
chemistry, thus supporting the use of deconvolution methods to explore the landscape of

immune infiltrating cells in disease.

1.4.2.2 Cell-type Deconvolution in the Brain

As this thesis is focused on the use of deconvolution in schizophrenia gene expression data,
I will now focus on uses of this method in brain tissue. Firstly, deconvolution has been used
as a technical covariate in brain gene expression studies. As mentioned, bulk studies take
a sample of tissue and profile the expression within this sample. As such, there remains
a question as to whether the differences in gene expression between cases and controls
are true differences or a reflection of cell composition differences. A 2016 study tested
this when carrying out a differential gene expression analysis between schizophrenia cases
and controls (Fromer et al., 2016). They found that cell type proportions estimated using
deconvolution did not explain significant differential expression. Had they found that the
opposite was true, they then would have been able to include cell-type proportions as a
covariate in their model in order to accurately identify DEGs. This is particularly useful
when combining data from multiple cohorts where cell proportion may differ greatly due
to a number of technical and biological reasons such as age, dissection or batch effects.
A recent study from the CMC also looked at gene expression differences in schizophrenia
by combining multiple cohorts (Hoffman et al., 2022). They estimated cell-type propor-
tions for four cell-types (GABAergic neurons, glutamatergic neurons, oligodendrocytes,
and microglia and astrocytes combined) using dTangle and found that factors such as
age of death and sex explained some of the variation in these proportions. As a result,
the cell-type proportions were used in the differential gene expression model in order to

control for these differences and accurately define DEGs.

Another use of deconvolution is to ascertain whether proportions of certain cell-types
differ between cases and controls. The 2016 study mentioned above did not observe
any differences between cases and controls in the cell-types studied, a finding supported
by another study from 2022 (Fromer et al., 2016; Hoffman et al., 2022). Analysis by
the PsychENCODE consortium in 2018 expanded the number of cell-types analysed to
24 and found a decrease in an excitatory neuronal population (Ex5) associated with
schizophrenia (Wang et al., 2018). Additionally, associations of cell-type proportions in
Ex3 and Ex4 with age were also observed which were thought to be due to the gene
SST which is involved in aging and neurotransmission. This study also identified QTLs
associated with cell fractions (fQTLs) (Wang et al., 2018). Excitatory neurons Ex4 and
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Ex5 were associated with the most fQTLs. While an eQTL was found to be associated
with expression levels of the gene FZD9 and this SNP was also associated with the
proportion of Ex3 cells via an fQTL (Wang et al., 2018). This is of particular interest as
FZD9 is associated with fraction changes in Williams Syndrome which is a rare genetic
disorder that among other things causes changes in cognition, a symptom shared by
neuropsychiatric disorders (Chailangkarn et al., 2016). Overall, it is clear that estimating
cell-type proportions in bulk brain tissue is important from both a technical and a disease

perspective.

1.5 Cell-type Expression Imputation

An extension of cell-type deconvolution is cell-type expression imputation. In this case,
the proportions that have been ascertained from deconvolution are integrated with bulk
data to derive cell-type specific gene expression profiles given that bulk expression data
is a mixture of cell-type gene expression that will vary based on the proportion of the
cell-types present in that mixture (Wang et al., 2021). It is a novel way of gleaning extra

information from historical bulk data and is used in Chapters 2 and 4 of this thesis.

Initial tools for expression imputation used proportions and bulk data to estimate population-
average cell-type specific expression (Shen-Orr et al., 2010). Population level imputation
involved the creation of an overall expression profile per cell-type but did not give sample-
level information. This type of imputation was implemented by the tool csSAM and could
be used to conduct cell-type specific differential expression analysis in the absence of
single-cell of cell-specific data which makes it a valuable method (Shen-Orr et al., 2010).
Further tools have been developed which can generate sample-level imputed gene expres-
sion rather than population-average profiles. There are two main tools for this type of
analysis, the first of which, CIBERSORTx is an extension of the CIBERSORT deconvolu-
tion tool (Newman et al., 2019). It can impute both sample and population level profiles.
The other tool and the one which is used in this thesis is known as bMIND and is im-
proved version of an earlier implementation known as MIND (Wang et al., 2020, 2021).
Extensive testing of bMIND on brain expression data for autism and Alzheimer’s disease
has shown significant overlap with findings from unimputed data and was found to be
more accurate than other methods (Wang et al., 2021). Overall, expression imputation
tools can be used to generate cell-type specific profiles that may otherwise be unavailable,
particularly at scale which can then be used to conduct analysis that would otherwise
be impossible such as cell-type specific differential gene expression analysis with certain

phenotypes.
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1.6 Limitations and Challenges in this Subject Area

The area of neuropsychiatric genomics is fraught with many limitations and challenges.
These include the small proportion of variance explained by common risk variants in
schizophrenia, the difficulty of identifying rare variants due to small sample sizes in exome
sequencing cohorts and the fact that many risk variants for schizophrenia are located in
noncoding regions of the genome which makes it difficult to ascertain their functional
impact. The two main limitations that I will discuss in relation to this thesis are cell-type
specific analysis in schizophrenia and the analysis of gene-sets generated using functional

genomics data.

1.6.1 Cell-type Specific Analysis in the Study of Schizophrenia

As evidenced by the discussion of brain postmortem studies of schizophrenia in this chap-
ter, cell-type specific analysis are extremely limited with the majority of studies using
bulk tissue. This is because of the difficulty of obtaining large numbers of postmortem
samples from individuals diagnosed with neuropsychiatric disorders. In addition, post-
mortem brain tissue is often of low quality with the RNA integrity number (RIN, a quality
control metric used for RNA) often below eight indicating lower quality RNA for profiling
gene expression. The profiling of whole cells is also unachievable due to the structure
of neurons resulting in the majority of studies only profiling nuclei resulting in a lack of
information regarding cytosolic gene expression. Developments in sequencing technologies
have enabled new studies of cell-specific gene expression and other molecular phenotypes.
However, these studies are rarely schizophrenia specific and have small samples sizes and
do not detect transcript expression changes. It is known that understanding the cell-type
specific changes in schizophrenia is of utmost importance with single-cell brain studies
showing vastly difference expression profiles (Darmanis et al., 2015; Wang et al., 2018).
Therefore, by only utilising bulk tissue we may be missing the vast majority of disease-
specific changes. Furthermore, most studies only investigate one type of genomic data
and the integration of different molecular phenotypes are needed. We were interested
to characterise cell-specific changes in schizophrenia to add to the current knowledge of
its neurobiology. We therefore sought to leverage historical bulk data and deconvolu-
tion and imputation methods to gain new cell-specific insights using published data. We
also generated and analysed a new cell-specific dataset to identify changes in both the

transcriptomic and chromatin accessibility landscapes in schizophrenia.
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1.6.2 Analysis of Gene-sets Generated Using Functional Ge-

nomics Data

Vast numbers of gene-sets relating to a variety of phenotypes are now available as a result
of GWAS and functional genomic studies from both human and mouse studies. Charac-
terisation of these gene-sets in terms of the phenotype of interest is of great importance.
In keeping with the focus on cell-type specificity in this thesis, we were interested in char-
acterising the cell-type specificity of genes dysregulated as a result of MEF2C knockout
in mouse models. We were interested in MEF2C as it is noted as a key risk gene in
schizophrenia. Previous studies have investigated the cell-type enrichment of these gene-
sets yet have had to rely on mouse data due to the lack of schizophrenia specific data. We
were also interested in characterising co-expression enrichment patterns given that this

remains largely unexplored.

1.7 Aims and Objectives of this Thesis

1.7.1 Chapter 2

The first study of this thesis aimed to leverage the bulk transcriptomic data complied by
the CMC to create cell-type specific expression profiles by first using cell-type deconvo-
lution to ascertain the proportions of each cell-group in the population and then using
these proportions to impute sample-level gene expression for each individual. This study
aimed to i) investigate whether these proportions differed between schizophrenia cases
and controls or were associated with a schizophrenia-based PRS, ii) conduct cell-specific
differential expression and downstream analysis using these imputed profiles to provide

further information on the neurobiology of schizophrenia.

1.7.2 Chapter 3

This analysis aimed to explore the effects and cell type specificity of genes which were
dysregulated as a result of MEF2C perturbation and were first identified by conditional
knockouts of MEF2C (Harrington et al., 2016, 2020). This study aimed to i) identify
which human cell types these gene-sets are enriched in using open-access scRNA-seq data
in schizophrenia cases and controls, ii) use scRNA-seq data from the developing brain
to identify whether these genes are enriched in certain human cell types at particular
time points iii) use these gene-sets to assess co-expression enrichment patterns in specific

cell-types using scRNA-seq data.
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1.7.3 Chapter 4

This study aimed to profile cell-type specific changes in gene and transcript expression
and chromatin accessibility in schizophrenia. This study profiled both of these molec-
ular phenotypes in schizophrenia cases (n=50) and controls (n=>50) for four cell types:
GABAergic neurons, glutamatergic neurons, oligodendrocytes and microglia/astrocytes.
For each individual, one of each cell-type was profiled resulting in an RNA-seq dataset and
ATAC-seq dataset of 400 cells each. Following data generation, we characterised gene ex-
pression differences between cases and controls using differential gene expression analysis
for each of the four cell types. This study also aimed to identify the extent to which these
DEGs overlapped between cell types in order to pinpoint which DEGs were contributing
to cell-specific dysregulation. We then aimed to characterise the functions that these
DEGs could have impacted using pathway and gene ontology analysis which used both
general gene-sets and a targeted approach using synaptic gene-sets from SynGO (Koop-
mans et al., 2019). This study aimed to leverage the novelty of the cell-type specific
transcript expression profiles to pinpoint differential transcript expression which is not
captured by current single-cell technologies. We sought to accomplish this through the
use of a new meta-analysis tool, remaCor (https://gabrielhoffman.github.io/remaCor/)
further increase our power to identify dysregulated transcripts (Han and Eskin, 2011;
Han et al., 2016; Lee et al., 2017). Pathway analysis was chosen to gain an insight into
the functional processes affected by our transcript-level results. using both general gene-

sets and a targeted approach using synaptic gene-sets from SynGO.

In terms of the chromatin accessibility, this study aimed to i) identify open chromatin
regions in the samples and ascertain the number of novel peaks and the overlap with pre-
vious annotations, ii) characterise differences in chromatin accessibility between cases and
controls using differential chromatin accessibility analysis for each of the four cell types.
Following this, this study aimed to i) characterise the functions that these differentially ac-
cessible regions could have impacted using pathway and gene ontology analysis using both
general gene-sets and a targeted approach using synaptic gene-sets from SynGO, ii) iden-
tify whether these regions are enriched for common variants associated with schizophrenia

using LD score regression.

This study also aimed to use canonical correlation analysis and similarity network fusion to
break our samples into schizophrenia molecular subtypes. Molecular subtypes are subsets
of cases that show similar molecular dysregulation, in this case at the gene-expression
level. These were created in order to reanalyse the data on a subtype specific basis.
Finally, this study aimed to use deconvolution and expression imputation in two ways.

We first aimed to use single-cell data as a reference to find proportions of cell subtypes in
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our four cell-types and then impute the expression of these subtypes. We also sought to
use our four cell-types as a reference to find proportions of cell-types in bulk CMC gene
expression data and then impute the expression of these four cell types using the bulk
data. Once the latter analysis was complete, we aimed to detect cell-specific eQTLs in
this cohort using matched genotypes and following eQTL detection this study aimed to

identify causal SNPs using a colocalization analysis.
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Chapter 2

Using Cell-type Deconvolution
to Explore the Role of
Different Cell-types in

Schizophrenia
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2.1 Abstract

Schizophrenia (SCZ) is a severe psychiatric disorder which is thought to affect 1% of the
population. Functional genomics studies that have integrated bulk expression data with
cell-type specific information have indicated that transcriptomic changes vary greatly be-
tween cell-types. Yet, cell-type specific studies of SCZ remain limited due to technical
challenges, low sample sizes and sequencing costs. We aimed to integrate bulk transcrip-
tomic data derived from SCZ cases and controls with single-nucleus data to gain cell-type
specific insights into this disorder. We did so by using cell-type deconvolution to es-
timate cell-type proportions. We observed differences in cell-type proportions between
cases and controls for a number of cell-types including excitatory neurons. We also found
that proportions of microglia are associated with a polygenic score for SCZ. We used
these proportions to carry out gene expression imputation to generate cell-type specific
expression profiles. This enabled us to conduct a cell-type specific differential expression
analysis. An overrepresentation analysis of these differentially expressed genes implicated
a variety of disease-relevant processes. However, our estimated proportions do differ from
previous deconvolution studies which raises questions as to the robustness of our results.
Despite this we do observe similar SCZ-relevant functions and trends identified in previous
studies. This suggests that this type of analysis may prove useful for gaining new insights

from bulk data in future work.
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2.2 Introduction

Schizophrenia is a neuropsychiatric disorder which affects approximately 1% of the pop-
ulation (Kahn et al., 2015). It is among the top 15 causes of disability and affects 20.9
million people globally (GBD 2016 Disease and Injury Incidence and Prevalence Col-
laborators, 2017; Charlson et al., 2018) There are three major categories of symptoms
associated with SCZ. Most notably these include positive symptoms such as delusions
and hallucinations but extend to negative symptoms that consist of a decline in normal
behaviours related to motivation or expression or emotion (Kahn et al., 2015; Correll and
Schooler, 2020). Cognitive deficits are also a hallmark of SCZ and include disorientation,
poor attention and issues with abstract thinking (McCutcheon et al., 2023).

SCZ is a complex multifactorial disorder and a wide variety of both genetic and envi-
ronmental factors are believed to influence its development. In terms of environmental
associations, drug use, prenatal stress, maternal immune activation, viral infection and
season of birth have been shown to increase risk of SCZ (Vaucher et al., 2018; Choudhury
and Lennox, 2021; Khandaker et al., 2012; Kahn et al., 2015). From a genetic perspective,
twin studies have estimated heritability of SCZ to be approximately 79% (Hilker et al.,
2018). However, SCZ has been found to be a polygenic disorder with no single genetic
cause. Detection of common variants associated with SCZ has occurred primarily through
genome-wide association studies (GWAS). The current and most extensive GWAS iden-
tified 342 SNPs across 287 distinct loci in the genome implicating hundreds of genes in
the disorder (Trubetskoy et al., 2022). Furthermore, common variants currently only ex-
plain 24% of SNP heritability which suggests that other genetic factors also play a role in
the development of SCZ. Rare variation in SCZ proved initially difficult to detect given
the small sample sizes of exome sequencing cohorts at that time (Purcell et al., 2014).
However, further studies with increased sample size have managed to detect rare vari-
ants which are exome-wide significant. The most recent large-scale rare variant analysis
from the SCHEMA consortium (Singh et al., 2022) identified 10 ultra-rare variants which
passed the exome-wide significance level. Downstream analysis of both rare and common
variants has aimed to discern functional consequences of this variation. Functionally,
synaptic processes in addition to calcium channels have been implicated by both common
and rare genetic variants associated with SCZ risk (Trubetskoy et al., 2022; Singh et al.,
2022; Pardinas et al., 2018). Rare and common variants both also point to the dysreg-
ulation of postsynaptic functions yet recent results from SCZ GWAS (Trubetskoy et al.,
2022) also suggests that a presynaptic pathology may also be involved in SCZ.

Purely genetic studies can only provide a small insight into the etiology of a condition and

as such there has been a increased move towards functional genomic studies. Functional
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genomics aims to bridge the gap between phenotype and genetic variation by assessing
changes in dynamic processes such as gene expression and gene regulation. Initial func-
tional genomics studies in SCZ primarily profiled gene expression in order to understand
the neurobiology of the disorder. Early studies explored changes in SCZ mouse models
that aimed to recreate the phenotypic observations in SCZ using knockouts of putative
SCZ risk genes or the generation of a model that recapitulated a genetic or neurobi-
ological defect associated with SCZ (Lipska and Weinberger, 2000). Examples include
models of the DISC1 gene, 22q11 deletion syndrome (in which SCZ is highly prevalent)
and the reelin gene which have had varying levels of success (Uliana et al., 2022). DISC1
in particular has been under much scrutiny in recent years because despite its success
in recapitulating brain morphology and symptomology observed in schizophrenia (Clap-
cote et al., 2007), its disease relevance is under question. More recent genomic studies
such as GWAS do not support its role in SCZ (Trubetskoy et al., 2022; Sullivan, 2013;
Pardinas et al., 2018). Indeed, its discovery was based on cytogenetic and pedigree find-
ings and while its perturbation does produce a related phenotype, it is possible that it
does not reflect genetic variation of schizophrenia in the wider population. Additionally,
mouse models will not truly reflect the human condition despite phenotypic similarities.
As such, there has been a move towards functional studies of postmortem human brain

tissue that may better reflect disease associated changes.

Transcriptomic studies of postmortem brain tissue in SCZ has led to a number of findings
in recent years. Initial smaller scale studies of gene expression in SCZ used microarray
technologies and were more limited due to the number of genes profiled in comparison to
modern RNA-seq studies. Yet they are still consistent with subsequent GWAS and more
recent functional studies with synaptic dysfunction, the mitochondrial and ubiquitin pro-
tease systems and metabolic pathways emerging as relevant to SCZ (Middleton et al.,
2002; Mirnics et al., 2000, 2006). Identifying particular genes that showed differential
expression did however prove to be more difficult with smaller-scale studies not providing
sufficient power for DEG detection (Mistry et al., 2013). The first large-scale study was
carried out by the CommonMind consortium (CMC) in 2016 and overcame a number
of this issues (Fromer et al., 2016). While they did not find any significantly enriched
pathways from their differentially expressed genes (DEGs), they implicated GABA and
neurokinin receptors which suggested dysregulation of interneurons. Even larger efforts
have followed this, most notably via the PsychENCODE study which contained more than
double the number of SCZ cases in the original CMC study (Wang et al., 2018; Gandal
et al., 2018). This study not only included gene expression data but also epigenomic data
and was outlined in the introduction chapter of this thesis. In terms of gene expression,
which is the focus of this chapter, this study provided extensive characteristion of the

transcriptome at gene, transcript and splicing level (Gandal et al., 2018). Enriched path-
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ways were consistent with results described previously but they also implicated cell-types
that are believed to be important in SCZ including excitatory neuronal types and oligo-
dendrocytes. Other findings from this study also pointed towards cell-type effects with
co-expression modules and eQTL results pointing towards cell-type specific changes in the
context of SCZ. As such there has been much focus on cell-type specific transcriptomic
studies in SCZ.

While there has been a vastly increased effort to carry out cell-type specific studies in
SCZ, these have been limited as it was previously difficult to carry out such studies.
Difficulties included cell-isolation, low throughput technologies and small individual level
sample sizes of postmortem tissue cohorts, an issue which has also impacted bulk studies.
Initial studies focused on excitatory neuronal subtypes as the glutamatergic system has
been consistently implicated in SCZ as antagonists of the NDMA receptor can mimic the
cognitive deficits observed in schizophrenia (Newcomer et al., 1999; McCutcheon et al.,
2020). Findings from studies on pyramidal cells, a major excitatory neuron type in the
brain, found regional expression differences in this cell-type (Arion et al., 2015). DEGs
from pyramidal cells in layer 3 mainly implicated the mitochondrion while layer 5 pyra-
midal cells implicated the ubiquitin protease system. If even cells of the same type show
regional differences, we would expect different cell-types to show even more specific alter-
ations. This is indeed true in SCZ. A subsequent cell-specific study profiling inhibitory
neurons compared their DEGs to those identified in pyramidal neurons and found that
approximately 80% of the DEGs were cell-type specific. As such bulk studies only capture
an overall picture of transcriptomic changes and cell-specific studies are needed to truly

understand the neurobiology of SCZ.

Cell-type specific or single-cell studies are however expensive to carry out and until re-
cently were extremely limited in the literature. In addition, there is now a substantial
amount of bulk transcriptomic data whose sample size is much larger than cell-specific
studies. Cell-type deconvolution techniques which estimate cell-type proportions in bulk
data provide an opportunity to leverage this bulk data to gain new insights into cell-type
specific dysregulation in SCZ. The underlying principle of cell-type deconvolution was
explained in detail in Chapter One of this thesis but, in brief, most tools work as fol-
lows. They use prior knowledge (usually derived from cell-specific or single cell studies)
to build a signature matrix containing expression data for each cell-type (Newman et al.,
2019; Hunt et al., 2019). This reference data is then used to estimate proportions for
each cell-type for every sample in the bulk expression matrix. These proportions can be
useful in two main ways. Firstly, they can be used to assess whether the proportions differ
between cases and controls. This is important because if they differ, we must consider

if the gene expression differences in bulk data are due to disease specific effects or just
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differing proportions of cells in a sample. Secondly, estimated cell-type proportions can
be combined with expression imputation techniques such as bMIND (Wang et al., 2021)

to infer cell-type expression and leverage bulk data to identify cell-type specific changes.

This study aimed to build on the work carried out by the PsychENCODE consortium
(Wang et al., 2018; Gandal et al., 2018) by estimating the cell-type proportions in bulk
RNA-seq expression data (n=494 controls, n=354 SCZ cases) using newer snRNA-seq as
a reference to produce a more representative estimate. We then assessed whether these
proportions were associated with a polygenic risk score (PRS) for SCZ by using matched
genotype data for the individuals present in the bulk RNA-seq data. We then tried to
leverage these proportions and the published RNA-seq data-set to gain new insight of
cell-type specific changes in SCZ. This was achieved through the use of the expression
imputation tool bMIND. We then aimed to run a differential gene expression analysis on
these imputed matrices to see if we could identify cell-specific changes. In addition, we ran
gene-set enrichment analysis to infer functional processes implicated by the genes from
each cell-type. We also assessed if DEGs overlap with common risk variants associated
with SCZ and other related traits using GWAS summary statistics. Overall, this study
aimed to gain new cell-specific insights into SCZ from published bulk tissue functional

genomics data.
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2.3 Methods

2.3.1 Dataset Description and Processing

Gene expression data from bulk RNA-seq (n=494 controls, n=354 SCZ cases) were ob-
tained from the CMC, which is a large-scale resource for functional genomics studies
of neuropsychiatric disorders and has been described previously in this thesis (Hoff-
man et al., 2019). Our dataset is restricted to those with matching genotype data for
the purposes of downstream analysis. Reads were trimmed using the adapter trimming
tool, Trimmomatic (v0.36)((Bolger et al., 2014)) and assessed for quality using FastQC
(www.bioinformatics.babraham.ac.uk/projects/fastqc/). They were then mapped to the
GRCh38 version of the human reference genome using the alignment tool STAR (v2.5.3a)
(Dobin et al., 2013). The quantification tool RSEM (v1.3.0) (Li and Dewey, 2011) was
used to quantify reads at transcript level, which were then summarised at the gene level

for the final raw count matrix.

2.3.2 Cell-type Deconvolution

We sought to estimate the proportion of cell-types present in the bulk RNA-seq data de-
scribed above using the cell type deconvolution tool dTangle (Hunt et al., 2019). dTangle
estimates cell-type proportions using a linear mixed model and was chosen for this purpose
as it has been shown to have among the most accurate tools for deconvolution in brain
expression data (Sutton et al., 2022). Cell-type deconvolution requires a bulk expression
matrix in which the proportion of each cell-type per sample is estimated, which is the
CMC data described above. It also requires a reference data-set that provides cell-type
specific expression data or cell-type specific markers which are used a reference to estimate
the proportions in the bulk data. To this end, we used a single-nucleus RNA-seq (snRNA-
seq) data-set from a multi-omic study that profiled single-nucleus gene expression in the
neocortex (Zhu et al., 2023). We filtered this data-set to only include adult samples. It
contained ten distinct cell-types (excitatory neurons, medial ganglionic eminence derived
inhibitory neurons (IN-MGE), caudal ganglionic eminence derived inhibitory neurons (IN-
CGE), oligodendrocyte precursor cells (OPCs), astrocytes, oligodendrocytes, microglia,
endothelial cells, pericytes and vascular smooth muscle cells (VSMC)). We filtered both
the bulk and snRNA-seq expression matrices in order to remove lowly expressed genes,
i.e, those which had a Count Per Million (CPM) < 1 in 30% of samples. We converted
the snRNA-seq data “pseudobulk” by summing the expression values across all cells in
a cell-type. Both count matrices were normalized using the Trimmed Mean of M-values
(TMM) method using the limma R package and transformed to log(CPM+1). We then
subsetted these matrices to include only genes that were common between them and com-

bined them into one matrix which is protocol for dTangle. The normalizeBetweenArrays|()
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function within limma was then used to normalise expression intensities between the bulk
and snRNA-seq data. We selected marker genes for the snRNA-seq data through the
use of the cell-type marker genes identified in the original study (Zhu et al., 2023). We
then estimated the proportions of each cell-type in the bulk matrix using the dtangle()
function. This function requires as input: i) our combined FANS cell-type and reference
expression matrix, ii) the list of marker genes per cell-type, iii) a vector containing infor-
mation on which samples of the combined matrix are to be considered reference profiles

and iv) the data-type which was “rna-seq”.

2.3.3 Polygenic Risk Scoring

In order to compute PRS for each individual in our bulk expression matrix we used the
PRS software, PRSice-2 (Choi and O’Reilly, 2019). GWAS summary statistics from the
latest SCZ GWAS were used as the “base input” to PRSice. While, the “target data-
set” used was matching genotype data from the CMC individuals included in our bulk
expression data, which is publicly available (Hoffman et al., 2019). The genotype data was
converted from variant call format (VCF) to PLINK format using the PLINK software
(V1.9) (Chang et al., 2015) (https://www.cog-genomics.org/plink/). Standard quality
control measures were carried out using PLINK. We removed SNPs that were missing
in at least 10% of individuals (—geno 0.1) and no individuals were removed for excessive
missingness (—mind 0.1). The minor allele frequency (MAF) threhold used was 0.05 (—maf
0.05) and Hardy-Weinberg Equilibrium (HWE) outliers were also removed (~hwe le-6).
PRSice uses a thresholding and clumping method to calculate a PRS for each individual.
It sums up the number of minor alleles for each SNP and multiplies this by the GWAS
effect size. Both were supplied to PRSice using default settings and the resulting PRS
was used to assess whether there was an association between the proportions calculated

using cell-type deconvolution and PRS.

2.3.4 Gene Expression Imputation

The proportions estimated by dTangle were used as input to impute cell-type specific gene
expression profiles using bMIND (Wang et al., 2021). bMIND can estimate per-sample
cell-type specific gene expression profiles. It takes a bulk expression matrix and an esti-
mate of the proportion of each cell-type present in each bulk sample as input. It uses the
Markov chain Monte Carlo (MCMC) model to impute this gene expression (Wang et al.,
2021). This created ten cell-type specific count matrices (n=494 controls, n=354 SCZ
cases), (Excitatory neurons, IN-MGE, IN-CGE, OPCs, Astrocytes, Oligodendrocytes,
Microglia, Endothelial cells, Pericytes, VSMC).
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2.3.5 Differential Gene Expression Analysis

We conducted a differential gene expression analysis of the imputed count matrices to
identify disease associated expression changes. Each imputed count matrix was filtered
to include only genes where the CPM was >1 in at least 20% of the samples. We used
the Bayesian information criterion to select covariates which resulted in sex, GC coverage
and the unmapped read percentage being included in the model for certain cell types.
The count matrices for each cell-type were normalised using the TMM method and then
transformed to log2(CPM+1) using the voom() function in the limma R package (Ritchie
et al., 2015). In order to identify the DEGs, we used the dream() function from the
variancePartition R package (Hoffman and Schadt, 2016; Hoffman and Roussos, 2021)
and applied a multiple testing correction (FDR < 5%).

2.3.6 Gene-set Analysis

We used ConsensusPathDB to carry out an overrepresentation analysis of the DEGs
detected for each cell-type using the genes expressed in the cell-type tested as the back-
ground. ConsensusPathDB is a browser-based database that integrates information from
various pathway and gene-ontology databases. Each set of DEGs was uploaded to the
ConsensusPathDB website where ConsensusPathDB calculated a P value for each path-
way /GO term available in its database using a hypergeometric test. Hypergeometric tests
are used to investigate whether the ratio of the number of genes in a set that map to a
particular pathway or GO term being tested is significantly greater than those that do
not map to that pathway/term.

We also employed a targeted approach for the three neuronal DEG gene-sets. This was
carried out using the synaptic gene ontology resource SynGO (Koopmans et al., 2019).
We uploaded each neuronal gene-set to SynGO individually to identify possible synaptic

locations implicated by our gene-sets.

We also used the gene-set analysis tool MAGMA to test enrichment of the DEGs per cell
type in GWAS summary statistics (de Leeuw et al., 2015) (http://ctg.cncr.nl/software/
magma). We used summary statistics from published GWAS on SCZ (Trubetskoy et al.,
2022) (n=76,755 SCZ cases, n=243,649 controls), intelligence (IQ) (Savage et al., 2018)
(n=269,867) and educational attainment (EA) (Lee et al., 2018) (n=766,345). We mapped
SNPs with available GWAS results to genes using GRCh37/hg19 coordinates. Gene P-
values are calculated for each set of GWAS summary statistics and the genes were padded
by 35kb upstream and 10kb downstream in order to include regulatory region variants. We
estimated linkage disequilibrium (LD) using the European panel of 1000 Genomes Project.

The gene based analysis in MAGMA is based on a multiple linear principal components
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regression model. This model accounts for LD between SNPs in each gene, the number
of SNPs in each gene, the GWAS sample size and the inverse of the mean minor allele
count of variants per gene. We corrected for multiple testing using Benjamnin-Hochberg

correction to compute Q) values.
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2.4 Results

2.4.1 Cell-type Deconvolution

We took bulk RNA-seq data generated by the CMC (Hoffman et al., 2019) in addition to
scRNA-seq data and processed it as described in Methods. Using both datasets we esti-
mated the proportions of the ten cell-types in each sample present in the bulk expression
matrix. These proportions are illustrated using boxplots in Figure 2.1. Excitatory neu-
rons had a mean proportion of 0.151, while the IN-MGE and IN-CGE neurons had mean
proportions of 0.047 and 0.055 respectively. Oligodendrocytes were estimated to have an
average proportion of 0.111 while OPCs has a mean proportion of 0.032. Microglia had an
average proportion of 0.062 while endothelial cells, pericytes and VSMCs has proportions
of 0.202, 0.154 and 0.114 respectively.
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Figure 2.1: Boxplots showing the distribution of the proportion of each cell-type across
the samples in the bulk expression matrix. The proportions of the following cell-types
were estimated, excitatory neurons (EN), medial ganglionic eminence derived inhibitory
neurons (IN-MGE), caudal ganglionic eminence derived inhibitory neurons (IN-CGE),
oligodendrocyte precursor cells (OPC), astrocytes, oligodendrocytes (Olig), microglia,
endothelial cells (Endo), pericytes and vascular smooth muscle cells (VSMC)
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We also assessed whether these proportions differed between cases and controls. Excita-
tory neurons (P=0.003), IN-CGE (P=0.036), astrocytes (P=0.016) and VSMCs (P=0.00003)
were found to differ between cases and controls (Table 2.1). Excitatory neurons and IN-
CGE were increased in controls versus SCZ cases, while astrocytes and VSMC were in-

creased in SCZ cases compared to controls (Figure 2.2). However only excitatory neurons

and VSMCs survived multiple testing correction.
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Figure 2.2: Boxplots showing the difference in proportion between cases (SCZ) and
controls for four cell-types which showed differences based on diagnosis. The following cel-
types are included excitatory neurons (EN), caudal ganglionic eminence derived inhibitory
neurons (IN.CGE), astrocytes and vascular smooth muscle cells (VSMC)

50



Table 2.1: Results from testing the cell-type proportions for differences between cases
and controls using a two-sample t-test. P-values were corrected for multiple testing using
the Bonferroni method.

Cell-type P-Value | Adjusted P-Value
Excitatory neurons 0.003 0.03
IN-CGE 0.036 0.36
IN-MGE 0.172 1
Oligodendrocyte 0.79 1
OPCs 0.308 1
Astrocytes 0.016 0.16
Microglia 0.569 1
Pericytes 0.22 1
Endothelial cells 0.645 1
VSMC 0.00003 | 0.003

2.4.2 Association of Cell-type Proportions with A PRS

We sought to determine if any of the cell-type proportions were associated with a PRS
for SCZ. PRS were calculated for each of the individuals in the bulk expression matrix
using matched genotype data and GWAS summary statistics from the latest SCZ GWAS
(Trubetskoy et al., 2022). Following calculation of the PRS, we assessed for each cell-
type whether the estimated proportion using a linear model. We observed an association
between decreased microglia proportions and increased PRS (P=0.0001). However we did

not identify an association between any of the other cell-type proportions and a PRS for
SCZ (Table 2.2).
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Table 2.2: Results from testing the association of cell-type proportions with a PRS using
a linear model. P-values were corrected for multiple testing using the Bonferroni method.

Cell-type P-Value | Adjusted P-Value
Excitatory neurons 0.906 1
IN-CGE 0.352 1
IN-MGE 0.868 1
Oligodendrocytes 0.812 1
OPCs 0.428 1
Astrocytes 0.942 1
Microglia 0.0001 | 0.001
Pericytes 0.051 0.51
Endothelial cells 0.0263 | 0.263
VSMC 0.052 0.52

2.4.3 Gene Expression Imputation

bMIND imputed individual-level expression data for each cell type (Excitatory neurons,
IN-MGE, IN-CGE, OPCs, Astrocytes, Oligodendrocytes , Microglia, Endothelial cells,
Pericytes, VSMC). We extracted this information from the bMIND results and con-

structed a count matrix for each cell-type that was used for further analysis.

2.4.4 Differential Gene Expression Analysis

Using the count matrices, we carried out a DGE analysis to identify disease-associated
expression changes per cell-type. We included covariates such as GC coverage, unmapped
read percentage, sex and institution ID as covariates using the BIC as described in meth-
ods. The full list of DEGs per cell-type are listed in Supplementary Table 2.1 (https://
drive.google.com/drive/folders/11R3Ccix_ccfApWhXY6AjqtoLdI0Qym867usp=sharing).
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Table 2.3: Number of DEGs in the imputed expression matrices per cell-type

Cell Type Number of DEGs (FDR < 0.05)
Excitatory neurons 1808
IN-CGE 2928
IN-MGE 772
Oligodendrocyte 1132
OPCs 4052
Astrocytes 4049
Microglia 1404
Pericytes 3772
Endothelial cells 3292
VSMC 1016

2.4.5 Gene-set Analysis

Gene ontology (GO) and pathway analysis was used to infer the pathways and functions
that may be impacted by the DEGs listed above. It revealed a variety of implicated
functions per cell-type. The excitatory neuronal DEGs were enriched for genes involved
in neuronal processes. The most significant GO terms included “nervous system devel-
opment” (Q = 1.94e-08), “neuron part” (Q = 7.35e-09) , and “neuron projection” (Q =
4.28e-07) (Table 2.4). While the most significant pathways included signal transduction
(Q = 1.73e-06) and potassium channels (Q = 0.0362). MGE DEGs implicated “neural
cell adhesion molecule (NCAM1) interactions” (Q=0.000804) and “potassium ion trans-
membrane transport” (Q=0.00658) (Table 2.5). While CGE DEGs implicated the “Cal-
cium signalling pathway” (Q=0.0216), “Nervous system development” (Q=6.04e-11) and
“dendrite tree” (Q=2.49e-09) (Table 2.6). The non-neuronal cell-types also implicated a
variety of pathways and functions. “Regulation of Signalling” (Q=5.13e-07) and “Potas-
sium Channels” (Q=0.0131) were among the top terms for oligodendrocytes and OPCs
respectively (Tables 2.7-2.8). Microglia and astrocytes were enriched for genes associated
with “Cell projection” (Q=5.64¢-08) and “Signal Transduction” (Q=2.12e-05) (Tables 2.9-
2.10). Finally, endothelial cells, pericytes and VSMCs implicated “Collagen biosynthesis
and modifying enzymes” (Q=0.00424), “Extracelluar matrix organization” (Q=0.00315),
and “Signal transduction” (Q=0.0042) (Tables 2.11-2.13). The GO and pathway enrich-
ment results are available in full in Supplementary Tables 2.2 and 2.3 (https://drive.
google.com /drive/folders/11R3Ccix_ccfdApWhXY6AjqtoLdI0Qym867usp=sharing).
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Table 2.4: Top 5 GO terms and top 5 pathways for Excitatory Neurons

Gene Ontology Term /Pathway Set Size | Candidates | P-value | Q-value
G0:0007399 nervous system development 2351 274 (11.7%) | 1.57e-11 | 1.94e-08
GO:0097458 neuron part, 1748 214 (12.2%) | 5.44e-11 | 7.35e-09
G0:0036477 somatodendritic compartment 828 118 (14.3%) | 3.38e-10 | 5.95e-08
G0:0043005 neuron projection 1326 166 (12.5%) | 2.06e-09 | 4.28e-07
G0:1901700 response to oxygen-containing compound 1592 190 (11.9%) | 5.87e-09 | 3.65e-06
Signal Transduction 2432 272 (11.2%) | 7.06e-10 | 1.73e-06
Signaling by GPCR 706 94 (13.4%) 5.15e-07 | 0.00063
Nuclear Events (kinase and transcription factor activation) | 61 17 (27.9%) | 3.86e-06 | 0.00272
GPCR downstream signalling 633 83 (13.2%) | 4.46e-06 | 0.00272
Signaling by Receptor Tyrosine Kinases 464 64 (13.8%) 1.28e-05 | 0.00624
Table 2.5: Top 5 GO terms and top 5 pathways for IN-MGE
Gene Ontology Term/Pathway Set Size | Candidates | P-value | Q-value
G0:0031224 intrinsic component of membrane 5568 242 (4.4%) 1.85e-09 | 1.72e-07
G0:0016021 integral component of membrane 5401 236 (4.4%) 2.08e-09 | 2.64e-07
GO:0031012 extracellular matrix 566 44 (7.8%) 3.6e-08 | 1.67e-06
G0:0062023 collagen-containing extracellular matrix | 426 36 (8.5%) 8.8e-08 | 5.59¢-06
GO:0006812 cation transport 1143 65 (5.7%) 2.71e-06 | 0.00193
NCAMI1 interactions 37 9 (24.3%) 7.09e-07 | 0.000804
Extracellular matrix organization 287 23 (8.0%) 8.48e-06 | 0.00389
Collagen formation 91 12 (13.2%) 1.03e-05 | 0.00389
Collagen biosynthesis and modifying enzymes 67 10 (14.9%) 1.87e-05 | 0.00531
NCAM signaling for neurite out-growth 59 9 (15.3%) 4.11e-05 | 0.00932
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Table 2.6: Top 5 GO terms and top 5 pathways for IN-CGE

Gene Ontology Term /Pathway Set Size | Candidates | P-value | Q-value
GO:0005737 cytoplasm 11920 1761 (14.8%) | 1.8e-14 3.95e-12
GO:0007399 nervous system development 2351 434 (18.5%) | 4.26e-14 | 6.04e-11
G0:0044424 intracellular part 14850 2121 (14.3%) | 1.14e-13 | 1.39e-11
G0:0044444 cytoplasmic part 10011 1507 (15.1%) | 1.46e-13 | 1.6e-11
GO:0005622 intracellular 14857 2121 (14.3%) | 1.59e-13 | 1.39e-11
Glycosaminoglycan metabolism 119 35 (29.4%) 2.55e-06 | 0.00798
Ciliopathies 183 45 (24.6%) 2.03e-05 | 0.0216
Calcium signalling pathway - Homo sapiens (human) 240 55 (23.0%) 2.07e-05 | 0.0216
Signal Transduction 2432 383 (15.8%) | 3e-05 0.0235
Nuclear Events (kinase and transcription factor activation) | 61 20 (32.8%) 6.57e-05 | 0.0412

Table 2.7: Top 5 GO terms and top 5 pathways for Oligodendrocytes

Gene Ontology Term/Pathway Set Size | Candidates | P-value | Q-value
G0:0032879 regulation of localization 2686 200 (7.5%) 9.58e-11 | 4.98e-08
G0:0051239 regulation of multicellular organismal process | 3158 224 (7.1%) 4.78e-10 | 1.24e-07
G0:0051270 regulation of cellular component movement 1013 93 (9.2%) 1.6e-09 | 1.59e-06
G0:0023051 regulation of signaling 3492 239 (6.9%) 3.06e-09 | 5.13e-07
G0:0040012 regulation of locomotion 1001 91 (9.1%) 3.95e-09 | 5.13e-07
TYROBP causal network in microglia 60 14 (23.3%) 1.01e-06 | 0.00193
Signal Transduction 2432 166 (6.8%) 4.28e-06 | 0.00408
Glycosaminoglycan metabolism 119 18 (15.1%) | 2.25e-05 | 0.0143
Synthesis of IP3 and IP4 in the cytosol 29 8 (27.6%) 6.04e-05 | 0.0288
Metabolism 1954 131 (6.7%) 0.000129 | 0.0491
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Table 2.8: Top 5 GO terms and top 5 pathways for OPCs

Gene Ontology Term /Pathway Set Size | Candidates | P-value | Q-value
G0:0051239 regulation of multicellular organismal process | 3158 754 (23.9%) | 4.99e-22 | 3.73e-19
GO:0050793 regulation of developmental process 2592 612 (23.6%) | 1.65e-16 | 6.15e-14
GO0:0007399 nervous system development 2351 554 (23.6%) | 1.14e-14 | 1.74e-11
GO:0048731 system development 4796 1023 (21.4%) | 5.5e-14 | 1.37e-11
G0:0023051 regulation of signaling 3492 773 (22.2%) | 9.93e-14 | 1.85e-11
Signal Transduction 2432 538 (22.1%) | 2.94e-10 | 9.88e-07
Glycosaminoglycan metabolism 119 44 (37.0%) 4.14e-07 | 0.000695
RHOD GTPase cycle 51 23 (45.1%) 5.32e-06 | 0.00596
Extracellular matrix organization 287 80 (27.9%) 1.08e-05 | 0.0091
Potassium Channels 103 36 (35.0%) 1.95e-05 | 0.0131
Table 2.9: Top 5 GO terms and top 5 pathways for Microglia
Gene Ontology Term/Pathway Set Size | Candidates | P-value | Q-value
GO:0051239 regulation of multicellular organismal process | 3158 278 (8.8%) 1.74e-10 | 9.67e-08
G0:0042995 cell projection 2278 212 (9.3%) 4.75e-10 | 5.65e-08
G0:0120025 plasma membrane bounded cell projection 2176 204 (9.4%) 5.87e-10 | 9.74e-08
G0:0031344 regulation of cell projection organization 702 84 (12.0%) 4.85e-09 | 5.04e-06
GO:0031012 extracellular matrix 566 72 (12.7%) 4.89e-09 | 2.91e-07
Neuronal System 391 49 (12.5%) 1.07e-06 | 0.00207
Signal Transduction 2432 194 (8.0%) 1.57e-05 | 0.0153
Collagen biosynthesis and modifying enzymes 67 14 (20.9%) 4.04e-05 | 0.023
Collagen chain trimerization 44 11 (25.0%) 4.73e-05 | 0.023
Extracellular matrix organization 287 35 (12.2%) 6.48e-05 | 0.0252
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Table 2.10: Top 5 GO terms and top 5 pathways for Astrocytes

Gene Ontology Term /Pathway Set Size | Candidates | P-value | Q-value
GO:0005737 cytoplasm 11920 2313 (19.4%) | 1.71e-17 | 4.2e-15
G0O:0044444 cytoplasmic part 10011 1977 (19.8%) | 2.57e-16 | 3.16e-14
G0:0051239 regulation of multicellular organismal process | 3158 710 (22.5%) | 1.05e-14 | 7.73e-12
G0O:0098588 bounding membrane of organelle 2165 503 (23.3%) | 8.56e-13 | 7.02e-11
G0O:0044424 intracellular part 14850 2764 (18.7%) | 2.19e-12 | 2.89e-10
Glycosaminoglycan metabolism 119 52 (43.7%) 1.89e-11 | 6.17e-08
Signal Transduction 2432 520 (21.4%) | 1.3e-08 | 2.12e-05
TYROBP causal network in microglia 60 28 (46.7%) 1.55e-07 | 0.000169
RHO GTPase cycle 442 117 (26.5%) | 8.92e-07 | 0.000661
Integrin 124 44 (35.5%) 1.01e-06 | 0.000661
Table 2.11: Top 5 GO terms and top 5 pathways for Endothelial cells
Gene Ontology Term/Pathway Set Size | Candidates | P-value | Q-value
GO:0005737 cytoplasm 11920 1960 (16.5%) | 7.11e-20 | 1.65e-17
G0:0044444 cytoplasmic part 10011 1675 (16.8%) | 1.16e-17 | 1.34e-15
GO:0051239 regulation of multicellular organismal process | 3158 612 (19.4%) | 1.04e-15 | 7.35e-13
GO:0005515 protein binding 14003 2217 (15.9%) | 3.19e-15 | 2.23e-13
GO:0007399 nervous system development 2351 475 (20.2%) | 3.67e-15 | 5.3e-12
Extracellular matrix organization 287 74 (25.8%) 6.22e-07 | 0.00201
Signal Transduction 2432 433 (17.8%) | 2.64e-06 | 0.00424
Collagen biosynthesis and modifying enzymes 67 25 (37.3%) 4.57e-06 | 0.00424
Collagen chain trimerization 44 19 (43.2%) 5.26e-06 | 0.00424
Collagen formation 91 30 (33.0%) 9.94e-06 | 0.00641
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Table 2.12: Top 5 GO terms and top 5 pathways for Pericytes

Gene Ontology Term /Pathway Set Size | Candidates | P-value | Q-value
GO:0005737 cytoplasm 11920 2120 (17.8%) | 7.32e-15 | 1.66e-12
GO:0051239 regulation of multicellular organismal process | 3158 653 (20.7%) | 2.05e-13 | 1.52e-10
G0:0007399 nervous system development 2351 504 (21.5%) | 6.91e-13 | 1.04e-09
G0O:0005515 protein binding 14003 2424 (17.4%) | 8.3e-13 6.06e-11
G0:0044444 cytoplasmic part 10011 1802 (18.0%) | 9.08e-13 | 1.03e-10
Signal Transduction 2432 475 (19.6%) | 1.39e-07 | 0.000315
Extracellular matrix organization 287 80 (27.9%) 1.91e-07 | 0.000315
Glycosaminoglycan metabolism 119 39 (32.8%) 4.4e-06 | 0.00484
EGFR1 455 107 (23.6%) | 1.35e-05 | 0.0105
miR-509-3p alteration of YAP1-ECM axis 18 11 (61.1%) 1.83e-05 | 0.0105
Table 2.13: Top 5 GO terms and top 5 pathways for VSMC
Gene Ontology Term/Pathway Set Size | Candidates | P-value | Q-value
G0:0048731 system development 4796 291 (6.1%) 2e-09 9.8e-07
G0:0051239 regulation of multicellular process 3158 206 (6.5%) | 5.26e-09 | 1.29e-06
GO0:0051241 negative regulation of multicellular process | 1181 96 (8.1%) 8.43e-09 | 8.26e-06
GO0:0007275 multicellular organism development 5363 314 (5.9%) 1.64e-08 | 2.75e-06
G0O:0043167 ion binding 6337 357 (5.7%) 4.46e-08 | 2.37e-06
Effects of PIP2 hydrolysis 27 8 (29.6%) 1.44e-05 | 0.0218
Glycerolipid metabolism - Homo sapiens (human) 61 10 (16.4%) 0.000304 | 0.148
White fat cell differentiation 32 7 (21.9%) 0.000402 | 0.148
Triacylglyceride synthesis 24 6 (25.0%) 0.000488 | 0.148
RHO GTPase cycle 442 35 (7.9%) 0.000588 | 0.148
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We also performed a targeted analysis for the three neuronal gene-sets using the synap-
tic ontology resource, SynGO (Koopmans et al., 2019). This identified various synaptic
locations which were implicated by the respective gene-sets. The DEGs from excitatory
neurons implicated a variety of locations including the synapse, presynaptic membrane,
vesicle and active zone (Figure 2.3). Postsynaptic locations included the postynaptic
membrance and endosome. In the IN-MGE derived neuron DEGs, presynaptic locations
were more abundant including the presynaptic vesicle, presynaptic dense core vesicles and
the cytoskeleton (Figure 2.4). IN-CGE derived DEGs implicated both pre and postsy-
naptic locations including presynaptic vesicle, dense core vesicles, cytosol and membrane

2.5. Postsynaptic locations included the endosome, membrane and cytosol.
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Figure 2.3: Sunburst plot depicting synaptic locations implicated by the DEGs from
excitatory neurons using the SynGO ontology resource. This plot features the synapse at
the center, pre- and post-synaptic locations in the first ring, and child terms in subsequent
rings. The color scheme in the legend indicates the number of genes within each term.
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Figure 2.4: Sunburst plot depicting synaptic locations implicated by the DEGs from
IN-MGE using the SynGO ontology resource. This plot features the synapse at the center,
pre- and post-synaptic locations in the first ring, and child terms in subsequent rings. The
color scheme in the legend indicates the number of genes within each term.
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Figure 2.5: Sunburst plot depicting synaptic locations implicated by the DEGs from
IN-CGE using the SynGO ontology resource. This plot features the synapse at the center,
pre- and post-synaptic locations in the first ring, and child terms in subsequent rings. The
color scheme in the legend indicates the number of genes within each term.

We used MAGMA gene-set analysis to identify if any of the DEG sets were enriched for
genes containing common variants associated with SCZ, and the cognitive phenotypes
of IQ) and educational attainment (EA). We used summary statistics for EA and 1Q
as SCZ is associated with cognitive deficits and these GWAS contained large sample
sizes which increases power to detect enrichment. No DEG set was enriched for variants
associated with EA or 1Q. IN-CGE (P=0.031), astrocytes (P=0.001), pericytes (P=0.005),
endothelial cells (P=0.026) and OPCs (P=0.048) were significantly enriched for genes
containing SNPs associated with SCZ (Table 2.14). However only astrocytes remained
significant following multiple testing correction (Q=0.045) .
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Table 2.14: Results from MAGMA gene-set analysis of the DEGs per cell-type using

GWAS data for SCZ, IQ and EA. Q-values were calculated using the Benjamini-Hochberg
method for multiple testing correction.

Cell Type Phenotype | Beta P-value | Q-value
Excitatory Neurons | SCZ 0.043 0.569 0.767
IN-MGE SCZ -0.041 0.827 0.885
IN-CGE SCZ 0.043 0.031 0.231
Microglia SCZ 0.044 0.083 0.414
Astrocytes SCZ 0.06 0.001 0.045
Pericytes SCZ 0.054 0.005 0.077
VSMC SCZ 0.041 0.139 0.534
Endothelial Cells SCZ -0.041 0.026 0.231
Oligodendrocytes SCZ 0.014 0.341 0.612
OPCs SCZ 0.034 0.048 0.29
Excitatory Neurons | EA 0.02 0.403 0.637
IN-MGE EA -0.044 0.824 0.885
IN-CGE EA 0.006 0.265 0.549
Microglia EA -0.04 0.874 0.885
Astrocytes EA 0.013 0.275 0.549
Pericytes EA 0.022261 | 0.162 0.534
VSMC EA -0.032 0.782 0.885
Endothelial Cells EA 0.023 0.168 0.534
Oligodendrocytes EA -0.0459 | 0.885 0.885
OPCs EA 0.02 0.182 0.534
Excitatory Neurons | IQ -0.006 0.588 0.767
IN-MGE IQ -0.002 0.518 0.74
IN-CGE IQ 0.015 0.255 0.549
Microglia IQ -0.014 0.677 0.846
Astrocytes IQ 0.017 0.196 0.534
Pericytes 1Q 0.008 0.347 0.611
VSMC 1Q 0.0008 0.49 0.735
Endothelial Cells IQ 0.006 0.382 0.636
Oligodendrocytes 1Q -0.041 0.882 0.885
OPCs 1Q 0.015 0.224 0.549
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2.5 Discussion

Functional genomics data can provide a valuable insight into the biology of a complex
disorder like SCZ. Much of the existing datasets, particularly at the time this study was
designed, are however comprised of bulk data. Bulk data is indeed useful for interrogat-
ing the neurobiology of this disorder as it can identify potentially affected processes and
pathways. However, it does not give us a full picture into the dysregulation observed in
the disorder and instead shows the overall trends in gene expression in the tissue as a
whole. Alterations in gene expression in particular genes may not be detected if they are
only expressed in cell with low population numbers. As such, it is important that cell-
specific studies are carried out as they provide a much greater insight into transcriptomic
landscape. While bulk datasets lack this level of detail, they do have much greater sample

sizes which can give greater power to identify changes.

We attempted to leverage this advantage to identify cell specific changes in SCZ. We
first estimated cell-type proportions for each individual in the bulk CMC dataset. This
dataset had previously been used for this type of analysis as part of the PsychENCODE
study (Wang et al., 2018). However we aimed to improve this analysis by using a more
recent snRNA-seq data which had a greater sample size, although there is less subtype
diversity. Our idea was that this would provide a more representative picture of the
cell-type specific gene expression and thus give more accurate cell-type proportions. We
do observe different proportions, particularly for the neuronal cell populations. We find
that on average each sample has a combined neuronal cell proportion of approximately
0.2 while the PsychENCODE analysis has an average neuronal proportion of 0.6. We
considered a number of reasons as to why this could have occurred. Firstly, cell-type
deconvolution is known to be a very sensitive technique. Proportion estimates can vary
greatly depending on the tool used (Sutton et al., 2022). dTangle (Hunt et al., 2019),
the tool we used in this analysis, was chosen as it is reported to be among the most
accurate tools for use with postmortem brain tissue data (Sutton et al., 2022) and has
been used successfully in previous studies (Hauberg et al., 2020; Hoffman et al., 2022).
Another possible reason for our results could be attributed to the snRNAseq data used.
As proportion estimation is dependent on the reference data, it is possible the marker

genes chosen based on this dataset may be affecting the estimation.

Despite our questions regarding our estimated proportions, we carried out our analysis
plan to identify if they show similar trends to past results despite the discrepancies. We
first assessed them for differences between cases and controls and observed a difference in
proportion for excitatory neurons, astrocytes and an inhibitory neuronal subtype which
was also observed by the previous PsychENCODE analysis (Wang et al., 2018). This
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shows that despite the differences, we are observing a similar overall trend in relation
to the proportions. Interestingly, the first snRNA-seq study which uses data from both
SCZ cases and controls does not observe any differences between proportions between the
groups (Ruzicka et al., 2022). This is in contrast to both this analysis and the PsychEN-
CODE study. However, bulk studies take an overall tissue sample rather than profiling
specific cell-types and may be biased towards more abundant cell-types thus affecting
results. Further data generation and experimental work would be required to understand

whether this is the case.

PRS has been used to great effect in the study of complex disease. In terms of SCZ,
it is associated with a number of phenotypes including cognitive deficits and positive
symptoms (Legge et al., 2021; Jonas et al., 2019). It is also associated with alterations in
white and grey matter structure (Stauffer et al., 2021). As such, we investigated whether
changes in cell-type proportion was associated with SCZ PRS. We only observed an asso-
ciation with PRS for microglial proportions but future analysis with improved proportion
estimates or larger GWAS sample size could change this. However given the issues with

proportion estimation this may be a spurious association.

We aimed to leverage the estimated proportions to impute cell-type specific gene expres-
sion. We constructed count matrices for each individual in the bulk expression data and
used these profiles to conduct a DGE analysis. We observed differing numbers of DGEs
per cell-type. A number of these in terms of gene-set size are comparable a snRNA-seq
study of SCZ (Ruzicka et al., 2022) which also found 1000-2000 DEGs per cell-type. How-
ever, some of the imputed profiles including OPCs showed substantially larger numbers
of DEGs. OPCs in particular are not a very abundant cell-type in the adult human brain
and it is possible that their low proportion estimate which is used to generate the expres-

sion matrix is affecting these numbers.

We then performed a gene-set analysis to identify on a cell-specific level which functions
and processes were affected. We found that despite our reservations regarding our esti-
mated proportions, we observe a variety of implicated pathways and ontology terms that
you would expect to see in these cell-types. Excitatory neurons which are believed to
be highly involved in SCZ (Gandal et al., 2018; Skene et al., 2018; Ruzicka et al., 2022)
implicated processes such as neuronal development and neuron projection. Indeed neuron
projection directly links back to the dopamine hypothesis of SCZ as a lack of glutamatergic
projection in the DLPFC is linked to altered release of dopamine in the midbrain leading
to deficits in working memory (Tanaka, 2006). Inhibitory subtypes implicated distinct
processes to excitatory neurons including NCAM1 interactions. NCAMI is a synaptic

adhesion molecule and knockouts show phenotypes related to SCZ, although not enough
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to be a SCZ animal model (Albrecht and Stork, 2012; Sytnyk et al., 2017). A recent study
has also shown that autoantibodies against NCAM]1 isolated from individuals with SCZ
can cause SCZ-like behaviour and synapse dysfunction in mice (Shiwaku et al., 2022).
This analysis suggests that expression alterations in genes related to NCAM1 may be
related to inhibitory neurons. Non-neuronal cell-types also displayed disease-associated
changes in expression, some of which overlapped with neuronal cell-types such as signal
transduction which is known to be abberant in SCZ (McGuire et al., 2017).

Our targeted gene-set approach on the neuronal DEGs using SynGO implicated a wide
variety of postsynaptic locations locations using the excitatory and IN-CGE and IN-MGE
DEGs. Postsynaptic locations are consistent with enrichment testing from SCZ GWAS
(Trubetskoy et al., 2022) which has suggested a postsynaptic pathology. Both excitatory
and IN-CGE DEGs however also implicated presynaptic locations. Recent prioritisa-
tion of SCZ risk genes and subsequent gene-set analysis has also implicated presynaptic
locations (Trubetskoy et al., 2022). These results suggest that this may vary between
cell-types. Finally, we also investigated whether our gene-sets were enriched for genes
containing common variants associated with SCZ. Five cell-types were enriched at nomi-
nal significance but only the astrocyte enrichment survived correction for multiple testing.
This analysis implicated both neuronal and non-neuronal cell-types suggesting multiple
cell-types may contribute to SCZ development but the aforementioned issues with our

DEGs and proportions may be affecting these results.

Overall, this analysis aimed to leverage published bulk expression data to gain new insights
into the neurobiology of SCZ. We achieved this to some extent by associating microglial
proportions with PRS and implicating disease-associated functions at a cell-type specific
level. However, our conclusions do have the caveat that our estimated proportions were
not as expected for reasons that I have previously outlined. This could be improved
in future work by estimating these proportions using other reference data to compare
these results. Despite this issue, this analysis does show how we can use older datasets
to provide cell-type specific insights which could be used in future to complement other

functional genomics studies of SCZ.
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Chapter 3

Analysis of Genes Under the
Control of MEF2C using

Functional Genomics Data
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3.1 Abstract

Myocyte enhancer factor 2 (MEF2C) is a transcription factor thought to play a key
role in neurodevelopment. It has been implicated in a number of neurodevelopmental
disorders including schizophrenia (SCZ) and autism spectrum disorder (ASD). Murine
knockout models of MEF2C have enabled the creation of gene-sets comprised of genes
likely to be under the control of MEF2C. We investigated these gene-sets using data
derived from single-nucleus sequencing studies of the human brain in order to identify
cell-types that may be affected by these knockouts and included data from fetal brain in
order to implicate particular timepoints given the role of MEF2C' in neurodevelopment.
We identified a number of neuronal cell-types at both fetal and adult stages that were
enriched for genes under the control of MEF2C. We also identified that oligodendrocyte
precursor cells were enriched for genes in our gene-set which was not observed by previous
studies which only used cell-type specific data from mouse brain. We also investigated co-
expression fold enrichment which was found to be highest in interneurons. This analysis
was more limited than our cell-type enrichment analysis due to the number of cell-types
in the dataset used and future work could explore co-expression patterns in a more diverse

set of cell-types.
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3.2 Introduction

Myocyte enhancer factor 2 C (MEF2C) is a transcription factor that is a member of
the MEF2 family of transcription factors (Zhang and Zhao, 2022a). The MEF2 family
is noted to have a key role in development and continues to mediate alterations in the
epigenome throughout the lifespan of an individual (Flavell et al., 2008). It is comprised
of MEF2A, MEF2B, MEF2C and MEF2D. MEF2C' is located on chromosome 5 and has
been implicated in brain development and a variety of neuropsychiatric and brain-related
disorders such as schizophrenia, major depressive disorder and Alzheimer’s disease (AD)
(Assali et al., 2019; Purcell et al., 2014; Hyde et al., 2016; Lambert et al., 2013). Of all
MEF2 family members, it is first to be expressed during development which indicates a
key role in the developing embryo and in the context of neuropsychiatric disorders and
the developing brain (Assali et al., 2019). More specifically, it inactivates target genes
in the absence of stimulation such as depolarisation or synaptic stimulation (Gu et al.,
2018). This stimulation leads to dephosphorylation which releases MEF2 bound histone
deacetylases resulting in activation of MEF2 target genes resulting in the promotion of
activities such as axon growth, dendritic formation and remodelling, synaptic develop-
ment and neuronal excitability (Ma and Telese, 2015; Li et al., 2008)

Recent genomic studies such as genome-wide association studies (GWAS) have further
implicated a role for MEF2C' in a variety of neurodevelopmental disorders. GWAS has
identified an association for MEF2C with schizophrenia (Trubetskoy et al., 2022), 1Q
(Savage et al., 2018) and educational attainment (EA) (Okbay et al., 2022). Furthermore,
functional genomic studies such as single-cell sequencing has also identified transcriptional
perturbations of MEF2C' in single-cell expression data generated from individuals with
schizophrenia (Ruzicka et al., 2022). As such exploring the genes regulated by MEF2C
and the cell types in which it does so is crucical to further our understanding of its pos-

sible mechanisms and roles in these disorders.

Due to the role of MEF2C' in brain development and related activities, numerous studies
have sought to further understand its biological role in cognition and the impact of its
deletion or mutation on brain function. Knockout studies can complement genomic stud-
ies by identifying genes affected by MEF2C dysregulation in animal models. These studies
have primarily employed the use of knockout mice to investigate structural abnormalities
and gene expression changes. Homozygous knockouts of MEF2C' are embryonic lethal as
a result of the role of MEF2C' in cardiac development, which results in cardiac defects be-
fore brain development at embryonic day 9.5 (Lin et al., 1997). As a result, mouse models
of MEF2C' have focused on heterozygous or conditional knockouts. Heterozygous knock-

outs of MEF2C display reduced viability at 44% in comparison to wild-type mice and
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display abnormal neuronal and synaptic functionality including an increase in excitatory
synaptic transmission in the hippocampus (Tu et al., 2017). They also display autistic-
like behavioural phenotypes with repetitive head motions and decreased spatial learning
showing that there appears to be a range of cognitive deficits associated with MEF2C
heterozygous knockout. Conditional knockouts of MEF2C have also been explored with
a range of studies conditionally knocking out MEF2C at either different developmental
timepoints or in particular tissues. Conditional knockout in neural progenitor cells results
in abnormal compaction of neurons, reduced overall brain size in addition to anxious be-
haviours and decreased cognitive function (Li et al., 2008). Central nervous system (CNS)
deletion of MEF2C resulted in a deficit in hippocampal dependent learning due to the
suppression of excitatory synapses (Barbosa et al., 2008). Postnatal conditional deletion
of MEF2C significantly increased dendritic spine numbers resulting in deficits in motor
coordination (Adachi et al., 2016). However the cognitive and learning deficits associated
with similar deletions in embryonic models were not observed which indicates that while
MFEF2C has a continuing role in postnatal brain activity this is distinct to its role in

embryonic brain development.

(Harrington et al., 2016) sought to characterise the role of MEF2C in early neuronal de-
velopment by creating a conditional knockout (cKO) of differentiated excitatory neurons
as MEF2C' is highly expressed in early brain development particularly in differentiated
neurons (Lyons et al., 1995; Leifer et al., 1997). This resulted in a decrease in excitatory
and a increase in inhibitory synaptic transmission in addition to behavioural changes such
as altered social behaviours, learning deficits and hyper activity which is consistent with
previous studies which described autistic-like behaviours following MEF2C knockouts (Li
et al., 2008; Barbosa et al., 2008; Tu et al., 2017). Differential gene expression analy-
sis between knockout and wild-type mice also showed that differentially expressed genes
(DEGs) were enriched for neuron expressed genes. DEGs that showed up-regulation in
knockout mice were enriched for genes involved in differentiation of neuronal cells sug-

gesting that MEF2C may act as a repressor for these genes and functions.

A subsequent study by our group (Cosgrove et al., 2021) further investigated these genes
to assess whether they were associated with phenotypes such as schizophrenia, IQ, and EA
given that MEF2C knockouts display deficits in cognitive ability and GWAS of these phe-
notypes report single SNP associations at the MEF2C locus. They converted the DEGs
identified in mice from (Harrington et al., 2016) to their human orthologs and tested
these for enrichment in the aforementioned phenotypes using the recent GWAS summary
statistics. They identified significant associations for all three phenotypes but not for
autism spectrum disorder (ASD) which is to be expected given the low contribution of

common variants to this disorder. Interestingly, when the DEGs were separated in groups
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of down and upregulated genes, they showed differing enrichments with down-regulated
genes showing stronger association with EA, schizophrenia and 1Q. Following this, gene
ontology (GO) analysis was then used to ascertain the functionality of these DEG. The
down-regulated DEGs were involved in synaptic transmission while up-regulated DEGs
were involved in neuronal differentiation. Another focus of this study was the identifica-
tion of cell types that were enriched for genes affected by the MEF2C ¢KO. This analysis
was performed by using single-cell RNAseq (scRNAseq) data from the mouse brain rather
than human data due to data availability. Cell-types enriched for these DEGs primarily
included excitatory neuron subtypes in addition to medium spiny neurons and inhibitory
neurons to a lesser extent. This is consistent with cell types previously implicated in
genomic studies using single-cell expression data (Ruzicka et al., 2022; Skene et al., 2018;
Savage et al., 2018). Strikingly, little enrichment was observed for non-neuronal cell-types
despite association of astrocyte expression with genetic variation in schizophrenia (Ruz-
icka et al., 2022). This suggests reanalysis with human-specific data may be useful to

identify further enriched cell-types.

A further knockout model was generated by (Harrington et al., 2020) in order to mimic
MFEF2C microdeletion syndrome, a recently discovered neurodevlopmental disorder

(Le Meur et al., 2010). It is characterised by microdeletions on chromosome 5 q14.3 a
region that includes MEF2C and are thought to affect the DNA binding ability of MEF2C
(Harrington et al., 2020). This heterozygous knockout is thought to better characterise
the MEF2C mutational profile observed in humans in comparison to the previous model
described above (Harrington et al., 2016, 2020). It was successful in reproducing the
behavioural phenotype observed in this syndrome such as altered social interaction and
hyperactivity and also resulted in a large number of genes showing differential expression
between knockout and wild-type. These DEGs were associated with excitatory neurons
and microglia and ASD which is consistent with previous knockout studies (Harrington
et al., 2016). Cell-type specific differences in the expression pattern of these DEGs was
also observed with DEGs linked to excitatory neurons being predominantly downregu-
lated while DEGs linked to microglia display were more often upregulated. Furthermore,
it was observed that mutation in excitatory neurons was sufficient to induce all phe-
notypic changes except social deficits while mutation in microglia reproduced all effects
except anxiety-like behaviours. This again highlights the need to explore changes at the

cell-type specific level as many cell-types contribute to the observed phenotypic changes.

This gene-set from (Harrington et al., 2020) was also assessed for association with other
human phenotypes by our group (Fahey et al., 2023). Similar to (Cosgrove et al., 2021),
all DEGs were converted to human orthologs. In contrast to the previous study, the full

set of DEGs was not found to be enriched for common variants associated with schizophre-
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nia, EA or 1Q. However, there was an association with IQ and EA when the gene-set was
restricted to upregulated genes, which included genes involved in synaptic function. Fur-
thermore, genes that were believed to have elevated expression in cortical neurons were
identified using supporting evidence from single-cell data. These genes were found to be
enriched for common variants associated with EA and IQ. As this enrichment was not
observed in the overall gene-set, it again highlights the importance of considering cell-type

differences when characterising the biological changes as a result of MEF2C knockout.

Overall, my analysis here aims to explore the effects and cell type specificity of genes
found to be dysregulated as a result of MEF2C' perturbation, which were first identified
by conditional knockouts of MEF2C (Harrington et al., 2016, 2020). Using snRNAseq
data from the developing brain, we aim to identify whether these genes are enriched in
certain human cell types at particular time points. We also aim to identify which adult
human cell types these gene-sets are enriched in using open-access single-cell RNAseq
data from schizophrenia cases and controls. Finally, these gene-sets will be used to assess

co-expression enrichment patterns on a cell-type basis using scRNAseq data.
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3.3 Methods

3.3.1 Datasets
3.3.1.1 Gene-sets

An initial set of DEGs were identified by (Harrington et al., 2016). This study utilised
MEF2C conditional knockout mice to explore the effects of insufficient MEF2C pro-
tein levels on neurodevelopment. This resulted in 1,076 DEGs with a log2 fold change
> 0.3 and FDR < 0.05. 478 of these genes were found to be up-regulated (increased
expression level) and 598 genes were found to be down-regulated (decreased expres-
sion level) in ¢KO mice. A subsequent study (Cosgrove et al., 2021) further refined
this list to 1,055 genes by converting to human orthologues using Ensembl Biomart
(https://www.ensembl.org /biomart). This gene-set was used for analysis as is denoted as
the homozygous knockout (KO_hom) (n=1055). It was also separated into up and down-
regulated gene-sets. The up-regulated gene-set (n=465) will be known as “KO_hom_up”

and the down-regulated gene-set (n=590) is known as “KO_hom_down”.

A second set of DEGs was identified by (Harrington et al., 2020). This gene-set was
obtained from MEF2C knockout mice that were generated to mimic MEF2C haploin-
sufficiency syndrome and contained 476 genes at FDR <0.05. Once converted to hu-
man orthologues using Ensembl Biomart (https://www.ensembl.org/biomart) this gene-
set contained 460 genes that were carried forward for analysis and are denoted as the
heterozygous knockout (KO_het) in this chapter (Fahey et al., 2023).

3.3.1.2 Single-cell Data

In order to investigate which cell types were enriched for MEF2C associated genes, we
integrated the MEF2C gene-sets with single-nucleus gene expression data generated using
single-nucleus RNAseq (snRNA-seq). As noted throughout this thesis, any reference to
single-cell data refers to single-nucleus data unless otherwise stated. All data was isolated
from postmortem cortical samples and was obtained from the following studies. The first
two datasets were used in the cell-type enrichment analysis while the third dataset was

used in the the co-expression enrichment analysis.

(Zhu et al., 2022) generated snRNAseq data from 12 human neocortex samples from six
developmental periods (early mid gestation fetal, late mid gestation fetal, infancy, child-
hood, adolescence and adulthood) resulting in 45,549 cells. Twenty-eight distinct clusters
were identified comprising 15 cell types including inhibitory neurons, excitatory neurons,
vascular smooth muscle cell (VSMC), pericytes, endothelial cells; OPCs, oligodendrocytes

and microglia. This will be referred to as the developmental dataset and is the first dataset
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used for the cell-type enrichment analysis.

(Ruzicka et al., 2022) generated snRNAseq data from schizophrenia cases and controls
from two cohorts. In this analysis we use data from the second cohort which is referred to
as the Mount Sinai School of Medicine (MSSM) cohort. This cohort consisted of 92 sam-
ples (n=41 schizophrenia cases, n=>51 controls) from the prefrontal cortex (PFC) which
were subsequently profiled using snRNAseq. These individuals were exclusively adult
samples and ranged in age from 24 to 101. This resulted in with a total of 106,761 cells
which was found to contain 24 individual cell types following clustering. These cell types
included inhibitory neurons, excitatory neurons, interneurons, oligodendrocytes, oligo-
dendrocyte precursor cells (OPCs), microglia andendothelial cells. This will be referred

to as the SCZ dataset and is the second dataset used for the cell-type enrichment analysis.

(Zhong et al., 2018) generated snRNAseq data from the developing human PFC. Samples
were taken from at different gestational timepoints raging from gestational weeks 6-26.
Overall, 2,300 cells were profiled across the six main developing brain cells types: neural
progenitor cells (NPCs), excitatory neurons, interneurons, astrocytes and microglia. This
dataset will be referred to as the fetal dataset and is used for the co-expression analysis

only.

3.3.2 Enrichment of MEF2C gene-sets in single-cell data

Expression weighted cell enrichment (EWCE) was used to identify cell types in which the
MEF2C' gene-sets were enriched. EWCE is implemented as an R package

(https://github.com/NathanSkene/EWCE) and is a statistical method that determines
whether a gene-set has higher expression in a given cell-type than would be expected by
chance (Skene and Grant, 2016). This is estimated by testing to identify whether the
expression of a given gene-set in a cell-type is higher than random gene-sets created using

background genes.

Previous studies (Cosgrove et al., 2021), have investigated which cell types are enriched
for the genes present in the MEF2C gene-sets described above using mouse scRNAseq
data and the R package EWCE (Skene and Grant, 2016). Using more recent human
scRNAseq (Ruzicka et al., 2022; Zhu et al., 2022), we constructed two CellTypeDatasets
(CTDs) using EWCE. This was carried out by first converting both snRNAseq datasets
to the SingleCellExperiment format which is a format which stores expression data and
associated metadata for single-cell data sets and is available as an R package (Amezquita
et al., 2020). Genes that are not sufficiently expressed or are uninformative were then re-

moved from the datasets using the drop_uniformative_genes() in order to generate robust
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results and reduce noise. Both single-cell datasets were then converted to separate CTDs
using the generate_celltype_data() function within the EWCE package. This resulted in

two CTDs which contained a normalised sparse expression matrix for each dataset.

Both CTDs were then used to identify the cell-types in which the MEF2C associated
genes were enriched. The following process was carried out for each CTD. Taking the de-
velopmental CTD from (Zhu et al., 2023) as an example, the CTD was loaded using the
load_rdata() function within EWCE. The KO _hom gene-set from (Cosgrove et al., 2021)
(MEF2C21) was split into up-regulated (KO_hom_up) and down-regulated (KO_hom_down)
as previously mentioned. These three gene-sets and the gene-set from (Fahey et al., 2023)
(KO_het) were then tested individually to identify enriched cell-types from the CTD.
This was carried out using the bootstrap_enrichment_test() function controls for tran-
script length and GC content by selecting bootstrap lists of genes with similar features
to the genes in the target list. It was run for 10,000 permutations in order to generate
robust FDR corrected p-values. This resulted in four sets of results table, one for each
gene-set (Tables 1-4). This was then carried out using the other CTD generated using
the data from (Ruzicka et al., 2022) and results are available in Tables 5-8.

3.3.3 Enrichment of MEF2C Gene-sets in DEGs from Schizophre-

nia Single-nuclei Analysis

We obtained the list of DEGs from each cell-type in the SCZ dataset. Each MEF2C
gene-set was tested for enrichment in each of the DEG lists using a hypergeometric test.
The p-value significance threshold was obtained by dividing 0.05 by 100 (25 cell-types
multiplied by 4 gene-sets).

3.3.4 Co-expression Network Construction

Similar to a previous study (Pang et al., 2020), we constructed co-expression networks for
each of the cell types contained in the fetal dataset from (Zhong et al., 2018). The data
was downloaded from the Gene Expression Omnibus (GEO)

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE104276). Counts were nor-
malized to transcripts per million (TPM) and then log-transformed (logo(TPM+1)). Cells
were then classified into the six major cell types (neural progenitor cells (NPCs), exci-
tatory neurons, interneurons, astrocytes and microglia) using the sample annotation file
from (Zhong et al., 2018). Genes which did not have an expression level greater than 0

in at least 10% of cells of a particular cell-type were removed.

Genes expressed in each cell type were used as background genes and the Spearman corre-
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lation coefficient between background genes in each cell type was calculated to generate a
correlation matrix. Following the procedure used by (Pang et al., 2020) we determined the
correlation threshold for the top 0.5% of the Spearman’s correlation coefficients that were
calculated and 0.5% was defined as the co-expression network density for the background
genes. Networks were then constructed for a given gene-set with the same correlation
threshold.

3.3.5 Co-expression Enrichment Analysis

The correlation threshold value of 0.5% used above to construct a network for the back-
ground genes in a given cell type is defined as the co-expression network density for the
background genes. The co-expression network density for each gene-set is the number
of significant co-expressed pairs divided by the number of all pairs between genes in the

gene-set.

Co-expression fold enrichment was then calculated per gene-set and is defined as the ratio
of the network density for the background genes to the density of the gene-set. This
was also calculated at different timepoints for excitatory neurons, inhibitory neurons and
NPCs.
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3.4 Results

3.4.1 Cell-type Enrichment in the Developmental dataset

We performed cell-type enrichment analysis on single-cell gene expression data from the
human brain. We aimed to identify cell-types in which DEGs from MEF2C c¢KOs were
enriched. The developmental dataset from (Zhu et al., 2023) profiled 15 cell-types across
fetal and post-natal stages. Each gene-set, described earlier, was tested to identify en-
riched cell-types. The differing enrichment per gene-set are visualised in a heatmap using
the log fold-change statistic from EWCE (Figure 3.1). The KO_hom gene-set had seven
enriched cell-types following BH correction (Table 3.1). Enriched cell-types were primarily
neuronal and included multiple time-points including the early and late fetal stages. In-
hibitory neurons derived from both the medial and caudal ganglionic eminence were also
significantly enriched (FDR <0.05), while OPCs were also enriched following multiple
testing correction and were the only non-neuronal cell type enriched in this gene-set.

The KO_hom_down gene-set were enriched for four neuronal cell-types present in the de-
velopmental snRNA-seq dataset (Table 3.2). Adult and late-fetal excitatory neuronal cell
types were implicated in this analysis (Figure 3.1). While only adult inhibitory neurons
were found to be enriched in this gene-set. In contrast, KO_hom_up gene-set were enriched
for five neuronal cell-types from all three time-points (Table 3.3). Early-fetal excitatory
neurons were enriched in the up-regulated genes which was not seen when restricted to
down-regulated genes only. Furthermore, only adult inhibitory neurons were enriched

which echoes the result from the KO_hom gene-set.

Finally, the KO_het gene-set was only significantly enriched for excitatory neurons at
the late-fetal stage following BH correction. This was in contrast to the other gene-set
and its subsets which contained multiple enriched cell-types (Table 3.4). Enrichment of
adult excitatory neurons was nominally significant but it did not survive multiple testing

correction.
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Figure 3.1: Heatmap displaying the differing cell-type enrichments in the developmental
dataset for each tested gene-set using the log-fold change statistic calculated by the EWCE

package.
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Table 3.1: EWCE results using the KO_hom gene-set and the 15 cell-types from the
developmental dataset. P-values were corrected for multiple testing using the Benjamini-
Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Excitatory Neurons <0.00001 <0.00001 1.4309
Excitatory Neurons (Late-fetal) <0.00001 <0.00001 1.2832
Inhibitory Neurons (MGE) <0.00001 <0.00001 1.2745
Inhibitory Neurons (CGE) <0.00001 <0.00001 1.2495
Excitatory Neurons (Early-fetal) 0.0002 0.0006 1.1053
Oligodendrocyte Precursor Cells | 0.0078 0.0195 1.0807
(OPCs)

Inhibitory Neurons (Fetal) 0.0102 0.0219 1.0604
Astrocytes 0.6967 1 0.9819
Intermediate progenitor cells (IPCs) | 0.7392 1 0.9803
Pericytes 0.7608 1 0.9697
Oligodendrocytes 0.9876 1 0.9066
Endothelial Cells 0.9975 1 0.8757
Vascular Smooth Muscle Cells | 1 1 0.8508
(VSMC)

Radial Glia (RG) 1 1 0.8468
Microglia 1 1 0.6804
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Table 3.2: EWCE results using the KO_hom_down gene-set and the 15 cell-types from the
developmental dataset. P-values were corrected for multiple testing using the Benjamini-
Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Excitatory Neurons <0.00001 <0.00001 1.4174
Inhibitory Neurons (MGE) <0.00001 <0.00001 1.3574
Inhibitory Neurons (CGE) <0.00001 <0.00001 1.2816
Excitatory Neurons (Late-fetal) <0.00001 <0.00001 1.1789
Oligodendrocyte Precursor Cells | 0.0317 0.0951 1.0826
(OPCs)

Inhibitory Neurons (Fetal) 0.1278 0.3036 1.0383
Excitatory Neurons (Early-fetal) 0.1417 0.3036 1.0379
Pericytes 0.5160 0.9675 0.9965
Astrocytes 0.8339 1 0.9571
Intermediate progenitor cells (IPCs) | 0.9713 1 0.9269
Endothelial Cells 0.9865 1 0.8655
Vascular Smooth Muscle Cells | 0.9948 1 0.8684
(VSMC)

Oligodendrocytes 1 1 0.7849
Radial Glia (RG) 1 1 0.8038
Microglia 1 1 0.7137
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Table 3.3: EWCE results using the KO_hom_up gene-set and the 15 cell-types from the
developmental dataset. P-values were corrected for multiple testing using the Benjamini-
Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Excitatory Neurons (Late-fetal) <0.00001 <0.00001 1.3662
Excitatory Neurons <0.00001 <0.00001 1.3958
Excitatory Neurons (Early-fetal) 0.0003 0.0015 1.1485
Inhibitory Neurons (CGE) 0.0005 0.0019 1.1599
Inhibitory Neurons (MGE) 0.0018 0.0054 1.122
Inhibitory Neurons (Fetal) 0.1082 0.2705 1.0469
Oligodendrocyte Precursor Cells | 0.2195 0.4704 1.0367
(OPCs)

Oligodendrocytes 0.3495 0.6553 1.0234
Intermediate progenitor cells (IPCs) | 0.3968 0.6613 1.0105
Astrocytes 0.6845 1 0.9736
Pericytes 0.9496 1 0.899
Endothelial Cells 0.9829 1 0.8537
Radial Glia (RG) 0.9982 1 0.8696
Vascular Smooth Muscle Cells | 0.9998 1 0.7957
(VSMC)

Microglia 1 1 0.6131

30




Table 3.4: EWCE results using the KO_het gene-set and the 15 cell-types from the
developmental dataset. P-values were corrected for multiple testing using the Benjamini-
Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Excitatory Neurons (Late-fetal) 0.0009 0.0135 1.13328
Excitatory Neurons 0.0191 0.1432 1.1022
Inhibitory Neurons (CGE) 0.1198 0.5365 1.0527
Excitatory Neurons (Early-fetal) 0.1895 0.5365 1.0342
Astrocytes 0.2049 0.5365 1.0417
Microglia 0.2146 0.5365 1.0575
Inhibitory Neurons (MGE) 0.2851 0.5373 1.0226
Inhibitory Neurons (Fetal) 0.2866 0.5374 1.0202
Oligodendrocyte Precursor Cells | 0.4923 0.8173 0.9989
(OPCs)

Intermediate progenitor cells (IPCs) | 0.6788 0.8173 0.9782
Oligodendrocytes 0.6906 0.8173 0.9654
Vascular Smooth Muscle Cells | 0.6999 0.8173 0.9652
(VSMC)

Pericytes 0.7083 0.8173 0.96467
Radial Glia (RG) 0.9927 0.9994 0.8851
Endothelial Cells 0.9994 0.9994 0.7868

3.4.2 Cell-type Enrichment in the SCZ dataset

The SCZ dataset from (Ruzicka et al., 2022) was also used to test for cell-type enrich-

ment and differed from the previous single-cell dataset in that it contained cells from adult

schizophrenia cases and controls. Again, each gene-set was tested for enriched cell-types
(Figure 3.2). The KO_hom gene-set was found to be enriched in 16 cell-types (Table 3.5).

The enriched cell-types were consistent with the results from the other single-cell dataset

in that they primarily consisted of excitatory and inhibitory neurons. Other cell types

such as SNCG expressing cells. PAX6 expressing cells and near-projecting neurons were

also significant following multiple testing correction. This data also contained cell-types

from multiple brain layers with layer two/three, four, five and six inhibitory neurons

found to be significantly enriched in this gene-set. A more diverse and subtype specific

enrichment was observed due to the increased cell-type diversity in the SCZ dataset.
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Figure 3.2: Heatmap displaying the differing cell-type enrichments in the SCZ dataset for
each tested gene-set using the log-fold change statistic calculated by the EWCE package.

The KO_hom_down gene-set were enriched for 14 cell-types (Table 3.6). They were con-
sistent with the enriched cell-types identified using the KO_hom gene-set with the ma-
jority of the observed enrichment coming from inhibitory and excitatory neurons (Figure
3.2). Other cell types such as SNCG expressing cells. PAX6 expressing cells and near-

projecting neurons were again also significantly enriched. Cells from multiple brain layers
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were also implicated with layer two/three, four, five and six inhibitory neurons found to
be significantly enriched in this gene-set. In contrast, the KO_hom_up gene-set was only
enriched for four cell-types. All cell-types were from Layer 6 and were predominantly
inhibitory neurons but also included a mix of excitatory and inhibitory neurons in Layer

6b and excitatory projection neurons. (Table 3.7).

The KO _het gene-set was not found to contain any significantly enriched cell-types (Table
3.8) in the SCZ dataset. Four cell-types were found to be nominally significant but did
not survive multiple testing correction. These included two inhibitory Lamp5 neuronal

subtypes, Layer 6b neurons and excitatory projection neurons from Layer 6.
The SCZ dataset was also split into cases and controls to identify whether the enrichment

results would differ. However, they were relatively consistent with the results of the

combined dataset described above (data not shown).
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Table 3.5: EWCE results using the KO_hom gene-set and the 24 cell-types from the SCZ
dataset. EN denotes excitatory neurons and IN denotes inhibitory neurons. P-values were
corrected for multiple testing using the Benjamini-Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Layer 6 Inhibitory Neurons <0.00001 <0.00001 1.2414
Chandelier Neurons (IN) <0.00001 <0.00001 1.2418
Layer 6 Cortico-cortical Projection | <0.00001 <0.00001 1.2035
Neurons (EN)

Lampb Neurons (IN) <0.00001 <0.00001 1.1944
Lampb Neurons (Lhz6 expressing) | <0.00001 <0.00001 1.2025
(IN)

Layer 6 Inhibitory Neurons (Car$ | <0.00001 <0.00001 1.2198
expressing)

Layer 5 Inhibitory Neurons <0.00001 <0.00001 1.1813
Layer 4 Inhibitory Neurons <0.00001 <0.00001 1.1681
Layer 5 Excitatory Neurons <0.00001 <0.00001 1.1836
Layer 2/3 Inhibitory Neurons 0.0001 0.0002 1.1821
Neuropeptide Somatostatin (Sst) | 0.0001 0.0002 1.1402
Neurons (IN)

SNCG Expressing Cells 0.0002 0.0004 1.1107
Layer 6b Neurons 0.0003 0.0005 1.1664
Parvalbumin Neurons (IN) 0.0004 0.0007 1.1489
Layer 5/6 Near-projecting Neurons | 0.0009 0.0014 1.1375
Pazx6 Expressing Cells 0.0012 0.0018 1.1122
Sst-Chodl Neurons (IN) 0.0507 0.0716 1.0777
VIP Expressing Neurons (IN) 0.0826 0.1101 1.049
Oligodendrocyte Precursor cells | 0.8452 1 0.9504
(OPCs)

Astrocytes 0.9860 1 0.8907
Endothelial Cells 0.9949 1 0.8479
Vascular and Leptomeningeal Cell | 1 1 0.8155
(VLMC)

Oligodendrocyte 1 1 0.7741
Microglia 1 1 0.5114
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Table 3.6: EWCE results using the KO_hom_down gene-set and the 24 cell-types from
the SCZ dataset. EN denotes excitatory neurons and IN denotes inhibitory neurons.
P-values were corrected for multiple testing using the Benjamini-Hochberg method to

generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Chandelier Neurons (IN) <0.00001 <0.00001 1.3658
Lamp5 Neurons (IN) <0.00001 <0.00001 1.2402
Lampb Neurons (Lhz6 expressing) | <0.00001 <0.00001 1.251
(IN)

Parvalbumin Neurons (IN) <0.00001 <0.00001 1.2598
Layer 4 Inhibitory Neurons <0.00001 <0.00001 1.205
Neuropeptide Somatostatin (Sst) | 0.0005 0.002 1.1876
Neurons (IN)

Layer 5 Excitatory Neurons 0.001 0.0034 1.1869
Layer 5 Inhibitory Neurons 0.0012 0.0035 1.1721
Layer 6 Inhibitory Neurons 0.0013 0.0035 1.1556
Layer 2/3 Inhibitory Neurons 0.0016 0.0038 1.2098
SNCG Expressing Cells 0.0123 0.0266 1.0984
Layer 6 Cortico-cortical Projection | 0.014 0.0266 1.1004
Neurons (EN)

Layer 5/6 Near-projecting Neurons | 0.0144 0.0266 1.1249
Layer 6 Inhibitory Neurons (Car3 | 0.0262 0.0449 1.1002
expressing)

VIP Expressing Neurons (IN) 0.0427 0.0683 1.0838
Layer 6b Neurons 0.0679 0.1018 1.0829
Paz6 Expressing Cells 0.0972 0.1372 1.0609
Sst-Chodl Neurons (IN) 0.1784 0.2379 1.0543
Oligodendrocyte Precursor Cells | 0.8597 1 0.9322
(OPCs)

Endothelial Cells 0.9906 1 0.8232
Vascular and Leptomeningeal Cells | 0.9942 1 0.8252
(VLMC)

Astrocytes 0.9992 1 0.8052
Oligodendrocytes 1 1 0.5931
Microglia 1 1 0.5131
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Table 3.7: EWCE results using the KO_hom_up gene-set and the 24 cell-types from
the SCZ dataset. EN denotes excitatory neurons and IN denotes inhibitory neurons.
P-values were corrected for multiple testing using the Benjamini-Hochberg method to

generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Layer 6 Inhibitory Neurons <0.00001 <0.00001 1.3013
Layer 6 Cortico-cortical Projection | <0.00001 <0.00001 1.2881
Neurons (EN)

Layer 6 Inhibitory Neurons (Car3 | <0.00001 <0.00001 1.3221
expressing)

Layer 6b Neurons 0.0012 0.0072 1.2278
Layer 5 Inhibitory Neurons 0.0087 0.0418 1.1463
Pax6 Expressing Cells 0.0123 0.0492 1.1354
Layer 5 Excitatory Neurons 0.0197 0.0675 1.1357
Lampb Neurons (Lhz6 expressing) | 0.0359 0.096 1.0954
(IN)

Lampb Neurons 0.0360 0.096 1.0932
SNCG Expressing Cells 0.0461 0.1076 1.0863
Layer 5/6 Near-projecting Neurons | 0.0493 0.1076 1.111
Layer 2/3 Inhibitory Neurons 0.0803 0.1606 1.1036
Layer 4 Inhibitory Neurons 0.0915 0.1689 1.0775
Sst-Chodl Neurons (IN) 0.1616 0.277 1.0705
Chandelier Neurons (IN) 0.2321 0.3673 1.0369
Neuropeptide Somatostatin (Sst) | 0.2449 0.3673 1.0372
Neurons (IN)

Oligodendrocytes 0.6176 0.8705 0.9677
Astrocytes 0.6529 0.8705 0.9643
Parvalbumin Neurons (IN) 0.7229 0.8756 0.9631
VIP Expressing Neurons (IN) 0.7297 0.8756 0.9656
Oligodendrocyte Precursor Cells | 0.7960 0.9097 0.9355
(OPCs)

Endothelial Cells 0.9554 1 0.8492
Vascular and Leptomeningeal Cells | 0.9989 1 0.7764
(VLMC)

Microglia 1 1 0.4914
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Table 3.8: EWCE results using the KO_het gene-set and the 24 cell-types from the SCZ
dataset. EN denotes excitatory neurons and IN denotes inhibitory neurons. P-values were
corrected for multiple testing using the Benjamini-Hochberg method to generate Q-values.

Cell-type P-Value Q-Value Log Fold Change
Lampb Neurons (Lhz6 expressing) | 0.0144 0.2004 1.1212
(IN)

Lampb Neurons (IN) 0.0167 0.2 1.1149
Layer 6b Neurons 0.0355 0.258 1.1206
Layer 6 Cortico-cortical Projection | 0.0430 0.258 1.0964
Neurons (EN)

Chandelier Neurons (IN) 0.0605 0.2904 1.0933
Layer 6 Inhibitory Neurons (Car3 | 0.0849 0.3396 1.08
expressing)

Pazx6 Expressing Cells 0.1237 0.4241 1.0615
Layer 6 Inhibitory Neurons 0.1585 0.4265 1.0534
Astrocytes 0.1744 0.4265 1.0751
SNCG Expressing Cells 0.1840 0.4265 1.0425
Microglia 0.1955 0.4265 1.0813
Layer 4 Inhibitory Neurons 0.2784 0.5568 1.0309
Layer 5 Inhibitory Neurons 0.3345 0.6175 1.0197
Layer 2/3 Inhibitory Neurons 0.3898 0.663 1.0136
Sst-Chodl Neurons (IN) 0.4144 0.663 1.0132
Layer 5 Excitatory Neurons 0.504 0.7382 0.9957
Parvalbumin Neurons (IN) 0.5229 0.7382 0.9906
Layer 5/6 Near-projecting Neurons | 0.5637 0.7516 0.9848
Neuropeptide Somatostatin (Sst) | 0.6142 0.7594 0.9779
Neurons (IN)

VIP Expressing Neurons (IN) 0.6328 0.7594 0.9768
Oligodendrocyte Precursor Cells | 0.7008 0.8009 0.9556
(OPCs)

Oligodendrocytes 0.9187 0.9598 0.8746
Vascular and Leptomeningeal Cells | 0.9198 0.9598 0.8847
(VLMC)

Endothelial Cells 0.9745 0.9745 0.8249
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3.4.3 Enrichment of MEF2C Gene-sets in DEGs from

Schizophrenia Single-nuclei Analysis

We tested the MEF2C' gene-sets for enrichment in cell-type specific DEGs from the SCZ
dataset using a hypergeometric test. Similar to the cell-type enrichment analysis, a variety
of neuronal cell-types were implicated (Figure 3.3). However this analysis also implicated
endothelial cells, OPCs and microglia which were not detected by the other analysis. In
particular, the KO_het gene-set was enriched for DEGs in microglia, astrocytes, endothe-
lial cells in addition to neuronal cell-types despite not appearing to be enriched for any

particular cell-type in previous analysis.
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Figure 3.3: Heatmap displaying the differing cell-type enrichments in the DEGs for each
tested gene-set using the p-value calculated by a hypergeometric test.



3.4.4 Co-expression fold enrichment

Co-expression fold enrichment was calculated for each of the four gene-sets in each cell-
type contained in the fetal dataset (Figure 3.4). Higher fold enrichment scores imply
that the genes in the set are more significantly co-expressed than genes in the back-
ground set. The highest fold enrichments were observed in interneurons followed by
NPCs. Fold enrichment was generally lower in non-neuronal cell-types across gene-sets.
The KO_hom_down gene-set showed differing fold enrichment to the KO_hom_up gene-set
particularly for interneurons and microglia. The KO _het showed much lower fold enrich-

ment across cell-types.

Co-expression fold enrichment was also calculated for excitatory neurons, inhibitory neu-
rons and NPCs at different developmental time points (Figure 3.5). In NPCs, fold enrich-
ment was highest at gestational week (GW) 10 and was higher for genes in the KO_hom
gene-set. Fold enrichment did not differ extensively between GWs in excitatory neurons.

Finally, co-expression fold enrichment was highest at GW 23 in interneurons.

MEF2C 21 - 9 o ® *
(1062) 5.1 4.1 7'._1_ 2.7 2.7 3.8

MEF2C_21_up - @ ® ® )
(467) 6.3 4 g 3.3 3.1 5.4

MEF2c¢ 21 d - & L ®

) 4.2 4.6 5..5 2.2 255 2.8

MEF2C 23 - ® [ ] [ J s ®
(460) 2.5 3.2 3.2 2 1.7 1.7

NPCs " Interneurons OPCs
Excitatory Astrocytes Microglia

neurons

Figure 3.4: Co-expression fold enrichment of MEF2C" gene-sets in six cell types from
the prefrontal cortex. The name and sample size of each gene-set is included on the left
side of the graph. The co-expression fold enrichment score for each gene-set per cell-type
is denoted by a circle which is proportional to enrichment score
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Figure 3.5: Coexpression fold enrichment of MEF2C gene-sets in three cell types from
the prefrontal cortex at different gestational weeks (GW). Purple boxplots denote results
for genes in the KO_hom gene-set while green denote results for genes in the KO_het
gene-set.
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3.5 Discussion

The analysis of gene-sets derived from gene-expression studies provides an insight into
how these genes can affect a given phenotype. In the case of MEF2C, previous work has
implicated this gene in the dysfunction of synaptic processes and neuronal differentiation
(Cosgrove et al., 2021). This suggests that neuronal cell-types will be greatly impacted
by MEF2C mutation. However, while gene ontology and over-representation analysis can
provide clues as to which cell-types are at risk of being impacted, they do not utilise gene
expression from those cell-types. In addition, the vast majority of gene-sets are derived
from bulk-tissue samples which again limits our ability to understand which cell-types
they affect. The generation of single-cell dataset which profile gene expression has been
a major development in the area of functional genomics. These data have enabled us
to identify the cell-types that are likely to be impacted by cKO of MEF2C or a MEF2C
knockout designed to recapitulate the effects of MEF2C" haploinsufficency syndrome. The
genes present in the KO_hom gene-set were found to be enriched in excitatory neuronal
cell-types in both of the snRNAseq dataset used. While this is consistent with enrichment
analysis from (Cosgrove et al., 2021), it provides confirmation that MEF2C dysregulation
impacts human cell types as previous studies relied solely is on expression data from the
mouse brain. The developmental dataset also enabled us to discern that while excitatory
neurons across timepoints were enriched for this gene-set, adult inhibitory neurons were
primarily implicated. This remained consistent for the full gene-set and up and down
regulated portions of the gene-set. This suggests that MEF2C associated genes primarily
affect excitatory neurons in development but inhibitory types are more affected in adult-
hood. Additionally, cortical inhibitory neurons derived from both the caudal and medial
ganglionic eminence were found to be enriched for all variants of the KO_hom gene-set.
Cortical interneurons have previously been shown to have reduced density and activity in
ASD (Contractor et al., 2021). While this gene-set was not enriched for common variants
associated with ASD (Cosgrove et al., 2021), MEF2C' is associated with neurodevelop-
mental disorders and the cKO mice display autism-like symptoms (Harrington et al., 2016;
Zhang and Zhao, 2022b). The use of this human developmental transcriptomic dataset
also identified OPCs as an enriched cell-type which is in contrast to previous studies which
exclusively identified neuronal cell-types (Cosgrove et al., 2021). This suggests that some
enriched cell-types may be missed when exclusively using mouse data for this analysis.
Furthermore, the oligodendrocyte transcriptome is thought to be perturbed in ASD ac-
cording to postmortem studies and mouse models of ASD and the OPC enrichment may

suggest changes that affect mature oligodendrocytes (Phan et al., 2020).

The use of the SCZ single-cell dataset also provided useful insights into the cell-type en-
richment for the KO_hom gene-set. While lacking a developmental insight it did contain
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9 additional cell-types and provided information regarding the regional locations of par-
ticular cell-types. Consistent with both the above results and that of (Cosgrove et al.,
2021), enriched cell-types were predominantly neuronal. However, there was a stronger
enrichment for inhibitory neuronal cell-types and impaired inhibitory signalling is associ-
ated with neurodevelopmental disorders (Tang et al., 2021). Parvalbumin neurons which
are associated with both schizophrenia and ASD (Enwright et al., 2018; Filice et al., 2020)
were found to be highly enriched in both the full gene-set and the KO_hom_down gene-set.
Parvalbumin neuron perturbation in schizophrenia is thought to be due to mitochondrial
dysfunction while their role in ASD is yet to be elucidated despite a decrease in their num-
ber observed in postmortem tissue (Enwright et al., 2018; Filice et al., 2016). Regionally,
cells from layers five and six were the most highly enriched cell-types. Layer five excitatory
neurons has been previously shown to have distinct differential gene expression between
schizophrenia cases and controls which is consistent with this result (Arion et al., 2017).
In addition, snRNAseq of schizophrenia cases and controls shows that genes preferentially
expressed in layer five are located in genomic regions enriched for common variants as-
sociated with schizophrenia (Ruzicka et al., 2022). Furthermore, this study found that
many DEGs across cell-types in this study were MEF2C target genes which again pro-
vides support for the role of MEF2C' in schizophrenia (Ruzicka et al., 2022). All variants
of the KO_hom gene-set were also observed to be enriched in the DEGs from this dataset
across multiple cell-types including excitatory and inhibitory neurons, which supports the
cell-type enrichment results. These gene-sets were also enriched in glial cell types such
as astrocytes and microglia, which was not observed with the cell-type enrichment anal-

ysis. This suggests that these cell-types may also be affected by the homozygous knockout.

There was a distinct lack of enrichment in either single-cell dataset using the KO_het
gene-set. There was no significant enrichment using the SCZ single-cell dataset while
only excitatory neurons from the late-fetal stage were enriched using the developmental
dataset. While the excitatory enrichment is expected, more than one enriched cell-type
would have also been expected. This gene-set is smaller than the KO_hom gene-set so
it is possible that this is impacting the enrichment or that the genes in this set are not
distinctive to any one cell-type. However, this gene-set was enriched in DEGs obtained
from a variety of neuronal and non-neuronal cells which suggests that it may recapitulate

some of the biology observed in neurodevelopmental disorders.

Coexpression fold enrichment was highest in interneurons across gene-sets which suggests
that interneurons are affected in both MFEF2C knockouts despite the experimental dif-
ferences between them. Fold enrichment was also high in excitatory neurons which, is
consistent with previous studies in addition to the cell-type enrichment analysis from this

chapter (Fahey et al., 2023; Cosgrove et al., 2021). This shows that using gene-sets indi-
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vidually and by taking co-expression patterns into account will still implicate similar cell
types. The KO_hom_up gene-set showed much higher fold enrichment in excitatory neu-
rons that down-regulated genes, which suggests that the co-expression dynamics are dif-
ferent between the gene-sets despite convergence on the same cell-type. The KO_hom_up
gene-set also showed high enrichment in microglia, which is not as strong in the results
from other gene-sets. Microglia were also not found to be enriched in the EWCE analysis
despite high expression of MEF2C' in microglia (Ruzicka et al., 2022). This suggests that
when considering co-expression of multiple genes, cell-types that were missed by other
analysis may be identified. When comparing co-expression fold enrichment at different
gestational weeks, fold enrichment in NPCs was highest at GW 10 while it was highest
at GW 23 in interneurons. This illustrates the difference in co-expression at different

timepoints.

There are however a number of limitations to this analysis. The single-cell dataset used
contain much fewer cell-types and decreased subtype diversity when compared to the
mouse cell-types used in previous analysis (Cosgrove et al., 2021; Fahey et al., 2023).
Furthermore the ¢cKO from which the (Cosgrove et al., 2021) gene-set was derived was
only carried out in excitatory neurons of the forebrain and the RNA-seq analysis was
performed only on tissue from the somatosensory cortex. This implies that we are only
getting a region specific view of the dysregulation induced by the cKO. Additionally,
while the mutated neuronal population may affect other cell types, this does not reflect
the changes that would be observed if the knockout was carried out in these cell-types.
The KO_het gene-set is thought to be more reflective of the human condition yet both
gene-sets are derived from mice and converted to human orthologs. Finally, the tissue
obtained from the knockout models was exclusively adult tissue. As such, genes that are
affected in pre-natal cell-types may not be detected as differentially expressed. Ideally, in
order to characterise the dysregulation as a result of MEF2C mutation, a snRNAseq of
multiple brain regions from embryonic or postmortem tissue would provide better insight
into cell-type specific changes. This would however be much more difficult as postmortem
and embryonic tissue is difficult to obtain and snRNAseq is expensive to carry out. The
co-expression analysis was also limited to the six major cell-types in the fetal dataset.
Extending this analysis to the other snRNAseq dataset proved difficult using the software
from (Pang et al., 2020) yet may provide additional information were it to be extended
in future. While this analysis is flawed in this respect, it does make use of existing data

to provide new insights into the cell-types impacted by MEF2C knockout.
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4.1 Preamble to Chapter 4

This research presented in this chapter was the result of a collaboration between the
University of Galway and the Centre for Disease Neurogenomics at the Icahn School of
Medicine at Mount Sinai. My supervisors at the University of Galway were Prof. Derek
Morris and Prof. Cathal Seoighe. All of my analysis for this project was supervised by
Prof. Panos Roussos and Dr. Jaroslav Bendl from the Centre for Disease Neurogenomics
at the Icahn School of Medicine at Mount Sinai.

Prof. Panos Roussos and Dr. Jaroslav Bendl supervised all analysis relating to this project
and were involved in study design. Data generation was supervised by Dr. John Fullard
and conducted by Dr. John Fullard, Dr. Alexey Kozlenkov, Courtney Micallef, Zhiping
Shao and Jonathan Edelstien. Dr. Vahram Haroutunian and Prof. Stella Dracheva pro-
vided human brain tissue dissections and biopsies. Dr. Jaroslav Bendl and Dr. Gabriel
Hoffman were involved in the initial quality control and processing of the generated data.
I carried out all downstream analysis. This study is currently being prepared for submis-

sion.
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4.2 Abstract

Schizophrenia (SCZ) is a severe neuropsychiatric disorder with a complex pathophysiology
which is clinically characterised by psychosis, social withdrawal and cognitive deficits. Its
etiology is still poorly understood but it thought to be impacted by a variety of genetic
and environmental factors. The majority of previous studies that have utilised functional
genomic data to explore the dysregulation in SCZ have focused on gene expression in bulk
tissue. Here we performed transcriptome (n=400 libraries) and chromatin accessibility
(n=400 libraries) profiling in two neuronal (GABAergic and glutamatergic neurons) and
two non-neuronal (Oligodendrocytes and Microglia/Astrocytes) cell-types from 50 SCZ
cases and 50 controls. We have expanded the current knowledge of open chromatin
regions (OCRs) in the human brain by detecting many novel OCRs. We present disease-
associated changes in gene expression and chromatin accessibility at the cell-type level.
We observe an enrichment of common variants associated with SCZ in GABAergic and
oligodendrocyte OCRs and identify extensive cell-specificity of our differentially expressed
genes. To fully leverage the potential of our deeply sequenced transcriptome data, we
utilised our 392 RN A-seq samples to conduct a differential transcript analysis, thus offering
a complementary view that deepens our understanding of the transcriptomic nuances in
SCZ. A large majority of the significant genes identified in the transcript analysis were not
observed in the gene level analysis, indicating the need to study differences in transcript
expression at cell-type resolution. Isoforms of CACNAIC, a well-known SCZ risk gene
were differentially expressed at transcript-level only in oligodendrocytes an effect not
observed in the other cell-types. We have identified cell-type-specific enhancer-promoter
interactions by integrating our OCRs with Hi-C data which captures the three-dimensional
structure of the genome. We then link disease-associated epigenetic change with SCZ
GWAS signal and predict target genes using our enhancer—promoter interactions. Finally
we conduct a cell-type specfic eQTL analysis by imputing gene expression profiles for 848
individuals using our cell-type specific gene expression profiles as a reference. This greatly
increased our power to carry out eQTL analysis to link expression changes to genetic
variants. Overall, this analysis provides a comprehensive resource for characterising the

transcriptomic and chromatin accessibility landscapes of SCZ.
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4.3 Introduction

Schizophrenia (SCZ) is a severe, psychiatric disorder that affects between 0.7% and 1%
of the world’s population (Kahn et al., 2015). Symptomatically it usually manifests in
late adolescence or early adulthood despite changes beginning in neurodevelopment and
remains a chronic debilitating illness throughout the life of an individual (Ochoa et al.,
2012). Phenotypic changes that are observed include positive symptoms such as delu-
sions or hallucinations which are the most commonly known but also extends to negative
symptoms which result in a reduction of normal behaviours related to motivation and
interest and cognitive deficits (Kahn et al., 2015; Correll and Schooler, 2020; McCutcheon
et al., 2023). Whilst SCZ is one of the most widely studied neuropsychiatric disorders,
treatment still remains limited and affected individuals have a life expectancy of 10-20
years less than the general population (Correll et al., 2022b). Most available treatments
rely on atypical antipsychotics which have remained the first line of treatment for the last
70 years despite many clinical trials (Kantrowitz et al., 2023). These treatments are also
only partially effective with 10-30% of patients found to be refractory to treatment and
only 10-20% of all patients achieving full recovery criteria (Kane et al., 2019; Jaaskeldinen
et al., 2015; Huxley et al., 2021).

As a result of the limited treatment options for this disorder, extensive research has been
undertaken in an attempt to further elucidate the biology of this disorder. The etiology
is not fully understood yet it is believed to be a complex mixture of genetic and envi-
ronmental causes. Environment factors are thought to include obstetric complications,
maternal immune activation, season of birth and cannabis use (Ursini et al., 2018; Choud-
hury and Lennox, 2021; French et al., 2015). Genetic factors which are of more interest
in the context of this thesis are also thought to play a role both alone and by interaction
with environmental known as genotype x environment effects (GxE) (Fan et al., 2018).
In terms of genetics, SCZ is highly heritable with the heritability of SCZ thought to be
approximately 79% (Hilker et al., 2018). It is a complex polygenic disorder with many loci
implicated and 120 high confidence genes associated with SCZ in the latest GWAS (Tru-
betskoy et al., 2022). These genes are thought to impact a wide variety of pathways and
functions including synaptic functions, calcium channels and excitatory neuronal func-
tioning (Pardinas et al., 2018; Trubetskoy et al., 2022). Yet GWAS is thought to only
explain 24% of SNP heritability which implies that common variants only explain a subset
of the heritiability of SCZ (Trubetskoy et al., 2022). Rare variants are also thought to
contribute to SCZ but until recently were hard to identify due to the lack of power in
small samples sizes. The recent SCHEMA exome sequencing study identified 10 genes
with ultra-rare coding variants at exome-wide significance (Singh et al., 2022). Yet, both

common and rare genes associated with SCZ appear to converge on the same pathways
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and functions. As a result it is becoming increasingly important to understand how ex-

actly these changes contribute to SCZ development.

Functional genomics studies have aimed to characterise the underlying neurobiology of
SCZ. Studies of both the transcriptome and the epigenome have uncovered a number
changes in gene expression and molecular phenotypes related to gene regulation such as
chromatin accessibility, methylation and histone modifications. As this chapter will focus
on gene expression and chromatin accessibility changes, I will focus on these two molecu-
lar changes. Postmortem gene expression studies have revealed changes in brain regions
including the dorsolateral prefrontal cortex (DLPFC), which is the most studied region,
and the hippocampus (Horvath et al., 2011). Subsequent larger scale studies by the
CommonMind Consortium (CMC) and PsychENCODE have identified DEGs between
cases and controls with the greater number of DEGs in the latter study attributable to
the larger sample size (Fromer et al., 2016; Gandal et al., 2018). Both studies identified
genes involved in synaptic components and neurodevelopment while pathway analysis
from the PsychENCODE study showed that downregulated genes significantly implicated
transmembrane and signalling receptors. Transcript expression analysis has also been
invaluable in highlighting changes that may not be observed at gene level. While there
is often a large overlap between DEGs and differentially expressed transcripts (DETS),
it has been observed that DETSs have larger effect size than gene-level results particu-
larly for protein coding genes (Gandal et al., 2018). Additionally, genes that were only
significant at transcript level are of particular interest as their effects may be masked
by the expression of highly expressed genes when only gene-level analysis is conducted.
Cell-type enrichment analysis has also enabled us to pinpoint cells in which the observed
expression alterations are enriched. In relation to SCZ, this has highlighted excitatory
neuronal cells and oligodendrocytes for down-regulated genes while astrocytes were en-
riched for upregulated DEGs (Gandal et al., 2018). Isoform-only DEGs also exhibited
overlap with excitatory neurons confirming them as a major cell type of interest in SCZ
due to the concordance with prior studies (Gandal et al., 2018; Skene et al., 2018). These
results also highlight a major limitation of many studies of the transcriptome in SCZ.
Despite the ability to detect enriched cell-types, these studies are not truly able to inform
us of cell-type specific changes in SCZ as they utilise bulk tissue which is an overview of
all expression in a tissue rather than particular cell-types. As such, there has been an

increasing focus on cell-type specific transcriptomic changes in SCZ.

Cell-type specific transcriptomic changes in SCZ have been explored by a small number
of studies, yet our knowledge on this subject remains limited. These studies have used
targeted methods such as FACS or laser microdissection to isolate individual cell-types.

Findings from these studies include disruption of the ubiquitin protease and mitochon-
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drial pathways in pyramidal neurons, which was only observed in SCZ cases and not cases
of schizoaffective disorder thus identifying cell-type and disease specific changes (Arion
et al., 2017). Transcriptomic profiling of the human dentate gyrus granule cell layers
which is primarily composed of granule cell neurons also uncovered changes that have
previously been missed by bulk studies in addition to eQTL associations for CACNAIC a
known SCZ risk gene (Jaffe et al., 2020). The number of cell-enriched eQTL associations
was also greatly increased from previous studies of smaller sample size showing the need
for cell-specific profiling (Jaffe et al., 2020; Dong et al., 2018). Profiling of parvalbumin
neurons similarly implicated mitochondrial dysfunction in addition to tight junction sig-
nalling (Enwright et al., 2018). As the individuals in this study were also profiled in a
prior study of pyramidal neurons (Arion et al., 2015), the changes across both cell types
were compared with more than 80% of alterations found to be specific to a particular

cell-type.

Other molecular alterations in SCZ can also be informative, particularly in relation to
gene regulation. As with transcriptomic studies the majority of these studies are in bulk
tissue but some have profiled particular cell-types. Analysis of bulk chromatin accessi-
bility in SCZ identified three regions which were differentially accessible between cases
and controls but were not found to enriched for genes associated with SCZ (Bryois et al.,
2018). A number of DEGs identified by a previous study were found to have nearby
ATAC-seq peaks yet none of these were differentially accessible, which was thought to
be attributed to either cell-type specific effects that were masked in bulk tissue or lower
statistical power (Bryois et al., 2018). Indeed, cell-type specific effects in chromatin ac-
cessibility have been observed in controls with glutamatergic neuron peaks enriched for
SCZ risk variants (Hauberg et al., 2020).

Cell-type specific datasets in SCZ are extremely limited and often have smaller sam-
ple sizes and limited numbers of cell-types. In this study we have isolated nuclei from
two neuronal (GABA:GABAergic and GLU:glutamatergic neurons) and two non-neuronal
(OLIG:Oligodendrocytes and MGAS:Microglia/Astrocytes) cell-types from the dorsolat-
eral prefrontal cortex (DLPFC) in SCZ cases and controls in order to characterise cell-
type-specific changes at both the transcriptomic and the epigenomic levels using RNA-
seq and ATAC-seq profiling. We identified differentially accessible open chromatin regions
(OCRs) in addition to the identification of genes showing significantly different expression
between cases and controls. Given the limited research on SCZ at the transcript level,
our study aimed to address this gap by prioritising genes with cell-type-specific DETs.
This often revealed dysregulation of transcripts for genes that did not individually reach
statistical significance. Finally, we leveraged these data to enable a QTL analysis by

using these data to identify cell-type proportions in bulk RNA-seq data and using those
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proportions to impute expression for 848 bulk RNA-seq profiles. This then allowed for
eQTL detection and colocalization analysis resulting in cell-type specific eQTLs which
colocalized with SCZ risk loci. Overall, we aim to characterise cell-specific changes in

SCZ at both the transcriptomic and epigenetic level.
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4.4 Methods

4.4.1 Description of Samples

Dorsolateral prefrontal cortex (DLPFC) brain tissue was obtained from 100 individuals in
the Mount Sinai Brain Bank comprising 50 SCZ cases and 50 controls. These individuals
ranged in age from 24-101 and consisted of 34 females and 66 males. Full demographic
information for these samples is available in Supplementary Table 4.1 (https://drive.
google.com /drive/folders/11R3Ccix_ccfdApWhXY6AjqtoLdI0Qym867usp=sharing).

4.4.2 Fluorescence Activated Nuclear Sorting (FANS) of Four
Different Cell-types

For each sample, 50 mg of frozen postmortem brain tissue was homogenised in cold lysis
buffer (0.32M Sucrose, 5mM CaCl2, 3mM Magnesium acetate, 0.1mM, EDTA, 10mM
Tris-HCI, pH8, ImM DTT, 0.1% Triton X-100). Following homogenisation, each sample
was filtered through a 40pm cell strainer, and the flow through underlaid with sucrose
solution (1.8M Sucrose, 3mM Magnesium acetate, ImM DTT, 10mM Tris-HCI, pHS)
prior to ultracentrifugation at 107,000xg for 1 hour at 4°C. Pellets were then resuspended
in 500ul DPBS and incubated in BSA at a final concentration of 0.1% together with
anti-NeuN antibody (1:1000, PE conjugated, Millipore Cat FCMAB317PE), anti-SOX6
and anti-SOX10. DAPI (Thermoscientific) was added to a final concentration of 1pg/ml
directly prior to FANS sorting. GABAergic neurons (DAPI+NeuN+ SOX6+), Gluta-
matergic neurons (DAPI+NeuN+ SOX6-), oligodendrocytes (DAPI+NeuN- SOX10+)
and MGAS (DAPI+NeuN- SOX10-) nuclei were sorted into individual tubes (pre-coated
with 5% BSA) using a FACSAria flow cytometer (BD Biosciences) equipped with FACS-
Diva Version 8.0.1 software. FANS sorting yielded 100 samples per cell type resulting in
a total of 400 samples.

4.4.3 RNA-seq Data Generation

RNA-seq libraries were generated from nuclei for each of the four cell types (GABAergic
neurons, glutamatergic neurons, oligodendrocytes, a mixture of microglia and astrocytes).
Where available, 100,000 FANS sorted nuclei were incubated in extraction buffer (Arc-
turus PicoPure RNA Isolation Kit, applied biosystems) at 42°C for 30 mins while shaking
at 850 rpm. Samples were stored at -80°C prior to RNA extraction, according to man-
ufacturer’s instructions. RNA-sequencing libraries were generated using the SMARTer
Stranded Total RNA-seq Kit v2 (Takara Bio USA). Libraries were quantified by Qubit
HS DNA kit (Life technologies) and by quantitative PCR (KAPA Biosystems) prior to se-
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quencing. Finally, RNA-seq libraries were sequenced on Hi-Seq2500 (Illumina) obtaining
2x100 paired-end reads.

4.4.4 ATAC-seq Data Generation

Nuclei from each of the four cell types (GABAergic neurons, glutamatergic neurons, oligo-
dendrocytes, a mixture of microglia and astrocytes) were used to generate ATAC-seq
libraries using a previously established protocol (Buenrostro et al., 2015). For each sam-
ple, 75,000 sorted nuclei were centrifuged at 500g for 10min at 4°C followed by thorough
resuspension of pellets in transposase reaction mix (25pL 2x TD Buffer (Illumina Cat
#FC-121-1030) 2.5pL Tn5 Transposase (Ilumina Cat #FC-121-1030) and 22.5ul Nu-
clease Free H20) on ice. Reactions were incubated at 37°C for 30 minutes, after which
they were purified using the MinElute Reaction Cleanup kit (Qiagen Cat #28204), elut-
ing in 10pnL of buffer EB. Following amplification, barcoded libraries were resolved on
2% agarose gels and fragments ranging in size from 100-1000bp were excised and purified
(Qiagen Minelute Gel Extraction Kit—Qiagen Cat#28604). Prior to sequencing, libraries
were quantified with the Qubit dsDNA HS assay kit (Invitrogen Cat#Q32851) and using
quantitative PCR (KAPA Biosystems Cat#KK4873). In addition, fragment sizes were
estimated using Tapestation D5000 ScreenTapes (Agilent technologies Cat# 5067-5588)

and libraries were sequenced on Hi-Seq2500 (Illumina) obtaining 2x 150 paired-end reads.

4.4.5 Alignment of Raw Sequencing Files

FASTQ files for the respective samples were matched based on their pooling IDs and
barcodes. Raw reads were then trimmed for adapter sequences using the following pa-

rameters for Trimmomatic (v0.36) (Bolger et al., 2014):

ILLUMINACLIP::2:30:10:8: TRUE LEADING:3 TRAILING:3
SLIDINGWINDOW:4:15 MINLEN:36

The STAR alignment tool was used to map the trimmed reads on a modified version
of hg38 (Dobin et al., 2013). We corrected for allelic bias resulting from person-specific
genome variation by running STAR with the WASP module enabled (van de Geijn et al.,
2015). To do this we provided the ATAC-seq FASTQ file and the whole genome sequenc-
ing (WGS) file or SNP array genotype of each individual. The following settings of the
STAR aligner (v.2.7.0e) were used:

—alignIntronMax 1 —outFilterMismatchNmax 100 —alignEndsType Local
—outFilterScoreMinOverLread 0.66 —outFilterMatchNminOverLread 0.66
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This resulted in a BAM file per sample which contained mapped paired-end reads sorted
by genomic coordinates. Reads that mapped to multiple loci were excluded using sam-
tools (Li et al., 2009) , duplicated reads were excluded with PICARD (v2.2.4), (http:
//broadinstitute.github.io/picard), and reads mapping to the mitochondrial genome were

also removed.

4.4.6 Peak Calling

Peaks were called for the ATAC-seq samples using MACS (MACS, v2.1) for each cell type
(Zhang et al., 2008). The settings for MACS were as follows :

“~keep-dup all —shift -100 —extsize 200 —nomodel”

For each cell type, we used the same number of reads from each sample to create a
per-cell-type BAM file that is set to have 500 million reads. MACS was used to call peaks
with an FDR (-q parameter) of 0.01. Four sets of peaks (one from each cell-type) were

then merged to create a consensus set comprising 464,152 peaks.

4.4.7 Quality Control

Quality control metrics used for both RNA-seq and ATAC-seq samples included the total
number of initial reads, the fraction of reads that were uniquely mapped; the number of
uniquely mapped reads, GC content, insert and duplication metrics from PICARD and
the rate of reads mapping to the mitochondrial genome. In addition, for the ATAC-seq
samples the fraction of reads in peaks (FRiP), which is the fraction of reads that fall in
called peaks, the fraction of reads in only the blacklisted peaks and the ratio between
these two metrics. On average the number of reads per sample was 83 million and 84
million for the ATAC-seq and RNA-seq samples respectively. ATAC-seq samples with low
FRiP (less than 3% in a peak set created from one hundred randomly selected samples
by requiring a peak to be called in one or more of the sample BAM-files) were removed.
In addition, for both sets of samples, individuals with low mappability (less than 50%),
low GC content or low final read count (less than 5,000,000) were excluded from further
analysis. This resulted in a final set of 317 ATAC-seq samples and 392 RNA-seq samples
which were used to construct count matrices for the respective data-types. These matrices
were then used as an input to Rtsne package with a perplexity parameter of 7 in order to

perform a t-SNE based clustering of the samples.
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4.4.8 Overlap of ATAC-seq peaks with Existing Annotation

The R package ChIPSeeker (Yu et al., 2015) was used to assign a genomic context to our
detected OCRs with these contexts defined as promoter (+ 3kb of any TSS), 5-UTR, 3’-
UTR, exon, intron, and distal intergenic. The closest gene of each OCR was also assigned.
We compared the ATAC-seq OCRs to previously reported open chromatin regions (from
Roadmap Epigenomics Consortium (REMC) ((Roadmap Epigenomics Consortium et al.,
2015)), The Cancer Genome Atlas (TCGA) (Corces et al., 2018), and the Brain Open
Chromatin Atlas (BOCA) (Fullard et al., 2018)). We calculated this overlap using the
Jaccard index. The Jaccard index was taken as the intersection of base pairs divided by
union of base pairs. Only previously known OCRs were considered and the novel peaks
identified in this study were not included. We utilised the imputed datasets for REMC
as they were of higher quality and the samples were grouped as previously described
by (Fullard et al., 2018) in order to reduce dimensionality. For TCGA, we considered
Glioblastoma Multiforme, and Low Grade Glioma samples as brain samples. For BOCA,
only cortical samples were used and samples from the amygdala, insula, hippocampus,
mediodorsal thalamus, nucleus accumbens, putamen, and the primary visual cortex were

removed.

4.4.9 Differential Chromatin Accessibility Analysis

In order to identify OCRs that showed differential accessibility in SCZ, a differential
chromatin accessibility analysis was performed. Chromatin accessibility was assessed by
calculating the number of ATAC-seq reads that overlapped a given OCR with higher
counts representing more accessible regions. A count matrix was constructed for each cell
type and filtered to include only OCRs where counts per million (CPM) was > 1 in at least
20% of the samples. The Bayesian information criterion was then used to select covari-
ates which improved the overall model. The covariates tested included fraction of peaks
in reads (FRiP), GC content metrics, mapping metrics, insert metrics, predicted cell type
ratios, ethnicities, the rate of reads mapping to the mitochondrial genome, polymerase
chain reaction (PCR) bottle neck coefficient (PBC), relative strand cross-correlation coef-
ficient (RSC), and barcode. Sex and diagnosis were included in the base model. Following
this we identified for each additional covariate the number of OCRs which showed an im-
proved BIC score minus the number of OCRs which showed a worse BIC score when the
covariate was included in the linear regression model compared to when it was not in-
cluded. Covariates were then required to improve the mean BIC per OCR by at least 5 for
it to be included in the final model. The GC content (represented by two complementary

metrics) emerged as the sole technical covariate and was included in the model.

The normalised count matrices were then modelled jointly using the limma R package
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for each cell type using the voomWithDreamWeights function (v.3.38.3) (Ritchie et al.,
2015) which uses sample-level and observational-level weights. Firstly, Voom residualises
the read counts and fits a mean-variance function across all OCRs to account for the
fact that more accessible OCRs show lower variance. The observation level weights are
then set as the inverse of the estimated variance. Sample weights are similarly estimated
and used to calculate a final set of weights. The normalised read count matrices from
voomWithDreamWeights were then modelled by fitting weighted least-squares linear re-
gression models estimating the effect of the right hand side variables on the accessibility of
each OCR. The dream function from the variancePartition R package (v1.0.27) (Hoffman
and Schadt, 2016; Hoffman and Roussos, 2021) was then used to estimate the number of
differentially accessible OCRs and a multiple testing correction was applied (BH-corrected
P-value < 0.05). Dream was used as the same individuals reoccur for each cell type and it
accounts for correlation structure in repeated measures which enabled us to avoid inflating
the false discovery rate. Residualised count matrices for each cell-type were subsequently
constructed by removing the effect of the variables mentioned above but retaining the

effect of case/control status.

4.4.10 Differential Gene Expression Analysis

Genes which displayed differential expression in SCZ cases were identified by performing
a differential gene expression analysis. A count matrix was constructed for each cell type
and filtered to include only genes where the CPM was >1 in at least 20% of the samples.
The Bayesian information criterion approach described above was then used to select co-
variates and the GC content (represented by two complementary metrics) emerged as the
sole technical covariate. The normalised count matrices were then modelled jointly using
the limma R package (Ritchie et al., 2015). In order to identify the differentially expressed
genes (DEGs), the dream function from the variancePartition R package was used (Hoff-
man and Schadt, 2016; Hoffman and Roussos, 2021). A multiple testing correction was
also applied (BH-corrected P-value < 0.05).

4.4.11 Differential Transcript Analysis

Limma (Ritchie et al., 2015) was used to model differential expression at transcript level
using the same process for the gene-level analysis described above. No additional co-
variates were used as none were observed to improve the model following testing using
the Bayesian information criterion. We then wished to prioritise genes which showed
differential transcript expression. To do this we used the remaCor R package (https:
//gabrielhoffman.github.io/remaCor) which implements a random effects meta-analysis
per gene to test for both deviation from the mean of zero and effect size heterogeneity
(Han and Eskin, 2011; Han et al., 2016; Lee et al., 2017). The LS() function was used
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to implement fixed effect meta-analysis for correlated test statistics using the method of
(Lin and Sullivan, 2009). The correlation is set to the identity matrix for independent test
statistics. The RE2C() function was used to implement a random effect meta-analysis for
correlated test statistics to test for deviation of the mean from zero in addition to effect
size heterogeneity. This function uses the RE2 method of (Han and Eskin, 2011) when
test statistics are not correlated, or the RE2C method described by (Han et al., 2016)
for correlated test statistics. Again, correlation is set to the identity matrix for indepen-
dent test statistics. The analysis was carried out per gene with all applicable transcripts
tested and subsequently corrected for multiple testing (BH-corrected RE2C P-value <
0.05). Our results focus on output from the RE2C as it is more powerful for experimental

designs with correlated test statistics.

4.4.12 Gene Set Enrichment Analysis

Gene set enrichment analysis was carried out for both DEGs and differentially accessible
OCRs. For OCRs, the GREAT approach was used to assign OCRs to genes (McLean
et al., 2010). This involved restructuring the peak-sets into gene-sets which were com-
prised of the union of OCRs thought to regulate one or more genes in those gene-sets.
These gene-sets were then supplied to the CameraPR/() function within the limma R pack-
age (Ritchie et al., 2015). Gene-sets identified by the differential gene expression analysis
were supplied directly to CameraPR(). This function tests to see if the gene set supplied
is more significantly enriched than those not in the set. It considers all expressed genes
or accessible OCRs and all genes/OCRs are pre-ranked using the output from Dream
mentioned above. The gene-sets we tested against were from MSigDB 7.0 which allowed
for a general analysis (Subramanian et al., 2005). We also used gene-sets from SynGO

from a targeted approach to identify enriched synaptic processes (Koopmans et al., 2019).

4.4.13 Gene-set Analysis of Differentially Expressed Genes

MAGMA was also used to test enrichment of the DEGs per cell type in GWAS summary
statistics for various brain-related traits (de Leeuw et al., 2015)

(http://ctg.cner.nl/software/magma). We used summary statistics from published GWAS
on SCZ (Trubetskoy et al., 2022) (n=76,755 SCZ cases, n=243,649 controls), intelli-
gence (IQ) (Savage et al., 2018) (n=269,867) and educational attainment (EA) (Lee
et al., 2018) (n=766,345). SNPs with available GWAS results are mapped to genes using
GRCh37/hgl9 coordinates. Gene P-values are then calculated for each set of summary
statistics and the genes were padded by 35kb upstream and 10kb downstream in order
to include regulatory region variants. Linkage disequilibrium (LD) was estimated using

the European panel of the 1000 Genomes Project. This gene analysis is based on a mul-
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tiple linear principal components regression model that accounts for LD between SNPs
in each gene, number of SNPs in each gene, inverse of the mean minor allele count of
variants in each gene and the GWAS sample size. We corrected for multiple testing using

Benjamnin-Hochberg correction to compute Q values.

4.4.14 Disease Heritability of Open Chromatin Regions using
LD-score Partitioned Heritability

LD-score partitioned heritability (v.1.0.0) (Bulik-Sullivan et al., 2015) (https://github.
com/bulik/ldsc) was used to ascertain whether the previously identified OCRs were en-
riched for common variants associated with various GWAS traits. Summary statistics from
the following GWAS were used: SCZ (Trubetskoy et al., 2022), Bipolar Disorder (Mullins
et al., 2021), Educational Attainment (Lee et al., 2018), Amyotrophic Lateral Sclerosis
(ALS) (van Rheenen et al., 2021), Parkinson’s Disease (Nalls et al., 2019), Alzheimer’s
Disease (AD) (Jansen et al., 2019), Autism (Grove et al., 2019), Depression (Als et al.,
2023), Crohn’s Disease (Liu et al., 2015), Ulcerative Colitis (Liu et al., 2015), BMI (Locke
et al., 2015) and drinks per week (Karlsson Linnér et al., 2019). LD-score partitioned her-
itability tests to see if common genetic variants that are located in regions of the genome
that are of interest and explain more of the heritability than variants not located in these
regions. It corrects for the number of variants in either group and enabled us to correct
for possible biases present in the regions of interest. A baseline model of general genomic
annotation was used and included coding regions and conserved regions. The regression
model outputs both a P-value and a regression coefficient. We normalised the regression
coefficient by the per-SNP heritability and called it the “heritability coefficient” in order
to compare the coefficient across traits. This is different to the enrichment which is cal-
culated by this tool as the heritability coefficient takes the baseline into account unlike
the enrichment metric. We tested a number of phenotypes including SCZ, brain related
traits and a variety of negative controls using European summary statistics only. LD-score
analyses were only implemented with sets of OCRs which covered 0.05% or more of the
human genome. This analysis was run separately for differentially accessible OCRs and

general sets of OCRs.

4.4.15 Prediction of Enhancer-Gene Interactions

We used the Activity by Contact (ABC) model (ABC v.0.2) (Fulco et al., 2019) (https:
//github.com/broadinstitute/ ABC-Enhancer-Gene-Prediction) to build a regulatory map
of enhancer-promoter interactions in each cell-type (GABAergic neurons, glutamatergic
neurons, oligodendrocytes and MGAS). This model required: i) information regarding the

contact frequency between putative enhancers and promoters of regulated genes, and ii)
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enhancer activity data. Contact frequency matrices were generated from Hi-C datasets for
each of the cell-types mentioned. Enhancer activity data was ascertained using the ATAC-
seq data from the current study. We filtered out predictions for genes on chromosome Y
and genes which were lowly expressed. A minimum ABC score of 0.02 (default threshold)
was used for validating interactions and the default screening window was 5 Mb around
the TSS of each gene. We employed the ABC-MAX approach whereby we only retained
E-P with this highest ABC score in a particular locus.

4.4.16 Identification of Genes Implicated by Dysregulated ATAC-
seq Peaks

We sought to link the epigenetic changes observed in our ATAC-seq data with SCZ GWAS
signal and predict genes that may be involved in this change. In order to accomplish
this we first investigated whether our differentially accessible OCRs contained a SCZ
GWAS SNP. We compiled a list of SCZ index SNPs and SNPs in LD with them (R*>0.8)
from the latest SCZ GWAS (Trubetskoy et al., 2022). We used the Genomic Ranges R
package (Lawrence et al., 2013) to find OCRs which overlapped these SNPs by using the
subsetByOverlaps() function. We took these results and identified the overlap between
these OCRs with a GWAS SNP and predicted E-P interactions in order to predict genes
which may be contributing to dysregulation in these OCRs.

4.4.17 Cell-type Deconvolution and Gene Expression Imputa-
tion
4.4.17.1 Using FANS Data as a reference

The proportion of each cell-type (GABAergic neurons, glutamatergic neurons, oligoden-
drocytes and MGAS) contained within each sample present in bulk RNA-seq data (n=494
controls, n=354 SCZ cases) was estimated using dTangle (Hunt et al., 2019) using the
FANS data as a reference. dTangle was chosen as it has been found to be one of the most
reliable deconvolution tools for brain expression data and gives more accurate cell-type
proportion estimates than other methods (Sutton et al., 2022). dTangle uses a linear
mixed model in order to estimate cell-type proportions (Hunt et al., 2019). The bulk
expression data is part of the CMC dataset which includes functional and genotypic data
on controls and individuals with neuropsychiatric disorders (Hoffman et al., 2019). The
100 individuals present in the FANS data were also present in the bulk RNAseq count
matrix. This bulk matrix was filtered to remove genes which had a CPM < 1 in 30% of
samples in order to avoid lowly expressed genes affecting the deconvolution. Both the bulk
and reference expression were normalised using the Trimmed Mean of M-values (TMM)

method using the limma R package and converted to log(CPM+-1). They were then sub-
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setted to contain only common genes between the two matrices and combined into one
matrix. The normalizeBetweenArrays() function within limma was used to normalise the
expression intensities between the two datasets. dTangle was also used to identify marker
genes in the FANS data using the function find_markers() which takes the bulk data and
the reference data as input and outputs a list of marker genes per cell-type. Following this
step, the proportions of each cell-type can be estimated using the dtangle() function. This
function requires as input: i) our combined bulk and reference expression matrix, ii) the
list of marker genes per cell-type, iii) a vector containing information on which samples of
the combined matrix are to be considered reference profiles, and iv) the data-type which

was ‘“rna-seq”.

The resulting proportions were used as input for imputation of cell-specific gene expression
profiles using bMIND (Wang et al., 2021). bMIND estimates per-sample cell-type specific
expression profiles using a bulk expression matrix and an estimate of the proportion
of each cell-type present in each bulk sample. It imputes expression data using Markov
chain Monte Carlo (MCMC) (Wang et al., 2021). This resulted in the creation of four cell-
type-specific count matrices (n=494 controls, n=354 SCZ cases). Spearman correlation
coefficient was calculated between gene expression values of the imputed data and the
FANS data in order to ascertain whether the imputed gene expression was representative

of the gene expression in those cell-types.

4.4.17.2 Using Single-cell Data as a Reference

In order to ascertain the proportion of cell-subtypes present in the four cell-types profiled
using FANS we used a single-nucleus RNA-seq (snRNA-seq) dataset as a reference for
each of the four FANS expression matrices. snRNA-seq data was taken from a multi-omic
study profiling chromatin accessibility and gene expression in both the adult and develop-
ing neocortex (Zhu et al., 2023). This dataset was filtered to include only adult individu-
als and contained nine cell-types (excitatory neurons, medial ganglionic eminence derived
inhibitory neurons (IN-MGE), caudal ganglionic eminence derived inhibitory neurons (IN-
CGE), oligodendrocyte precursor cells (OPCs), astrocytes, oligodendrocytes, microglia,
endothelial cells, pericytes and vascular smooth muscle cells (VSMC)). Both expression
matrices were filtered to remove genes which had a CPM < 1 in 30% of samples in order
to avoid lowly expressed genes affecting the deconvolution. The snRNA-seq data was con-
verted to “pseudobulk” by summing the expression values across all cells in a cell-type.
Both the FANS and snRNA-seq expression were normalised using the TMM method using
the limma R package and converted to logCPM+1. They were then subsetted to con-
tain only common genes between the two matrices and combined into one matrix. The

normalizeBetweenArrays() function within limma was used to normalise the expression
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intensities between the two datasets. Marker genes for the snRNA-seq dataset were cho-
sen by using the cell-type marker genes identified in (Zhu et al., 2023). The proportions
of each cell-type were then estimated using the dtangle() function. This function requires
as input: i) our combined FANS cell-type and reference expression matrix, ii) the list of
marker genes per cell-type, iii) a vector containing information on which samples of the
combined matrix are to be considered reference profiles, and iv) the data-type which was
“rna-seq”. This process was run separately for each of the FANS profiles except gluta-

matergic neurons as the snRNA-seq dataset did not contain excitatory neuronal subtypes.

Similar to the process followed for the proportions estimated for the bulk expression data,
the proportions estimated for each FANS cell-type were used as input for imputation of
cell-specific gene expression profiles using bMIND (Wang et al., 2021). This resulted in the
creation of nine cell-type-specific count matrices (IN-MGE, IN-CGE, OPCs, astrocytes,
oligodendrocytes, microglia, endothelial cells, pericytes, VSMC). Spearman correlation
coefficient was calculated between gene expression values of the imputed data and the
single-nucleus data in order to ascertain whether the imputed profiles were a good repre-

sentation of the gene expression in those cell-types.

4.4.18 eQTL Detection in Expression Data Imputed from Bulk
RNA-seq

In order to detect eQTLs using our imputed expression matrices generated from bulk
RNA-seq data we used mmQTL which is a statistical package that better accounts for
population structure (Zeng et al., 2022)(https://github.com/jxzb1988/MMQTL). Geno-
type data for these individuals is publicly available as part of the CMC (Hoffman et al.,
2019). Genotypes were converted from variant call format (VCF) to PLINK format
which is required to mmQTL using the PLINK software (V1.9) (Chang et al., 2015)
(https://www.cog-genomics.org/plink/). Genotypes were subjected to standard quality
control measures using PLINK. SNPs that were missing in at least 10% of individuals were
removed (—geno 0.1) while no individuals were removed for excessive missingness (—mind
0.1). Variants with a minor allele frequency of less than 0.05 were also excluded (—maf
0.05) and Hardy-Weinberg Equilibrium (HWE) outliers were also removed (~hwe le-6).
A genetic relatedness matrix was required for mmQTL and was generated using GEMMA

(-gk 2) (Zhou and Stephens, 2012) (https://github.com/genetics-statistics/ GEMMA) .

Bayesian Information Criterion (BIC) analysis was used to identify which technical vari-
ables needed to be corrected for in the imputed expression matrices in a manner explained
in the differential analyses section of this chapter. We normalised the count matrices us-

ing the TMM method and transformed values to logs CPM +1 using voom within the
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limma R package (Ritchie et al., 2015). To improve eQTL detection, PEER factors were
estimated by generating a range of latent factors (from 1 to 30) by using the peer R
package (Stegle et al., 2010) in addition to the consideration of the variables of interest
pre-selected by the BIC analysis. These variables and the latent variables generated by
the peer R package were used to create a residualised matrix per cell-type. These residu-

alised matrices were then used as input for mmQTL.

mmQTL was then used for QTL detection using the processed expression and genotype
data. We carried out two rounds of multiple testing correction following (Kosoy et al.,
2022). Multiple test correction was firstly applied per gene using the Benjamini-Hochberg
(BH) and a BH-corrected P-value cutoff of 5% retaining the variant with the minimum g-
value per gene. BH correction was then applied at genome-level on these retained variants
with a cutoff of 5%.

4.4.19 Colocalization Analysis

Genetic colocalization analysis was carried out using coloc
(https://github.com/chrlswallace/coloc) (Giambartolomei et al., 2014; Wallace, 2020).
SCZ risk loci coordinates ((r*>0.1 with index SNP) were taken from the coordinates
reported in the latest GWAS (Trubetskoy et al., 2022). For each locus we used the
coloc.abf() function within coloc to test colocalization between the GWAS and eQTL
signals. We used the default prior in coloc in addition to the beta coefficients from
the GWAS and eQTL analysis and the sdY parameter was set to 1 for eQTL dataset.
Significant colocalizations were ascertained by using the PP H4 cutoff of >0.75.

4.4.20 Integration of ATAC-seq and RNA-seq Data
4.4.20.1 Canonical Correlation Analysis

In order to assess the shared correlation structure of the ATAC-seq and RNA-seq data we
used Canonical Correlation Analysis (CCA). We subsetted both count matrices to ensure
that the samples are matched between data-types, which is required for CCA. We used
the Seurat R packages to identify variable features in each of the count matrices and then
focused on the protein-coding genes that are highly variable. We then used a variant of
CCA, known as diagonal CCA (Butler et al., 2018) to build our canonical correlation

vectors.

4.4.20.2 Multi-omic Intergation with SNFtool

We sought to identify molecular subtypes of SCZ by using the multi-omic integration
software, SNFtool (Wang et al., 2014). Similarity network fusion (SNF) constructs net-
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works of samples, in this case the individuals in our count matrices for each data type
and then fuses them into one network that represents all of the underlying data (Wang
et al., 2014). A prior study, (Ramaswami et al., 2020) utilised this approach to identify
molecular subtypes of autism spectrum disorder (ASD) which could then be subsetted
from the original count matrices and analysed separately in order to identify changes that

were previously masked.

Following the methods from (Ramaswami et al., 2020), we first regressed out technical and
biological covariates including RNA integrity number (RIN), age and sex. Matrices were
then subsetted to include only matched samples and matched genes. Data was normalised
using TMM normalization which has been previously described in this section. Similar-
ity matrices were calculated for each data-type using the dist2() and and affinityMatrix
functions within SNFtool using the default parameters of SNFtool. Both similarity ma-
trices are then supplied to the SNF() function which constructs similarity networks and
fuses the matrices. The resulting clusters were then viewed using the spectralClustering|()

function.
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4.5 Results

4.5.1 Dataset Description and Quality Control

We performed ATAC-seq and RNA-seq profiling in nuclei isolated from SCZ cases (n=>50)
and controls (n=50) from four cell types (GABAergic neurons, glutamatergic neurons,
oligodendrocytes, a mixture of microglia and astrocytes) derived from prefrontal cortex
(PFC) tissue using FANS. FANS was used to differentiate neuronal and non-neuronal
nuclei using an anti-NeuN (RBFOX3) antibody. The inclusion of an anti-Sox10 antibody
allowed us to distinguish GABAergic (NeuN+ Sox10+) and glutamatergic nuclei (NeuN+
Sox10-). Similarly, within the non-neuronal cell population, an anti-Sox6 antibody was
used to separate oligodendrocytes (NeuN- Sox6+) from remaining non-neuronal cells, pre-
dominantly microglia and astrocytes. Following quality control measures (Methods), 317
ATAC-seq and 392 RNA-seq samples remained comprising 464,152 OCRs and 22,600 ex-

pressed genes. An overall schematic of the experimental design is shown in Figure 4.1.
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Figure 4.1: Schematic outlining the overall study design
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t-SNE clustering was also performed using the respective count matrices generated per
data-type and showed differences between the overall cell types (neuronal /non-neuronal).
Subtype level difference were also observed between neuronal cell-types (GABAergic and

glutamatergic neurons) and non-neuronal cell-types (oligodendrocyte and MGAS) (Figure
4.2).
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Figure 4.2: t-SNE clustering of samples using chromatin accessibility (left) and gene
expression data (right)

4.5.2 Annotation of Open Chromatin Regions

We assigned genomic contexts to each OCR using the R package ChIPSeeker (Yu et al.,
2015) with each OCR assigned one of the following annotations: promoter (+3 kb of
any TSS), 5-UTR, 3-UTR, exon, intron and distal intergenic. Of the OCRs identified,
the highest proportion were located in intergenic (39.2 %) and intronic (39 %) genomic
regions (Figure 4.3). We also compared our identified OCRs with previously published
epigenome annotations from (Bryois et al., 2018; Corces et al., 2018; Bendl et al., 2022;
Fullard et al., 2018; Hauberg et al., 2020) and (Nott et al., 2019), revealing that around
20% of them appear to be novel OCRs (Figure 4.4). We also visualised this overlap using
the Jaccard index in the form of various heatmaps (Figure 4.5). The oligodrendrocyte
OCRs from this study showed strong overlap with brain OCRs from TCGA, bulk brain
ATAC-seq data and oligodendrocyte OCRs (Figure 4.5(a,b,e,f)). Microglia/Astrocyte

OCRs showed a weaker overlap with published studies but a higher overlap was observed
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with microglia OCRs from cell-specific ATAC-seq data (Figure 4.5 (e,f)). GABAergic
neurons and glutamatergic neurons displayed a strong overlap with neuronal cell popula-
tions as well as OCRS from purified GABAergic and glutamatergic neuron populations
respecitively (Figure 4.5 (b-f)). Stronger overlap was also observed within subtypes with
GABAergic and glutamatergic neurons showing stronger overlap with each other or neu-
ronal cells than non-neuronal cell-types (Figure 4.5). This trend was also observed for

microglia/astrocytes and oligodendrocytes.
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Figure 4.3: Proportion of OCRs corresponding to different genomic annotations. OCR
regions located within a 3kb proximity to a transcription start site (TSS) were categorised
as promoter OCRs.
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Figure 4.4: Proportion of known and novel OCRs. Novel OCRs are calculated based on
comparison with established atlases of chromatin accessibility.
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(a) Overlap with OCR annotation from CMC bulk ATAC-seq (Bryois et al., 2018)

116



Cancer

GABAergic -
Jaccard Index
_:5 Glutamatergic 4 0.1
u-%- 0.12
2 | 0.09
= Oligodendrocytes 006

MicrogliaAndAstrocytes

&
Reference study

(b) Overlap with OCR annotation from TCGA ATAC-seq

Alz brain
GABAergic 4
Jaccard Index
_:é'* Glutamatergic 0.30
0 0.25
2 0.20
= Oligodendrocytes 045
010

MicrogliaAndAstrocytes

e kﬁ‘%

o S
<+
Reference study

(c) Overlap with OCR annotation from Alzheimer’s disease (AD) brain ATAC-seq
from (Bendl et al., 2022)
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Figure 4.5: Heatmaps visualising the overlap between the OCRs from this study and
various reference studies using Jaccard index.

4.5.3 Differential Accessibility Analysis

To explore SCZ-associated changes in chromatin accessibility, we performed cell-specific
differential analyses on 317 ATAC-seq samples from SCZ cases and controls. The com-
bined influence of cell type and diagnosis status explained 39.7% of the variability in the
ATAC-seq data. In a stepwise Bayesian information criterion approach (Methods), the GC
content (represented by two complementary metrics) emerged as the sole technical covari-
ate for the ATAC-seq data, contributing to 13.8% of the variance. The largest numbers of
SCZ-associated OCRs were observed in non-neuronal cell types (OLIG: n=24,633, MGAS:
n=1,810 at BH-corrected P-value < 0.05), followed by GABAergic neurons (n=1,366)
(Figure 4.6). Additionally, the vast majority of differentially accessible OCRs were up-
regulated across cell-types with the exception of MGAS. This was also observed in the
differential anlaysis where cell-types were merged and considered as a bulk sample. A full
table of differentially accessible OCRs is available in Supplementary Table 4.2 (https://
drive.google.com /drive/folders/11R3Ccix_ccfApWhXY6AjqtoLdI0Qym867usp=sharing).
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Figure 4.6: Heatmap displaying the total number of differentially accessible OCRs per
cell-type (ATAC Merged) as well as the number of up-regulated OCRs (ATAC Up) and
the number of down-regulated OCRs (ATAC Down) per cell-type. Fraction of OCRs refers
to how many of the total OCRs were differentially accessible, darker shading indicates
more of the total OCRs were differentially accessible between cases and controls.

4.5.4 Gene-set Enrichment Analysis of Open Chromatin Re-
gions

Gene set enrichment analysis (GSEA) was performed in order to identify the biological
processes potentially implicated in SCZ using the differentially accessible OCRs per cell-
type (Figure 4.7). The altered pathways associated with SCZ in GABAergic neurons
included general molecular pathways such as “C Terminal Protein Amino Acid Modifi-
cation” and “DNA Topological Change”. Both oligodendrocytes and the combined set
of differentially accessible OCRs implicated N-glycan synthesis, which is consistent with
studies that have reported glycosylation abnormalities in SCZ postmortem brain tissue
(Bauer et al., 2010; Tucholski et al., 2013; Mueller et al., 2014), in addition to mouse mod-
els which report altered glycosylation when modelling SCZ risk variants (Mealer et al.,
2022). The “DNA fragment pathway” was also implicated in GABAergic neurons and
oligodendrocytes. Interestingly, DNA fragmentation is a sign of apoptosis, which has
been hypothesised to be affected in schizophrenia resulting in excessive dendritic spine
loss (Parellada and Gassd, 2021). Indeed, SCZ organoids have been observed to have
increased DNA fragmentation (Notaras et al., 2022).
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We also employed a targeted strategy using the SynGO ontology resource. This analysis
primarily implicated postsynaptic locations in GABAergic neurons such as the postsy-

naptic membrane and cytoskeleton (Figure 4.8).
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Figure 4.7: Heatmap visualising GSEA results for differentially accessible OCRs us-
ing MSigDb. #: significance at BH-corrected P-value < 0.05, a dot indicates nominal
significance, Bi: Biocarta, GO: Gene Ontology, Re: Reactome.
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Figure 4.8: Sunburst plots depicting synaptic locations implicated by the GABAergic
OCRs. This plot features the synapse at the center, pre- and post-synaptic locations
in the first ring, and child terms in subsequent rings. The color scheme in the legend
indicates the number of genes within each term.

4.5.5 Disease Heritability of Open Chromatin Regions

In order to examine the role that the OCRs detected in this study may have on disease, we
tested whether they were enriched for common variants associated with various disorders
using LDSC (Methods). This analysis was first carried out for all OCRs detected per
cell-type as well as the consensus set. We found nominal enrichment of MGAS and oligo-
dendrocyte OCRs for common variants associated with ALS and AD but no enrichment
for SCZ (Figure 4.9). In addition, none of the results survived multiple testing correction.

When these sets of OCRs were restricted to those that were differentially accessible, we
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do observe enrichment for common variants with schizophrenia. SCZ-associated OCRs
were significantly enriched in oligodendrocytes and GABAergic neurons (Figure 4.10).
The full set of SCZ associated OCRs were also significant in the LD-score regression anal-
ysis at BH-corrected P-value < 0.05. Other brain-related disorders and traits such as
bipolar disorder and educational attainment were also nominally significant while other

neuropsychiatric traits were not significant, perhaps due to lack of power in the GWAS.
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Figure 4.9: Heatmap for p-value enrichment of OCRs in common variants associated
with a variety of traits using LDSC

We also used the regression coefficient normalised by the per-SNP heritability of the
trait for each set of OCRs to further explore the overlap with risk of that trait. If the
coefficient is positive it implies enrichment in heritability. Heritability enrichment was
observed for ALS and AD in MGAS and oligodendrocytes, which was consistent with
the previous analysis (Figure 4.11). When OCRs were restricted to those which were
differentially accessible, significant enrichment in SCZ was observed for the combined
set of OCRs (Figure 4.12). Nominal enrichment was observed for oligodendrocytes and
GABAergic neurons, while no enrichment was observed for MGAS. This coefficient was
also compared to those calculated by previous studies (Fullard et al., 2018; Hauberg et al.,

2020) and shows stronger enrichment compared to previous studies.
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Figure 4.10: Heatmap for p-value enrichment of differentially accessible OCRs in com-
mon variants associated with a variety of traits using LDSC
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Figure 4.11: Heritability coefficients for various traits for all OCRs in a given cell
type. This was calculated by using the regression coefficient normalised by the per-SNP
heritabilty of a given trait.
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Figure 4.12: Heritability coefficients for SCZ for differentially accessible OCRs in a

given cell type. Heritability coeffcients observed for two previous studies, (Hauberg et al.,
2020) and (Fullard et al., 2018) are also included for comparison.
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4.5.6 Identification of Enhancer-Promoter Interactions and their
Relationship with Differentially Accessible Open Chro-

matin Regions

We aimed to identify enhancer-promoter (E-P) interactions by integrating our ATAC-
seq data with cell-specific Hi-C and ChIP-seq data using the ABC approach developed by
(Fulco et al., 2019) (Methods). Across the four cell-types (GABAergic neurons, glutamter-
gic neurons, microglia/astrocytes and oligodendrocytes) we identified 75,135, 107,495,
74,881, 84,829 E-P interactions respectively. Most genes are linked to a distal OCR
(OCRapc) (85%) with the majority linked to five enhancers or less (Figure 4.13). As a
general pattern we observe, that most of the identified enhancers regulate a single gene,
however a substantial number regulate two or more genes (Figure 4.14). A full table of
E-P links estimated by the ABC analysis is available in Supplementary Table 4.3 (https://
drive.google.com/drive/folders/11R3Ccix_ccfApWhXY6AjqtoL.dI0Qym867usp=sharing).
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Figure 4.13: Histogram of the number of OCR 4p¢ linked per gene across the four cell-
types.
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Figure 4.14: Histogram of the number of genes linked per OCR sp¢c across the four
cell-types.

We next aimed to leverage our E-P links to see if we could link genetic signal from SCZ
GWAS with epigenetic changes. Our overall approach is illustrated in Figure 4.15. We
first collected index SNPs from SCZ GWAS (n=326) and then included SNPs that were
in high linkage disequilibrium (R? > 0.8) resulting in a total set of 11,445 SNPs. We
then subsetted our differentially accessible OCRs per cell-type (excluding glutamatergic
neurons due to the low number of differentially accessible OCRs) to include only those
which overlapped a SCZ-associated SNP. We did not observe any overlap for MGAS and
there were only two overlaps for GABAergic neurons (two distinct loci). However, there
were 66 overlaps across 31 distinct loci for oligodendrocytes. We then took the OCRs
which overlapped a GWAS SNP and assessed whether this region also overlapped an E-P
link from our ABC analysis. In order to avoid multiple associations for one locus, we
followed the ABC-Max approach and for each peak, we kept the E-P ABC link with
the highest ABC score. While we did not observe overlap for GABAergic neurons we
identified 12 dysregulated peaks which overlapped both an E-P link and a SCZ GWAS
SNP thus linking epigenetic changes with genetic signal. We then visualised this cell-
specific regulation using IGV genome viewer (https://www.igv.org/) to show the E-P
link from the ATAC-seq region containing a GWAS SNP to the transcription start site
of the predicted target gene. An example of this for ZNF281 is shown in Figure 4.16.
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ZNF281 is highly expressed in oligodendrocytes and is involved in the DNA damage
response, a process that has been found to be perturbed in postmortem tissue isolated

from schizophrenia cases (Pieraccioli et al., 2016; Shishido et al., 2023).
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Figure 4.15: Schematic outlining the strategy for linking risk variants associated with
SCZ to differentially accessible OCRs and their respective causal genes in a cell-specific

manner.

129



5 I N
p36.23 p36.12 p35.1  p3+l p32.2  p3L.2

pz2.3 pzl3  plz.3 plz g1z qzl.1 g22 q241 g25.Z 3Ll q321 q32.3 q4211 q42.3  qid

-
5]
3
2
&
g 100 kb
o 200,360 kb 200,320 kb 200,400 kb 200,420 kb 200,440 kb
5 | | | | | | | | |
ES {Click and drag to zoom in. |
[ 1
L N A l
1n 1 | [ | HI I1NIER 1 mn [ ] 1 [ 41 N | 1 1 m 1 11
ELE Fesk 33388  Poak_ 33335 Fook 33332 Peck 53983 Pesk 33002 Pesk 33005  Peak 33008 Peak 35013 Feak 35014 Foak 33015 Pesk 33017  Peak 89013

LINCOO0862 ZNF281

Figure 4.16: Genome browser visualisation of E-P link and ATAC-seq data for ZNF281.
The top track represents genomic location followed by ATAC-seq data for cases (red)
and controls (blue), the enhancer link between the ATAC-seq peak and ZNF281 is then
illustrated below.

4.5.7 Differential Gene Expression Analysis

Three hundred and ninety-two samples remained following processing of the RNA-seq
counts and were used to identify DEGs between SCZ cases and controls. The combined
influence of cell type and diagnosis status explained 66.4% in the RNA-seq data. In a
stepwise Bayesian information criterion approach (Methods), the GC content (represented
by two complementary metrics) emerged as the sole technical covariate for the RNA-seq
contributing to 6.3% of the variance. The number of unique genes across cell types
that were significant at BH-corrected P-value < 0.05 was 2,083. Oligodendrocytes were
shown to have the most SCZ-associated changes in gene expression (n=1,564) followed
by glutamatergic neurons (n=266) (Figure 4.17). Overall, non-neuronal cell types were
observed to contain higher numbers of DEGs than neuronal cell types. (Figure 4.17). We
also explored the overlap of our DEGs between cell-types. Overall, there appeared to little
overlap of DEGs between cell-types with only one shared across all four cell-types and the
majority of DEGs appearing to have cell-type specific dysregulation (Figure 4.18). A full
table of DEGs is available in Supplementary Table 4.4 (https://drive.google.com/drive/
folders/11R3Ccix_ccf4ApWhXY6AjqtoLdI0Qym867usp=sharing).

130


https://drive.google.com/drive/folders/1lR3Ccix_ccf4pWhXY6AjqtoLdI0Qym86?usp=sharing
https://drive.google.com/drive/folders/1lR3Ccix_ccf4pWhXY6AjqtoLdI0Qym86?usp=sharing

Upregulated < ad % .06
S B 0.04
S
[T

Figure 4.17: Heatmap summarising the number of differentially expressed genes (DEGs)
per cell type. The total number of DEGs per cell-type (RNA merged), the number of
up-regulated genes per cell-type (RNA Up) and the number of down-regulated genes per
cell-type (RNA Down) are shown. Fraction of DEGs refers to how many of the total gene

were differentially expressed, darker shading indicates more of the total number of genes
were differentially expressed between cases and controls.
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Figure 4.18: Venn diagram showing overlap of DEGs between cell types.

4.5.8 Gene-set Enrichment Analysis of Differentially Expressed

Genes

We employed GSEA to identify the biological functions potentially impacted by the DEGs
identified by our RNA-seq (Figure 4.19). Significant terms in the neuronal cell-types in-
cluded synaptic terms such as “Regulation of Synaptic Vesicle Cycle”, “Regulation of
Postsynaptic Membrane Potential” and “Glutamate Binding Activation of AMPA Recep-
tors and Synaptic Plasticity”. MGAS DEGs implicated “Axon Ensheathment in Central
Nervous System” which is consistent with recent research which shows that microglia
are necessary for myelin sheath maintenance (McNamara et al., 2023). Terms related to
the endoplasmic reticulum (ER) were also significant for the combined DEG set and the
glutamatergic DEGs. Oligodendrocyte DEGs implicated processes including “Cholesterol
Biosynthesis” and “Sterol Biosynthesis”. Oligodendrocytes require cholesterol for myelin
production and lipids have been investigated as biomarkers for SCZ as they are thought
to play a role in the cognitive symptoms associated with the disorder (Maas et al., 2020;
Sun et al., 2021).

We also utilised a targeted strategy using the SynGO ontology resource to identify synap-

tic locations associated with our DEGs (Figure 4.20). The locations implicated by the
GABAergic DEGs included the postsynaptic cytoskeleton and presynaptic synaptic vesi-
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cle (SV) while glutamatergic DEGs implicated the postsynaptic specialisation membrane
and the presynaptic ER (Figure 4.20 (a-b)).
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Figure 4.19: Heatmap visualisation of GSEA results for DEGs using MSigDB.#: Sig-
nificance with BH-corrected P-value < 0.05, a dot indicates nominal significance, Bi:
Biocarta, GO: Gene Ontology, Re: Reactome.
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(b) Sunburst plot depicting synaptic locations implicated by the gluta-
matergic DEGs using the SynGO ontology resource.
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Figure 4.20: Sunburst plots depicting synaptic locations implicated by the (a) GABAer-
gic DEGs and (b) glutamatergic DEGs. This plot features the synapse at the center, pre-
and post-synaptic locations in the first ring, and child terms in subsequent rings. The
color scheme in the legend indicates the number of genes within each term.

MAGMA gene-set analysis was used to identify whether our DEGs were enriched for genes
containing common variants associated with SCZ, IQ) and educational attainment (EA).
The latter two were used as they are associated with SCZ and contain larger sample
sizes for a more powerful analysis. However, none of these gene-sets were significantly
enriched for genes associated with any of the aforementioned phenotypes (Table 4.1).
The 12 independent tests were corrected for multiple testing by calculating BH-corrected

P values (Q values).

Table 4.1: Results from MAGMA gene-set analysis of the DEGs per cell-type using
GWAS data for SCZ, IQ and EA.

Cell Type Phenotype | Beta | P-value | Q-value

GABAergic Neurons SCZ -0.046 | 0.634 0.841
Glutamatergic Neurons SCZ 0.037 0.321 0.642
Oligodendrocytes SCZ 0.036 0.141 0.423
Microglia/Astrocytes SCZ 0.173 0.038 0.228
GABAergic Neurons IQ -0.097 | 0.771 0.841
Glutamatergic Neurons IQ -0.002 | 0.509 0.764
Oligodendrocytes IQ 0.05 0.058 0.233
Microglia/Astrocytes 1Q 0.09 0.177 0.425
GABAergic Neurons EA -0.184 | 0.896 0.896
Glutamatergic Neurons EA 0.003 0.487 0.764
Oligodendrocytes EA -0.023 | 0.742 0.841
Microglia/Astrocytes EA 0.26 0.008 0.094

4.5.9 Differential Transcript Expression Analysis

To fully leverage the potential of our deeply sequenced transcriptome data, we used our
392 RNA-seq samples to carry out a differential transcript analysis. We first carried
out a differential expression analysis using limma (Methods). We then wished to pri-
oritise genes with differential transcript expression using the remaCor R package. This
implements a random effect meta-analysis per gene using both the differential transcript
analysis objects created with limma and a list of transcripts for a given gene to priori-
tise genes with differential transcript expression. Following correction, there were 3,666
unique genes that contained a transcript showing a disease association (BH corrected

RE2C statistic <0.05). Again, oligodendrocytes show the highest number of associations
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Table 4.2: Number of genes containing a significant transcript per cell-type (BH cor-
rected RE2C P-value < 0.05)

Cell-type Number of Genes
GABAergic Neurons 432
Glutamatergic Neurons 114
Oligodendrocytes 2270
Microglia/Astrocytes 1465

with SCZ (n=2,270) followed by the microglia/astrocyte mixture (n=1,465), which is
consistent with the gene level analysis (Table 4.2). A full table of prioritised genes con-
taining a DET is available in Supplementary Table 4.5 (https://drive.google.com/drive/
folders/11R3Ccix_ccfdApWhXY6AjqtoLdI0Qym867usp=sharing).

Analysis of transcript expression also identified a number of SCZ risk genes that did
not reach significance in the gene-level analysis. KMT5A, a gene of interest in relation to
SCZ, was not significant in the gene-level analysis but was implicated in the remaCor DET
analysis in both oligodendrocytes (BH corrected RE2C P-value =0.024) and GABAergic
(BH corrected RE2C P-value =0.012) neurons. Of particular interest is the alternative
protein-coding transcript implicated in GABAergic neurons (ENST00000437502) which
is not significant in oligodendrocytes and contains an exon not shared by the other alter-
native transcripts (Figure 4.21 (a)). Other non-protein coding isoforms of KMT5A have
been shown to be of interest in SCZ though not in any particular cell type. In addition,
CACNA1C in oligodendrocytes (BH corrected RE2C P-value =0.007) contains two signif-
icant transcripts (Figure 4.21(b)). This difference is only observed in the oligodendrocyte

samples, highlighting the need for cell-type specific analysis of transcript expression.
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Figure 4.21: Graphical illustration of transcript expression for (a) KMT5A and (b)
CACNA1C. Gene-level expression is denoted by gene symbol, transcript level expression
is denoted by Ensembl transcript ID. Red denotes BH-corrected significant P-value results
while purple indicates nominal significance and blue indicates that the gene/transcript is
not significant (ns).

4.5.10 Estimation of Cell-type Proportions using Cell-type De-

convolution

In order to increase our power to detect cell-type specific eQTLs, we decided to impute
cell-type expression profiles for each of the FANS cell-types using bulk gene expression
data from the CMC (n=494 controls, n=354 SCZ cases). Expression imputation requires
both bulk expression data and the estimated proportion of each cell-type in the bulk
expression data. We estimated these proportions using the cell-type deconvolution tool
dTangle (Hunt et al., 2019) by utilising the FANS data from this study as a reference
profile of the gene expression within each cell type. This resulted in the estimation of
the proportion of each of the four FANS cell-types (GABAergic neurons, glutamatergic
neurons, MGAS and oligodendrocytes) for each individual in the bulk expression data
(Figure 4.22).

The bulk expression data and the estimated cell-type proportions were then supplied to
the cell-type expression imputation tool bMIND (Wang et al., 2021). This resulted in the
creation of four count matrices, one per cell-type. In order to confirm that the imputed ex-
pression profiles accurately represented the expression for a given cell-type, we compared
the Spearman correlation coefficient of the mean expression value per gene between the
FANS data and the imputed expression profiles (Figure 4.23). When comparing identical
cell-types, this ranged from 0.63 (MGAS) to 0.86 (oligodendrocytes and glutamatergic
neurons). This indicates that our imputed profiles characterise the gene expression from

purified populations to a large extent.

We also aimed to estimate the proportion of cell-subtypes present in the four cell-types
profiled using FANS using a single-nucleus RNA-seq (snRNA-seq) dataset as a reference
for each of the four FANS expression matrices and impute expression matrices for ten
cell-types based on these proportions. However, unlike the above data we observed very
low Spearman correlation coefficients when comparing our imputed gene expression to
reference cell-type specific expression from (Ruzicka et al., 2022). This suggested that
these count matrices were not accurate possibly due to the number of subtypes we were
trying to impute, many of which had low sample size. As such, we did not move forward
with this angle of the analysis and focused instead on the count matrices imputed from

the bulk expression data.
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Figure 4.22: Violin plot showing the distribution of estimated proportions per cell-type.
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4.5.11 Detection of Cell-type Specific eQTLs

As our imputed expression profiles appeared to have sufficient accuracy based on the
Spearman correlation coefficient, we decided to take advantage of the increased sam-
ple size to undertake an eQTL analysis. We used the mmQTL method (Zeng et al.,
2022) to detect eQTLs per cell type as our data contained individuals from multiple
ancestries. We used residualised matrices adjusted for technical factors and PEER fac-

tors to increase the power for the detection of eQTLs. Following two rounds of mul-
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tiple testing correction at both the locus and genome-wide levels, we detected approx-
imately 5,500-9,000 lead eQTLs per cell type (Figure 4.24), a number of which were
found to be enriched for common variants associated with SCZ using LD score regres-
sion (Figure 4.25) (Bulik-Sullivan et al., 2015). A full table of genome-wide significant
eQTLs is available in Supplementary Table 4.6 (https://drive.google.com/drive/folders/
11R3Ccix_ccf4ApWhXY6AjqtoLdI0Qym867usp=sharing).
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Figure 4.24: Bar chart showing the number of lead eQTLs per cell-type.
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Figure 4.25: Heatmap for p-value enrichment of eQTLs in common variants associated
with a variety of traits using LDSC. # denotes significant enrichment (BH-corrected P-
value < 0.05).



In order to identify whether our eQTLs were important in the context of SCZ, we in-
tegrated our eQTL results with the SCZ risk loci identified by the recent PGC3 GWAS
(Trubetskoy et al., 2022) using the colocalization tool, coloc (Giambartolomei et al., 2014).
This resulted in 26 common colocalizations across the four cell types in addition to a set of
cell-type specific colocalizations per cell type (PP.H4 >0.75) (Figure 4.26). The number of
colocalizations identified using the imputed data also exceeds the number detected using
the FANS data and the total number of unique colocalizations across cell types (n=105)
is greater than those identified using the bulk data (n=90) (Figure 4.27). Finally, we
identified a cell-type specific colocalization for SEPT3 in Microglia/Astrocytes which also
shows increased chromatin accessibility in the ATAC-seq data in SCZ cases (Figure 4.28).
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Figure 4.26: Upset plot showing the number of colocalized eQTLs per cell-type. This
displays the intersection of sets showing the number of colocalizations across cell-types.
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loci in the imputed, FANS and bulk data.
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4.5.12 Integration of ATAC-seq and RNA-seq Data
4.5.12.1 Canonical Correlation Analysis

We used canonical correlation analysis to integrate our RNA-seq and ATAC-seq data
and assess their shared correlation structure. Both neuronal cell-types clustered closely
together regardless of data type (Figure 4.29). However, while non-neuronal cell-types

also clustered together, they did also separate by data type.
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Figure 4.29: Plot showing the shared correlation structures using canonical correlation
vectors (CCA1 vs CCA2) between ATAC-seq and RNA-seq profiles per cell-type. Plot
points annotated as gene refers to RNA-seq data while points denoted as OCR refer to
ATAC-seq data.

4.5.12.2 Integration of Multi-omic Data with SNFtool

We aimed to integrate our RNA-seq and ATAC-seq data using SNF, which first created

a sample-sample similarity network per data-type before integrating these relationships

146



across the datasets. This process was carried out separately for each of the four cell-
types. However, the clusters that we obtained did not appear to classify the samples into
any particular subtype with the majority of clusters containing a mixture of cases and
controls. A previous study (Ramaswami et al., 2020) that used this method observed
their case samples divided into two distinct groups, one of which clustered strongly with
control samples while the other consisted solely of case samples. As we did not observe

this effect we concluded that this integration was not successful with our data.
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4.6 Discussion

This study has involved the characterisation of cell-type specific dysregulation of both the
transcriptome and chromatin accessibility landscape in human postmortem brain tissue
derived from SCZ cases and controls. This was achieved through the exploration of 392
RNA-seq and 317 ATAC-seq profiles which encompassed four distinct cell-types (GABAer-
gic neurons, glutamatergic neurons, microglia/astrocytes and oligodendrocytes). Distinct
separation of cell-types was observed across both data types using t-SNE clustering which
again suggests cell-specificity and underlines the need to undertake functional genomics
studies at the cell-type level. ATAC-seq analysis resulted in the identification of 464,152
OCRs. This has expanded our knowledge of the chromatin accessibility landscape of the
human brain as ~20% of the detected OCRs had not been identified in previous efforts by
other large-scale studies (Bendl et al., 2022; Hauberg et al., 2020; Nott et al., 2019; Fullard
et al., 2018; Bryois et al., 2018; Fullard et al., 2018; Corces et al., 2018; Roadmap Epige-
nomics Consortium et al., 2015). Further exploration of the overlap between the OCRs
identified in this study and previous studies also showed a stronger overlap with OCRs
from either brain tissue or a matching cell-type which suggests regional and cell-specific
patterns of chromatin accessibility. General inferences were made regarding the brain
epigenome by exploring the enrichment of these OCRs in regions that contain common
variants associated with various GWAS traits. While we did not observe any enrichment
for SCZ, we detected nominal significance for ALS and AD which is in contrast to a
previous study which found that glutamatergic OCRs were enriched for common variants
associated with SCZ (Hauberg et al., 2020). Our study however has a much larger sample
size (n=T9 ATAC-seq samples) compared to the previous study (n=4), which suggests
that it may be more a representative sample. Additionally, the full set of OCRs used to
conduct this analysis ranged in the hundreds of thousands per cell-type which indicates
that they may just represent brain-related OCRs, which did not result in any significant

enrichment due to lack of specificity.

Disease associated changes in chromatin accessibility were sizeable in the case of non-
neuronal cell-types involving thousands of OCRs. The dysregulation identified was par-
ticularly extensive in oligodendrocytes, which have been associated with SCZ but to a
lesser extent than neuronal cell-types. Some theories posit that they are responsible for
the long gap between biological changes that occur in neurodevelopment and clinical pre-
sentation, which is usually in early adulthood (Fessel, 2022). This is hypothesised due to
the fact they only double in population every two years and a long period of accumulation
of aberrant cells is required in order to produce symptoms. The differentially accessible
OCRs identified in oligodendrocytes were also observed to be enriched for common vari-

ants associated with SCZ as were differentially accessible OCRs in GABAergic neurons.
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Inhibitory neuronal dysfunction is thought to be linked to the observed cognitive deficits
which are perhaps caused by impaired neurotransmission (Birnbaum and Weinberger,
2017).

In contrast, glutamatergic neuron dysfunction in SCZ is well documented (Ruzicka et al.,
2022; Gandal et al., 2018; Arion et al., 2017), however we did not observe substantial
numbers of differentially accessible OCRs in excitatory neurons or any significant enrich-
ment of common variants associated with SCZ. Much of the prior evidence however does
come from transcriptomic studies rather that chromatin accessibility analysis. Chromatin
accessibility profiling of glutamatergic neurons has previously been carried out although
not in SCZ cases (Zhu et al., 2022). That study did identify an enrichment of common
variants associated with SCZ in OCRs but using control data only so it does not provide
a direct comparison to our study. Additionally, chromatin accessibility profiling of bulk
data from SCZ cases and controls did not observe substantial differential accessibility and
did not run cell enrichment analysis (Bryois et al., 2018). Thus, further studies will be

required to fully elucidate the chromatin accessibility landscape of glutamatergic neurons
in SCZ.

Disease associated changes in gene expression were largely consistent with chromatin ac-
cessibility in that oligodendrocytes were again the most perturbed cell-type. However
glutamatergic neurons also showed substantial changes in contrast with the results from
the ATAC-seq data. Changes were also observed in MGAS and GABAergic neurons,
however disease associated changes were largely cell-specific with only 5 genes (0.2%) of
all DEGs were shared across all cell-types, a trend which is echoed by a recent single-cell
study of SCZ (Ruzicka et al., 2022). Additionally these genes did not overlap common

variants associated with SCZ in any cell-type unlike the observed epigenomic changes.

By applying gene-set enrichment analysis we identified potential functional effects of the
dysregulation observed in the aforementioned genes and OCRs. Processes such as the
DNA fragment pathway and the regulation of the innate immune response were impli-
cated by the GABAergic OCRs. DNA fragmentation is a hallmark of apoptosis, which is
thought to be affected in SCZ resulting in dendritic spin loss (Pardinas et al., 2018) and
is supported by organoid research (Notaras et al., 2022). Additionally the GABAergic
system is involved in the negative regulation of immune responses (Huang et al., 2022;
Shan et al., 2023). Immune system dysfunction is well studied in SCZ with several lines
of research showing elevated inflammation due to increased levels of C-reactive protein,
cytokine levels and altered immune cell ratios (Wang et al., 2017; Gallego et al., 2021;
Ermakov et al., 2022). Analysis of GABAergic DEGs identified more specific neuronal

processes such as regulation of the synaptic vesicle cycle and postsynaptic membrane
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potential. This was complemented by a targeted analysis using the SynGO ontology
which implicated the presynaptic synaptic vesicle and the postsynaptic membrane as cel-
lular locations impacted by the DEGs, which further supports the findings from GSEA.
Affected processes in oligodendrocytes included terms involving glycosylation and choles-
terol biosynthesis, which were identified using the OCRs and DEGs respectively. As
oligodendrocytes are vital for both producing and maintaining the myelin sheath, of
which cholesterol comprises ~ 40% of the lipid component (Kister and Kister, 2022),
this suggests that some aspect of myelination may be aberrant in SCZ. Indeed, the pos-
sibility of myelin dysfunction was also observed using MGAS DEGs, which implicated
axon ensheathment, supporting a recent study that showed that microglia are necessary
for myelin sheath maintenance (McNamara et al., 2023). Across the cell-types a variety
of pre and postsynaptic locations were revealed using the DEGs and OCRs. While many
of the genes implicated were mapped to postsynaptic locations, which is consistent with
previous literature, we also observe pre-synaptic locations (Trubetskoy et al., 2022). A
presynaptic pathology was also suggested by the latest SCZ GWAS (Trubetskoy et al.,

2022) using common variants while our findings from functional data supports this.

As our data is cell-specific we explored differential transcript expression which cannot
be studied using current single-cell technologies. Current single-cell technologies cap-
ture only the beginning of a transcript meaning that isoform diversity cannot be profiled
(Kharchenko, 2021). There are long read technologies that have been developed to ad-
dress this issue but many are low throughput (Shi et al., 2023). Furthermore, there are
no current SCZ datasets that can be be used to study differential transcript expression
in the context of SCZ. We observed extensive dysregulation across cell-types with oligo-
dendrocytes again showing the most disease-associated changes confirming them as the
most perturbed cell-type at both the epigenomic and transcriptomic levels. We then
leveraged the novelty of cell-type specific transcript expression to identify DETs which
were only dysregulated at transcript level and not dysregulated in all cell-types. Of note,
CACNA1C, a gene involved in voltage-dependent gated calcium channels, has long been
implicated in the etiology of SCZ (Nyegaard et al., 2010; Schizophrenia Working Group
of the Psychiatric Genomics Consortium, 2014; Trubetskoy et al., 2022) and showed cell-
type specific transcript expression in oligodendrocytes. The effects of CACNA1C variants
are thought to disrupt these calcium channels resulting in abnormal brain development
and altered morphology in cortical regions (Zheng et al., 2016). Deletion of CACNA1C in
neuronal cell-types does result in abnormal brain development in mice in addition to an
anxiety-like phenotype and volumetric differences in a number of brain regions as it dis-
turbs spontaneous calcium activity (Smedler et al., 2022). In oligodendrocytes however it
is thought to promote the maturation of OPCs to mature oligodendrocytes but this effect
is thought to have regional differences (Cheli et al., 2015; Pitman et al., 2020). KMT5A
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was also observed to have differential transcript expression in GABAergic neurons and
oligodendrocytes. It encodes a lysine methyltransferase and is involved in the DNA dam-
age response and cell cycle regulation (Milite et al., 2016). These general themes were also
identified through GSEA analysis of our GABAergic DEGs, however KMT5A was not a
gene that was differentially expressed. This suggests that while both analyses converge on
similar functions, we have uncovered through the DET analysis a contribution that would
not have been detected if we have only focused on gene-level analysis. Moreover, one
DET of KMT5A in GABAergic neurons was observed to contain an exon not present in
any of the other transcripts, which may indicate a dysregulation of specific function that
it carries out. Differential transcript expression of KMT5A is also supported by TWAS
(Bhattacharya et al., 2022) but this analysis extends this by suggesting a cell-type specific

context.

We also leveraged our multi-omic dataset to gain new insights by integrating it with
other functional and genomic data. The integration of multiple data-types provides an
opportunity to infer disease relevant changes that would not be detected through the
analysis of a single dataset. To this end, we first assessed the shared correlation structure
of our ATAC-seq and RNA-seq data using CCA. We found that broadly they clustered
by cell-type rather than by data-type, which suggests high correlation between the gene
expression and chromatin accessibility. This is in line with a previous study which profiled
non-neuronal and neuronal cell-types (Dong et al., 2022a). However, we did observe a
separation by data-type for our two non-neuronal cell-types. As the previous study did
not have the same level of cell-type diversity a direct comparison is not possible. It is
unclear whether this is a dataset specific effect or if lower correlation is observed at the

cell subtype level.

Integration of our two data-types in order to classify our SCZ cases into subtypes based
on molecular features was unsuccessful. While a previous study (Ramaswami et al., 2020)
had success in defining subtypes of ASD using this approach, we were unable to separate
our SCZ cases from controls in any cell-type. There are a number of reasons as to why this
occurred. Firstly, the previous study identified subtypes in ASD, which has historically
categorised cases based on symptomology (Grzadzinski et al., 2013). SCZ has no such
clinical subtypes and it may not be possible to cluster cases as distinctly as in ASD. How-
ever, recent studies have employed machine-learning techniques to cluster SCZ cases using
symptomology and brain-imaging (Castro-de Araujo et al., 2020; Chand et al., 2020) so it
is possible that subtypes may exist but that using ATAC-seq and RNA-seq data alone is
not informative. Furthermore, (Ramaswami et al., 2020) defined subtypes using bulk data
in contrast to the cell-specific approach employed here, which may suggest that an overall

picture of the molecular phenotype may be more successful for this type of classification.
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The use of the activity-by contact model (Fulco et al., 2019) also enabled us to integrate
information about the SCZ chromatin accessibility landscape with chromosomal confor-
mation to detect E-P interactions. We inferred tens of thousands of these interactions
per cell-type with over three quarters of the genes analysed having at least one E-P in-
teraction. Determining these interactions is vital for understanding genetic regulation
in the human brain and complements resources supplied by previous studies that have
also detected E-P interactions in various brain cell types (Nott et al., 2019; Bendl et al.,
2022; Kosoy et al., 2022). We extended this analysis to link these E-P interactions and
SCZ-associated chromatin regions to genetic signal identified by the latest SCZ GWAS
(Trubetskoy et al., 2022) for 12 oligodendrocyte E-P links. This allowed us to understand
how risk variants can affect the epigenome through the dysregulation of an OCR and
link this dysregulation to a target gene. One example, ZNF281, is highly expressed in
oligodendrocytes and is involved in the DNA damage response (Pieraccioli et al., 2016).
This response was also implicated by our transcript and GSEA analysis, which shows that

our various analyses are converging on similar functional consequences.

By applying cell-type deconvolution and imputation techniques, we were able to compile
a cell-type specific eQTL dataset. We leveraged our cell-type specific gene-expression
profiles and previously published bulk expression data (Hoffman et al., 2019) to impute
gene expression profiles for a much larger individual-level data, thus increasing our power
to detect cell-specific eQTLs. This demonstrates the utility of leveraging older datasets
to provide new insights into the genetic basis of the variation in gene expression. It also
provides support for the use of imputation techniques as our estimated expression values
correlate strongly with those observed in the cell-type specific profiles. While our dataset
is limited to four cell-types, it provides a much greater sample size for eQTL detection
compared to previous studies (Bryois et al., 2022), increasing the number of eQTLs dis-
covered. As the eQTls detected in our analysis showed significant overlap with common
variants associated with SCZ, we undertook a colocalization analysis to determine whether
they were important in the context of SCZ. We observed an increased number of colocal-
izations when compared to our original data or the unimputed bulk data with the added
benefit of cell-type specificity. Cell-type specific eQTL analysis is indeed an important
future direction in this area as the majority of colocalizations were cell-type specific. This
cell-type specific effect is more pronounced when comparing combined neuronal versus
non-neuronal cell-types. One cell-specific colocalization that we observed was SEPTINS
in MGAS. SEPTINS is involved in both the cytoskeleton and the synapse (Marttinen
et al., 2015) and while it was thought to be neuron specific, scRNAseq studies have
shown it to be expressed in both astrocytes and microglia (Sjostedt et al., 2020). More
generally, the septin family has been linked to SCZ (Wang et al., 2018; Engmann et al.,
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2011). Our eQTL analysis provides cell-type specific eQTLs detected in a case-control
dataset unlike previous studies (Bryois et al., 2022).

Overall, this study provides an insight into cell-type specific effects observed at the epige-
nomic and transcriptomic level in SCZ. This study illustrates how the combination of new
omics data with previously published data can increase sample size and power to identify
disease associated changes. Furthermore, it links disease-associated epigenomic changes
with SCZ GWAS findings providing a valuable way of interpreting the currently available
data as a whole. We provide transcriptomic and epigenomic results that can be utilised
for future downstream analysis in order to further understand and provide improvements
for the the treatment of this disorder.
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Chapter 5

Discussion

5.1 Summary of Main Findings

5.1.1 Chapter 2

This study utilised cell-type deconvolution to gain additional insights from published bulk
gene expression data isolated from schizophrenia (SCZ) cases from the CommonMind Con-
sortium (CMC). Cell-type deconvolution involved the use of reference data which contains
information on cell-type specific expression to estimate the proportions of each cell-type
in samples from a dataset where only bulk data was available. We estimated the propor-
tions of ten different cell-types (medial ganglionic eminence derived inhibitory neurons
(IN-MGE), caudal ganglionic eminence derived inhibitory neurons (IN-CGE), oligodene-
drocyte precursor cells (OPCs), astrocytes, oligodendrocytes, microglia, endothelial cells,
pericytes and vascular smooth muscle cells (VSMC)) for 848 samples (n=494 controls,
n=354 SCZ cases). We observed a marked reduction in neuronal proportion estimates
compared to previous studies, which we can possibly attribute to the reference data that
was used. Differences in the cell-type proportions between cases and controls for exci-
tatory neurons did mirror a previous deconvolution study of SCZ (Wang et al., 2018)
suggesting that overall trends are still observed. We also explored whether these propor-
tions were associated with a polygenic risk score (PRS) for SCZ. Here, we observed an
association only for the microglia cell-type. Finally, we used these proportions to impute
gene expression for each cell-type using the bulk expression data. Gene ontology analysis
of these imputed subtypes was then used to explore which pathways were implicated by
the sets of differentially expressed genes (DEGs) between SCZ and controls. Biological
processes enriched for neuronal DEGs included neuronal development, neuron projection
and NCAM1 interactions. Non-neuronal cell-types implicated more general terms includ-
ing signal transduction and various cellular locations including the cytoplasm and the
extracellular matrix. Targeted analysis of the neuronal DEGs using the SynGO ontol-
ogy resource was used to implicate potential synaptic locations such as the postsynaptic
membrane and endosome and the presynaptic vesicle with different locations implicated

between cell-types.
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5.1.2 Chapter 3

This study investigated the genes under the control of MEF2C, which is a gene that has
been implicated in a number of neurodevelopmental disorders including SCZ and autism
spectrum disorder (ASD). MEF2C' is a member of a family of transcription factors that are
involved in transcriptional regulation throughout embryogenesis and continuing through
adulthood (Flavell et al., 2008). Furthermore, it is highly expressed in the cortex of mouse
models, which further suggests a role in nervous system development (Assali et al., 2019).
We took gene-sets generated from a differential gene expression analysis of two MEF2C
knockout mouse models (Harrington et al., 2016, 2020) and investigated them to determine
which cell-types they were likely to affect. This was achieved by integrating them with
snRNA-seq data from human postmortem brain tissue. This analysis primarily implicated
neuronal cell-types for both gene-sets, which is consistent with previous studies that used
mouse snRNAseq data for this purpose (Cosgrove et al., 2021; Fahey et al., 2023). How-
ever, it also implicated oligodendrocyte precursor cells (OPCs) suggesting the importance
of using human brain data for these types of analyses. We also observed an enrichment
of our MEF2C' gene-sets in cell-type specific differentially expressed genes (DEGs) from
SCZ cases and controls. We observed this enrichment in a number of cell-types including
microglia, astrocytes and endothelial cells in addition to neuronal cell-types. Finally, we
assessed which cell-types were implicated when considering the coexpression of the genes
in each gene-set. We observed a higher coexpression fold enrichment of these gene-sets in
excitatory neurons while we also observed a change in fold enrichment when considering

different gestational timepoints.

5.1.3 Chapter 4

My final study involved the exploration of the transcriptomic and chromatin accessibility
landscapes in SCZ. We used fluorescence activated nuclei sorting to isolate four cell types
(GABAergic neurons, glutamatergic neurons, microglia/astrocytes and oligodendrocytes)
from SCZ cases and controls (n=50 SCZ cases, n=>50 controls). We then profiled the chro-
matin accessibility (n=400 samples, (4x100 per cell-type)) and gene expression (n=400
samples, (4x100 per cell-type)) in these cells to characterise their dysregulation in SCZ at
the cell-type level. We expanded the known repertoire of open chromatin regions (OCRs)
in the human brain with ~ 20% of detected OCRs appearing to be novel. The majority
of detected OCRs were also found to be present in non-coding regions of the genome.
We explored disease-associated changes at the transcriptomic and chromatin accessibility
levels. We observed the most extensive chromatin accessibility changes in oligodendro-
cytes followed by microglia/astrocytes. Gene-set enrichment (GSEA) analysis of these
OCRs implicated processes related to glycosylation and apoptosis. We also observed that

common variants associated with SCZ were enriched in disease-associated GABAergic
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and oligodendrocyte OCRs. Disease-associated changes in gene-expression were observed
across cell-types with the most extensive changes in oligodendrocytes. However the ma-
jority of DEGs were cell-type specific. Biological processes enriched for our neuronal DEG
sets included regulation of the synaptic vesicle cycle and synaptic plasticity. The non-
neuronal cell-types implicated axon ensheathment and sterol biosynthesis, which indicate
dysregulation related to the myelin sheath. We aimed to exploit the transcript-level infor-
mation contained in our dataset as current single-cell studies do not have this advantage.
We detected cell-type specific differentially expressed transcripts (DETs) for genes where
the gene itself did not reach statistical significance. These results included CACNAIC, a
well known SCZ risk gene, and KMT5A whose isoforms has been implicated in an isoT-
WAS of SCZ (Bhattacharya et al., 2022).

We also integrated our multi-omic dataset with genetic and three-dimensional data to
further explore deregulation in SCZ at the functional level. We predicted thousands of
enhancer-promoter (E-P) interactions per cell-type by integrating our ATAC-seq data with
Hi-C and ChIP-seq data. These interations were then leveraged to link disease-associated
epigenetic change with SCZ GWAS signal by identifying 12 OCRs that contain a SCZ
GWAS SNP and overlap with our E-P interactions using the ABC-MAX approach. We
also utilised our cell-type specific gene expression data to impute cell-type specific gene-
expression in a bulk RNA-seq cohort. We did so by using our cell-type specific profiles to
estimate cell-type proportions in the bulk data using our which were then used to impute
gene expression. We showed that our imputed gene expression recapitulated cell-type
expression to a large extent using Spearman correlation coefficient. As our imputed data
was shown to be representative of the expression in these cell-types, we utilised the ad-
vantage of our larger sample size (n==848) to conduct an eQTL analysis. This increased
the number of eQTLs that colocalize with SCZ GWAS signal compared to the bulk data
or our cell-specific data. We identified a number of cell-type specific colocalizations high-

lighting the benefit of considering cell-type in QTL detection.

Overall, this study explored the transcriptomic and chromatin accessibility landscapes in
SCZ and provides an extensive resource for future work once this data is shared with
the research community. It also provides derived data-types that can be used with the
aforementioned data to provide new insights into the neurobiology of SCZ at the cell-type

specific level.
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5.2 The Use of Cell-type Deconvolution to Gain New
Insights from Existing Bulk Expression Data

Studies one and three of this thesis use cell-type deconvolution to estimate cell-type pro-
portions in bulk expression data. The main advantage of cell-type deconvolution is that it
can be used to leverage cell-type specific information from bulk tissue data. This is espe-
cially advantageous today as many bulk tissue resources have been built up making their
sample sizes substantially larger than burgeoning single-cell studies. This is especially
true in the cases of neuropsychiatric disorders which rely on postmortem brain tissue

data which is much harder to obtain than in other research areas such as cancer research.

Beyond leveraging cell-type proportions to gain new insights from bulk data, estimated
proportions can be used as a covariate in large-scale functional studies to correct for differ-
ences in proportion that may be due to technical factors such as cohort or tissue dissection.
By not accounting for this, some studies may identify gene expression changes that are
due to a difference in proportion rather than a true disease-associated change. Indeed, a
study of sex differences in the SCZ transcriptome in the human brain included cell-type
proportion as a covariate in their DEG analysis after identifying part of the expression
variance explained by sex is affected by cell-type composition and was confounding the
analysis (Hoffman et al., 2022). Chapter Two of this thesis aimed to utilise cell-type
deconvolution for a different purpose, specifically using the proportions to identify differ-
ences between cases and controls, associate these changes with PRS and use the estimated
proportions to impute cell-type specific gene expression. While we achieved these goals,
we were concerned that our average proportions were not consistent with previous studies
of brain tissue (Wang et al., 2018) and that this not only affected analysis using the cell-
type proportions but the subsequent imputation. We did observe results that suggested
we found trends consistent with previous studies (Wang et al., 2018) such as a difference
between cases and controls for proportions of excitatory neurons and an enrichment of our
imputation-derived neuronal DEGs being implicated in relevant processes. However, due
to the limitations and discrepancies in this analysis, these results need further indepen-
dent support. Furthermore, snRNA-seq analysis of SCZ (Ruzicka et al., 2022) identified
differences in cell-type proportions between samples but did not attribute this to disease
status and removed samples showing extensive differences in proportion from their DGE
analysis. This suggests that proportion differences between cases and controls observed
in the PsychENCODE analysis (Wang et al., 2018) may not be due to disease status but
possible technical issues with the sample. Deconvolution may be suitable for estimating

proportions but not for assessing disease-associated changes in cell-type proportion.

Chapter Four, which also used deconvolution and imputation methods, did however im-
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prove on my initial study in a number of ways. We did observe average proportions
consistent with previous published studies (Wang et al., 2018; Ruzicka et al., 2022; Hoff-
man et al., 2022). We also sought to ensure that our imputed expression matrices were
accurate by identifying if they were consistent with the expression patterns you would
expect in those cell-types. Using the Spearman correlation coefficient, we found that our
imputed expression profiles correlated strongly with cell-type specific expression profiles.
As such we were confident that our imputed data was recapitulating the expression of
those cell-types to a large extent, enabling us to proceed with an eQTL analysis using a

much larger sample size.

There are however a number of caveats to the use of cell-type deconvolution and there
have been many concerns about accuracy of these tools. Studies have found that propor-
tion estimates can vary widely based on the deconvolution tool that is used and other
factors such as normalisation, choice of reference data and preprocessing can also have
an impact (Avila Cobos et al., 2020). We aimed to overcome some of these issues by
using dTangle (Hunt et al., 2019), the deconvolution tool that has been found to be most
accurate for data derived from brain tissue samples (Sutton et al., 2022). Yet our propor-
tions for Chapter Two were still inconsistent with published work as stated. As such, we
thought that the reference data may have been affecting the analysis. This was confirmed
in Chapter Four where we used the same reference data for an analysis that had to be
abandoned as the imputed data did not reflect cell-type specific expression. Furthermore,
a recent study has shown that even samples derived from neighbouring dissections in the
same individual can result in vastly different proportion estimates and using different
omic data such as methylation data can result in very different estimates to proportions
generated using gene expression data (Toker et al., 2023). Additionally, while not an
aim our our study, the use of cell-type proportions to account for confounding in gene

expression studies may not be sufficient (Toker et al., 2023).

Overall, it is clear that studies using cell-type deconvolution and expression imputation
must be undertaken with caution. While it is clear from Chapter Four of this thesis that
they can be used to great effect, it is important that care is taken to fully ensure that
the estimated proportions are accurate and the imputed expression correlates strongly
with non-imputed cell-type specific expression data. With this in mind, if I were to
design my first study again, I would determine marker genes for cell-type deconvolution
using multiple studies similar to the strategy employed by (Sutton et al., 2022) in their
benchmarking study to ensure that they are as representative as possible. I would also
compare them to existing estimations to ensure consistency and check the correlation
of any imputed expression with single-nucleus or cell-type specific profiles as shown in

Chapter Four.
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5.3 The Use of Multi-omic Datasets Derived from
Postmortem Brain Tissue in the Study of Neu-

ropsychiatric Disease

Each of my studies to some extent aimed to use multiple types of omic data to study neu-
ropsychiatric disorders, primarily SCZ. Chapter Two aimed to use both snRNAseq and
bulk expression data to study cell-type proportions as described above. While Chapter
Three integrated a gene-set derived from a MEF2C mouse model with human snRNAseq
data in order to identify cell-types enriched for those genes. This aimed to implicate
human cell-types affected by genes under the control of MEF2C, a transcription fac-
tor implicated in neurodevelopmental disorders including SCZ (Zhang and Zhao, 2022b;
Mitchell et al., 2018). We contrasted our results to two previous studies (Fahey et al.,
2023; Cosgrove et al., 2021) that used murine expression data to implicate cell-types. We
found similar results with neuronal cell-types primarily implicated, however OPCs were
also implicated highlighting an advantage to using other datasets. Both studies one and
two focused on gene expression datasets both bulk and single-nucleus, however my third

study incorporated many omic datasets to explore SCZ etiology.

Chapter Four moved beyond gene expression alone and generated a primary multi-omic
dataset of transcriptomic data and chromatin accessibility data. This enabled us to iden-
tify disease-associated transcriptomic and chromatin accessibility changes in SCZ. Among
our findings were that common variants associated with schizophrenia were enriched in
differentially accessible OCRs from GABAergic neurons and oligodendrocytes. However,
we did not observe this enrichment using DEGs from those cell-types, this underscores
the importance of multi-omic datasets because if we had only focused on gene expres-
sion, like the majority of previous studies, we would not have been able to find this
enrichment. GSEA of both disease-associated features implicated processes such as gly-
cosylation, apoptosis and axon ensheathment, the latter of which was only implicated by
DEGs and not OCRs. Following initial analysis of the primary dataset, we integrated
our dataset with other omics data to further explore functional changes in SCZ, which
would not have been possible if we had relied on our dataset alone. In the case of the chro-
matin accessibility data, we integrated our ATAC-seq data with cell-specific Hi-C data and
ChIP-seq data to predict E-P interactions. We also went a step further by isolating E-P
interactions that overlapped with OCRs that contained SCZ GWAS SNPs thus enabling
us to link genetic signal with disease-associated epigenetic signal and predict target genes
through the E-P interaction. Findings such as these are only made possible through the
generation and integration of multi-omic data. Detection of E-P interactions alone using
the ABC model (Fulco et al., 2019; Nasser et al., 2021) as described in Chapter Four in

159



particular requires three types of omic data, including Hi-C which is often not as readily
available though has been used to great effect in studies of other brain related disorders
including Alzheimer’s disease (AD) (Nott et al., 2019; Bendl et al., 2022). Despite this,
it is clear that new discoveries can be made through the use of multi-omic data, which is
especially relevant now as many studies are converging on similar pathways and processes
such as synaptic plasticity or ion channels (Trubetskoy et al., 2022; Ruzicka et al., 2022;
Fromer et al., 2016).

A large majority of historical studies only focus on one data-type which is usually gene
expression. However multi-omic studies are becoming more popular in recent years due
to a number of reasons. Firstly, there is a growing understanding that different disease-
specific changes can be identified in different omics data. For example, ATAC-Seq that
profiles OCRs which are actively transcribed regions is not fully concordant with gene ex-
pression. A recent study in AD (Bendl et al., 2022) found that while gene expression and
OCRs were highly correlated, they did not entirely match thus implying a need to study
both gene expression and chromatin accessibility to fully characterise disease-associated
changes. Secondly, many studies of both gene expression and genetic data have found
a substantial amount of noncoding variation associated with neuropsychiatric disorders
(Trubetskoy et al., 2022; Pardinas et al., 2018; Gandal et al., 2018; Roussos et al., 2014).
This suggests that studies of chromatin conformation and the epigenome must be inte-
grated into this area of research in order to understand the change in genetic regulation
and how it impacts coding portions of the genome. Thirdly, newer technologies that have
been developed in recent years such as ATAC-seq (Buenrostro et al., 2013) and Hi-C
(Belton et al., 2012) are becoming widely used as they become less expensive resulting in

more studies profiling more than one molecular feature.

More recent multi-omic studies of neuropsychiatric disorders have provided new insights
into the neurobiology of these conditions. The use of ChIP-seq data in a study researching
chromatin domain alterations in SCZ and bipolar disorder (BD) (Girdhar et al., 2022)
allowed for profiling of the histone modification landscapes of both conditions and was
further enhanced by the use of Hi-C data to show histone peaks constrained by local chro-
mosomal conformation, which goes beyond the traditional “peak by peak” based analysis.
In doing so they showed altered organisation of the neuronal genome in SCZ and BD in
conjunction with cis regulatory domains enriched for SCZ heritability. Moving beyond
just isolated gene expression, or in this case histone modification changes, allows us to
observe the consequence of a combination of genetic changes that will enable us to to
fill in the gaps in our knowledge between initial changes and onset of disease. Indeed,
the initial changes in SCZ are believed to occur in neurodevelopment and this has been

a prevailing hypothesis for many years (Weinberger, 1987; Owen et al., 2011; Owen and
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O’Donovan, 2017). It has been shown that SCZ-associated variants overlap with variants
from other neurodevelopmental conditions such as ASD (Rees et al., 2021). Findings
from a recent multi-omic study of SCZ that integrated chromatin accessibility data from
both the adult and fetal brain identified a trans-regulatory domain linked to glutamtergic
neurons in early fetal development (Girdhar et al., 2023) and builds on previous stud-
ies (Bryois et al., 2018; Girdhar et al., 2022) through the use of these dual data-sets by
mapping this change to a particular cell-type. Future multi-omic studies combining more
data-types and timepoints will aid in truly filling the gaps in our knowledge regarding

SCZ from neurodevelopment to adulthood.

Despite the major move towards incorporating any types of omic data in the study of
neuropsychiatric disorders, there remains many limitation. Most obvious of all is sample
size. Early GWAS studies of SCZ (O’Donovan et al., 2008; International Schizophrenia
Consortium et al., 2009; Purcell et al., 2014) were hampered by this but have now have
combined sample sizes of over 300,000. Other disorders such as BD still have much lower
sample sizes but these too are increasing (Mullins et al., 2021). However functional stud-
ies lag behind this to a large extent with the largest studies containing samples of under
2,000 samples (Girdhar et al., 2023; Dong et al., 2022a; Hoffman et al., 2019; Wang et al.,
2018) and cohorts of this size are the usually the exception rather than the rule. Yet,
it is incredibly difficult to envisage and extremely unlikely that these studies will ever
match the size of genetic studies due to the difficulty of obtaining postmortem brain tis-
sue. They also share a major limitation with GWAS in that many studies lack genetic
diversity and are predominantly comprised of white, European samples. This is changing
however, with the latest GWAS containing individuals from African-American, Latinx
and East Asian ancestry and other genetic studies containing more diverse populations
(Trubetskoy et al., 2022; Liu et al., 2023). Additionally, the CommonMind Consortium
also contains functional data from African-American and Latinx (Hoffman et al., 2019) as
does the cohort used in Chapter Four of this thesis. Sample size issues have even impacted
this thesis, with Chapter Four using deconvolution and expression imputation to enable
us to conduct cell-type specific eQTL analysis in a larger cohort. Ideally, this would be
conducted on a larger cell-type specific dataset rather than an imputed one, yet we must

find ways to work around this limitation successfully for the time being.

A further limitation of multi-omic studies using postmortem brain tissue data is the post-
mortem tissue itself. Functional data is susceptible to batch effects and technical issues
such as degradation and postmortem interval among others (Kangas et al., 2022). In ad-
dition, postmortem tissue will most likely only represent the effects of late-stage disease.
Indeed, a recent study comparing gene expression between living and postmortem brain

tissue found that expression levels in almost 80% of the genes analysed differed between
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living and postmortem tissue from the PFC (Liharska et al., 2023). This raises questions
as to the accuracy of findings from postmortem tissue samples. Yet this study also pos-
sesses limitations in that all of the living samples are from individuals with Parkinson’s
disease and contained no controls or samples from individuals with neuropsychiatric con-
ditions, indicating the need for further work to ascertain the impact postmortem tissue

may be having on these studies.

It is clear that multi-omic studies are extremely advantageous for probing the neurobiology
of neuropsychiatric conditions. Incorporating more omic data in studies one and two of
this thesis would be of great interest in future work as they only consider gene expression,
which is only part of the picture in SCZ. In particular, Chapter Three which uses gene-
sets derived from MEF2C knockout models could provide more insights into the impact
of MEF2C dysregulation if chromatin accessibility or chromosomal conformation profiling
were carried out in addition to RNA-seq. Furthermore, the integration of multi-omic data
types using machine learning methods that was unfortunately unsuccessful in Chapter
Four provide new ways of finding new subtypes of brain-related disorders as evidenced by
(Ramaswami et al., 2020) in their study of ASD.

5.4 The Importance of Cell-type Specific Studies in

Functional Genomics

An overall theme of this thesis is the exploration of cell-type specific changes in the context
of SCZ. Chapters Two and Three aim to explore the contributions of different cell-types
to SCZ and MEF2C knockouts respectively by integrating data derived from bulk tissue
with single-nucleus expression data. Chapter Four identifies cell-type specific changes in
SCZ using data derived from four specific cell-types to more robustly characterise these
alterations. Functional data derived from bulk data has until recently been the main
resource for studying functional changes in any disorder. Yet while it has been an in-
valuable resource for many reasons outlined in the introductory chapter to this thesis, it
only presents the overall trends and more subtle changes can be missed. This is especially
important in a disease context as these subtle changes may represent possible drug targets
or other important insights into the etiology of a disorder. As such, it important that
we consider each cell-type individually when studying disorders such as SCZ. This can
be achieved by integrating bulk data with cell-type specific information as illustrated in
Chapters Two and Three or by generating cell-type specific datasets as shown in Chapter

Four.

Using cell-type specific information to inform studies using bulk data has been largely
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successful. Tools such as EWCE (Skene and Grant, 2016) and other methods have used
cell-type markers or expression data to implicate cell-types such as excitatory neurons in
SCZ (Gandal et al., 2018; Skene et al., 2018), which is consistent with cell-type specific
studies (Arion et al., 2015; Ruzicka et al., 2022). Chapter Three of this thesis used this
method to identify neuronal cell-types and OPCs as cells potentially affected by MEF2C.
Cell-type deconvolution can also be used to gain cell-type specific insights from bulk data
as evidenced by Chapters Two and Four. Cell-type information has also been leveraged
to conduct cell-type informed QTL analysis in the human fetal brain (Wen et al., 2023).
This analysis integrated snATAC-seq data with eGenes derived from bulk gene expression
to map them to a cellular context which provides another way of leveraging cell-type

information from bulk data.

Of course, the goal going forward should be to generate cell-type specific or single-
cell /nucleus data when conducting functional genomics studies. Recent cell-type specific
studies of SCZ have uncovered further differences between cell-types predominantly at
the chromatin accessibility and gene expression level. Studies have included the develop-
ment of a machine learning algorithm to identify transcribed enhancers in neuronal and
non-neuronal cells using cell-specific transcriptomic and epigenomic data with neuronal-
specific transcribed enhancers enriched for SCZ risk variants (Dong et al., 2022b). Chapter
Four of this thesis also reports cell-type specific effects such as linking epigenetic dysreg-
ulation and GWAS to target genes in oligodendrocytes using ABC. This effect was only
observed in this cell-type underscoring the need to profile multiple cell-types. Multiple
cell-type specific studies (Dong et al., 2022b; Girdhar et al., 2022; Hauberg et al., 2020)
have highlighted neuronal changes yet the non-neuronal dysregulation in Chapter Four of

this thesis is clear.

Cell-type specific studies such as this are however limited by the number of cell-types
they profile yet their sample sizes usually eclipse that of single-nucleus studies which can
profile all cell-types present in a sample. There is currently only one snRNAseq of SCZ
(Ruzicka et al., 2022), though there are many control-based single-nucleus atlases of the
human brain from initial studies with very low cell numbers (Lake et al., 2017; Darmanis
et al., 2015) to recent efforts that are extremely high-throughput (Siletti et al., 2023).
One advantage of single-nucleus studies which use control data only is that we can profile
cell-type specific gene expression across the lifespan as has been evidenced by a number
of studies (Eze et al., 2021; Ament et al., 2023; Velmeshev et al., 2023; Zhu et al., 2023).
snRNAseq of SCZ (Ruzicka et al., 2022) has found that excitatory neurons are the most
affected cell-type which is consistent with prior work however it was also noted that nearly
half of DEGs were dysregulated in a single cell type which suggests a high degree of cell-
type specificity.
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Additionally, studies of QTL detection in cell-type specific samples have been limited to
date. The majority have occurred in sorted cell-type specific samples rather than single-
nucleus samples but have still observed extensive cell-specificity (Zeng et al., 2023; Dong
et al., 2022b) in both eQTL and caQTLs. A recent snRNA-seq study of the human brain
using neurotypical samples (Bryois et al., 2022) detected cell-type specific eQTLs showing
that almost half of detected eGenes show cell-type specific effects and eQTL colocaliza-
tion with SCZ GWAS loci. This again shows the need for performing these analyses in
cell-type specific samples. eQTL analysis conducted in Chapter Four of this thesis also
observed cell-type specific effects and while our cell-types are more limited than (Bryois

et al., 2022), we observed this colocalization using SCZ-derived data.

While single-cell studies are certainly the future of functional genomics, there are a num-
ber of inherent limitations currently. Single-cell/nucleus studies do not currently have the
power to determine transcript level data. They cannot detect complex RNA isoforms as
they are constrained to gene quantification proximal to the 3’ end, resulting in the loss
of full-length transcript isoform information (Arzalluz-Luque and Conesa, 2018). As such
cell-type-specific transcript dysregulation remains largely unexplored. In Chapter Four
of this thesis we exploited the advantage of our cell-specific dataset to uncover cell-type
specific DETs that were not detected at gene-level. Among them was a transcript of
CACNA1C which is noted SCZ risk gene. This together with the fact that DETs in
SCZ are thought to have higher effect size (Gandal et al., 2018) suggests that despite
the advantages of snRNAseq, we are still missing important information regarding alter-
ations of the SCZ transcriptome. Long-read single-nucleus RNA isoform sequencing has
the potential to further elucidate perturbed transcripts in SCZ in the future. However, it
does suffer from low-read throughput (Gupta et al., 2018) but new technologies are being
developed to overcome this (Shi et al., 2023). Studies of AD-associated changes in mi-
croglia have used long-read sequencing to great effect (Humphrey et al., 2023) identifying
over 35,000 novel isoforms. Future studies such as this could be valuable in determining

disease-associated transcripts at the cell-type specific level in SCZ.

Another limitation of current cell-type specific studies is that often only one brain region is
analysed, usually the prefrontal cortex (PFC). There are no current single-nuclei analysis
of multiple brain regions in SCZ yet there are a number of cell-specific studies which pre-
dominantly profiled neuron and non-neuronal cell across brain regions. One finding from
a multi-omic study which profiled samples across 25 brain regions (Dong et al., 2022a)
observed extensive changes including variation in alternative promoter-isoform usage and
enhancer-promoter interactions across the brain regions. Other region specific changes

have also been observed in multi-omic studies in AD (Bendl et al., 2022) and in control
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only studies of chromatin accessibility (Hauberg et al., 2020) highlighting the need for

future studies to profile multiple regions.

An important consideration in cell-type specific studies is the fact that changes observed
in a particular cell-type may not be due to a direct disease-related change. Differential
changes that are observed may be due to a disease-related change in another cell-type
which in turn impacts other cells and regions in the brain. These types of changes may
effect the analyses discussed in this thesis in a number of ways. For example, in Chapter
Three the knockdown of MEF2C occurred in neuronal cells only but this change may
affect the expression of genes in non-neuronal cell types. Similarly, in Chapter Four of
this thesis we observed extensive dysregulation in oligodendrocytes despite glutamatergic
neurons being the primary cell-type implicated in SCZ (Trubetskoy et al., 2022). This
may suggest that these changes were secondary to changes in other cell-types. However,
we did find that OCRs which were differentially accessible were enriched for common
variants associated with SCZ which may suggest a direct effect in this case but some of
the changes observed may be due to secondary effects. Therefore it is important going
forward that we learn to disentangle what changes are directly related to disease and

which are a downstream effect of those changes.

It is indeed evident that cell-type specific studies will provide much more detailed infor-
mation in the context of SCZ neurobiology in the future. These will need to be carried out
if we are to truly determine the etiology, identify drug targets and develop treatments for
this disorder. Chapter Three of this thesis could be improved by generating cell-type spe-
cific gene expression profiles from the mouse models from which the gene-sets were derived
to more robustly implicate cell-types. While a thorough follow-up to Chapter Four would
involve a dual snRNAseq/scATACseq to profile a more diverse set of cell-types similar to
a recent snRNAseq/scATACseq study of cortex tissue from control samples (Zhu et al.,
2022).

5.5 Concluding Remarks

The work that is presented in this thesis aims to explore cell-type specific perturbations
in SCZ using multi-omic data. My initial study aimed to leverage bulk expression data to
explore cell-type proportion changes using cell-type deconvolution methods. While future
work would be required to fully support the findings of this analysis, it provided a good
basis for subsequent work presented in my thesis. This thesis also presents work which
aimed to identify cell-types affected by genes under the control of MEF2C and identified
a non-neuronal cell-type which was not implicated in previous studies. The final study

presented here builds upon all of the knowledge that I have accumulated throughout this
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process and overcomes some analytical challenges that I have encountered, particularly
in relation to Chapter Two. It characterises the transcriptomic and chromatin accessi-
bility landscape of SCZ and presents evidence of extensive disease associated dysregula-
tion across both landscapes particularly in oligodendrocytes. This is important as many
other studies have identified neuronal contributions but the contribution of non-neuronal
cell-types to SCZ is more poorly understood. This study also illustrates the power of
combining multi-omic data to provide new insights into the neurobiology of SCZ. The
integration of multi-omic data enabled us to link SCZ-associated epigenetic change with
SCZ GWAS signal and detect cell-type specific eQTLs. Gaining new insights into the neu-
robiology of the disorder in this way is vital in order to one day provide new drug targets
and treatment options. Overall, this thesis demonstrates the importance of investigating

cell-type specific effects and the power of using multi-omic data to do so.
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