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Induced pluripotent stem cells
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Linkage disequilibrium adjusted kinships

Linkage Disequilibrium score regression

Minor allele frequency
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Polygenic risk score
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Polymerase chain reaction
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splice eQTLs

Single nucleotide polymorphism

Single nucleotide variant

Transcription factor 4



TF: Transcription factor

TSS: Transcription start sites

TWAS: Transcriptome-wide association study
VCFS: Velocardiofacial syndrome



Summary

Neuropsychiatric conditions such as schizophrenia, autism and attention deficit hyperactivity
disorder (ADHD) are complex disorders with a hypothesized early neurodevelopmental
component. Most common risk loci for these disorders are located in non-coding regions of
the genome and are therefore likely to index functional variants that alter gene regulation
rather than protein structure. It is possible to elucidate the biology underpinning these
conditions by testing for enrichment of associated genetic variation within regulatory

genomic regions operating in the developing human brain.

In this thesis, | have used ATAC-Seq to map open chromatin (an index of active regulatory
genomic regions) in bulk tissue, neuron-enriched (NeuN+) and neuron-depleted (NeuN-)
nuclei from the prenatal human frontal cortex, and tested enrichment of single nucleotide
polymorphism (SNP) heritability for 5 neuropsychiatric disorders (autism spectrum disorder,

ADHD, bipolar disorder, major depressive disorder and schizophrenia) within these regions.

| found significant enrichment of SNP heritability for schizophrenia within open chromatin
regions mapped in bulk foetal frontal cortex, and for all 5 tested neuropsychiatric conditions
when | restricted these sites to those overlapping histone modifications indicative of
enhancers (H3K4mel) or promoters (H3K4me3) in foetal brain. SNP heritability for
schizophrenia was significantly enriched in foetal NeuN+ nuclei overlapping H3K4me1l sites
and for all 5 neuropsychiatric disorders in foetal NeuN- nuclei overlapping either H3K4mel or
H3K4me3 sites. | further used my mapped open chromatin regions to identify potentially

functional SNPs at genome-wide significant risk loci for schizophrenia.
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Chapter 1: General introduction

Psychiatric disorders are highly debilitating conditions and a leading cause of disability
worldwide. Despite recent global efforts to tackle this public health issue (Saxena, Funk, and
Chisholm 2015), diagnostic tools and treatment options remain limited, mainly because their

aetiology is unknown.

Generally, diagnoses are formulated in order to be able to suggest treatments and predict the
course of the disorder. The vast majority of diagnostic systems label disease according to both
clinical characteristics and aetiopathology. Given that the aetiology of psychiatric disorders
remains obscure, the diagnostic system in psychiatry is based upon common clinical features,
shared natural history and /or common treatment response. Individual conditions are
considered as members of groups contained within a hierarchy; that is, a form of classification
system. The two classification systems of psychiatric disorders mostly used for both clinical
and research purposes are the Diagnostic and Statistical Manual (DSM) (American Psychiatric
Association 2013) and the International Statistical Classification of Mental and Behavioural
Disorders (ICD, World Health Organization, 2018), today at their fifth and eleventh editions

respectively.

Indisputably, classification systems greatly facilitate clinical management. However, the
reliability and validity of diagnoses purely based on symptoms, with no biomarkers, scans or
other tests available, are rightly considered questionable by many (Clark, Watson, and

Reynolds 1995). Moreover, in terms of therapeutic interventions, a substantial proportion of



patients show only partial or no response to first or second-line pharmacological treatments.
Most drugs used today were discovered decades ago by serendipity and cause debilitating
and possibly life-threatening side effects (Muench and Hamer 2010). Low compliance as well
as treatment resistance are common. There is clearly a pressing need for new treatment

strategies.

More effective diagnostic and treatment strategies for an illness can only be achieved when
its underpinning molecular mechanisms are uncovered. Compared to other medical
specialities, research in psychiatry has lagged behind for several reasons. Historically, the
organic nature of conditions presenting with behavioural and psychological symptoms has
often been questioned (Tyrer and Mackay 1986). Certainly, psychiatric disorders such as
schizophrenia are not associated with overt brain pathology (Harrison 1999) as seen for
neurodegenerative conditions. Additionally, investigation of pathologies that affect brain
function is hindered by lack of tissue availability. However, recently, unprecedented progress
in technology, as well as larger sample sizes, has allowed a deeper understanding of the
aetiology of psychiatric disorders and a wide range of evidence indicates that there is a neural

substrate for brain disorders that were once considered purely functional.

In the next section {1.1}, | will give a brief overview of the clinical characteristics,
environmental risk factors and available treatment options of 5 major neuropsychiatric
conditions: schizophrenia, attention deficit hyperactivity disorder (ADHD), autism spectrum
disorder (ASD), bipolar disorder and major depressive disorder. | will then move on to discuss

advances in our understanding of their underpinning genetics.



1.1 Psychiatric disorders: clinical characteristic and epidemiology

1.1.1 Schizophrenia

Schizophrenia is one of the most devastating psychiatric illnesses, with an enormous personal
and societal cost. It affects approximately 0.4% people worldwide (Bhugra 2005). The age of
onset is typically late adolescence to early adulthood, with men manifesting the first
symptoms earlier in life compared to women (Gogtay et al. 2011). The predominant clinical
features of schizophrenia are two main symptom clusters, termed ‘positive’ and ‘negative’
symptoms, as well as cognitive and functional disabilities. Positive symptoms, so named for
the presence of behaviours and sensations that should not be present, are also known as
psychotic symptoms and consist of hallucinations, delusions and disorganised thinking.
Negative symptoms are mainly deficit symptoms and include apathy, lack of drive and

motivation, slowness, social withdrawal and the inability to feel and express emotions.

Medications for positive symptoms (antipsychotics) were initially discovered by serendipity
in the mid-1950s. Since then, there has been little progress in treatment for negative and
cognitive symptoms. Newer medications (formerly called atypical) can be useful for some
treatment-resistant patients but are associated with potentially severe side effects. For
example, neutropenia is observed in around 3% of people taking clozapine, requiring patients

to undergo frequent blood tests, thus reducing compliance.

Various environmental factors such as urbanicity, migration, cannabis, childhood traumas,
infectious agents, obstetrical complications and psychosocial factors have been associated

with the risk of developing schizophrenia (Stilo and Murray 2010). Early hypotheses regarding
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the pathology of schizophrenia emerged from studying the mechanisms of antipsychotic
drugs. Since treatment of positive symptoms appears to be related to the antagonism of the
dopamine D2-type receptor (Creese, Burt, and Snyder 1976), hallucinations and delusions
have been postulated to be due to a hyperactive dopaminergic signal (the ‘dopamine
hypothesis’ of schizophrenia). A neurodevelopmental hypothesis for the aetiopathogenesis

of schizophrenia is now also widely accepted (see section 1.5.1 below).

1.1.2 Attention deficit hyperactivity disorder

Given its age of onset in childhood/adolescence, attention deficit hyperactivity disorder
(ADHD) is considered a neurodevelopmental disorder by DSM-V. Its prevalence is quite
variable among age groups and gender, with boys aged 6-11 years being the most affected
overall (12.9% vs 5.6% of girls) (Danielson et al. 2018). The main clinical features are high
levels of inattention, overactivity and impulsiveness, meaning a short attention span or lack
of attention to details, an excess of movements in situations that require calm, and action
without reflection. Given the continuous distribution of these clinical features in the
population, strict diagnostic criteria were all the more needed for ADHD, in order to set a
more tangible cut-off between pathology and what was considered ‘just bad behaviour’. In
this context, molecular biology research has been essential in providing evidence that a
neuropathological background exists for a syndrome that was once labelled as purely
psychosocial. Available pharmacological treatment for ADHD is aimed at reducing the most
disruptive symptoms, aiding with concentration issues and impulsiveness. The most
commonly used medication is methylphenidate, a stimulant that inhibits the reuptake of

dopamine and norepinephrine, increasing the dopaminergic and noradrenergic activity in the



prefrontal cortex. Several environmental risk factors have been implicated in the aetiology of
ADHD: prenatal substance exposures (tobacco, alcohol, drugs), heavy metal and

chemical exposures, nutritional factors, low birth weight, as well as early traumatic

events (Froehlich et al. 2011).

1.1.3 Autism spectrum disorder

Classified as a neurodevelopmental disability by the DSM-V, autism spectrum disorder (ASD)
is characterised by abnormalities of social development and communication, and restriction
of interests and behaviour. Individuals affected share some of these features; however, there
is a wide variation in their expression and severity. For this reason, the disorder is considered
a “spectrum condition”, which affects people differently and to varying levels of impairment.
For instance, abnormalities of communication may range from having difficulties in
understanding nonverbal cues, such as facial expressions, hand gestures or vocal tones, to
being unable to use and understand spoken language. Therapeutic interventions are mainly
non-pharmacological and aimed at improving communication, speech and language skills.

Although most children are not diagnosed before the age of 3, prodromal signs, such as
difficulties with social communication, may manifest at an earlier stage. With a prevalence of
approximately 1%, it is diagnosed approximately 4 times more frequently in males (Werling
and Geschwind 2013). A wide range of environmental risk factors have been identified,
including pre-, peri- and post-natal complications, exposure to toxins, migration and parental

age among others (Kim et al. 2019).

1.1.4 Mood disorders: bipolar and major depressive disorder



Changes from baseline normal mood (that is, depression and / or elation) are the main feature
of mood disorders. These changes differ from normal fluctuations in mood because they last

longer and disrupt patients’ social and occupational functioning.

The lifetime risk of bipolar disorder is in the range 0.6-1.4% (Merikangas et al. 2011), with a
mean age of onset of about 20 years in community studies (Wittchen, Mhlig, and Pezawas
2003). Several environmental risk factors have been shown to increase the risk for bipolar
disorder: prenatal viral infections, in particular seropositivity for T. gondii infection,
prematurity (less than 32 weeks’ gestation), childhood maltreatment as well as specific life
events like early prenatal loss and childbirth and cannabis use (Bortolato et al. 2017).

BD is characterised by episodes of mania (i.e. elevated, expansive, or irritable mood often
associated with sleep deprivation, self-important ideas, increased goal-directed activity and
thought disorder). Manic episodes are clear periods of altered function that often require
hospitalization and are associated with high rate of suicidal ideation and attempts. Manic
episodes can alternate with episodes of major depression, in a cyclic manner.
Pharmacological treatment includes mood stabilizers (lithium), antipsychotic and
antidepressant medications. Although lithium is the most commonly used mood stabilizer in
BD, its exact mechanism of action is unknown and due to its large number of side effects, its
tolerability and compliance are low. The medications mostly prescribed today for depressive
symptoms are selective serotonin reuptake inhibitors (SSRIs), such as fluoxetine, that increase

availability of serotonin in the synaptic space.



Major depressive disorder, or unipolar depressive disorder, is characterised by low mood, lack
of enjoyment, negative thinking and decreased energy. Depression may also present with
psychotic features, typical of self-deprecatory or paranoid content. It is more common in
females, with a point prevalence of around 12.9% (Lim et al. 2018). Several environmental
risk factors have been posited to contribute to the development of depression, including but
not limited to childhood maltreatment, childhood loss of a parent lack of adequate parental
care , unemployment, lower educational attainment, lower social support, the absence of a

partner, lower physical activity, and cannabis use (Kéhler et al. 2018)

1.2 The genetics of psychiatric disorders

The genetic architecture of psychiatric disorders is complex and highly polygenic. Contrary to
Mendelian disorders, where one genetic locus exerts a strong effect on risk, in complex
disorders multiple genetic loci play a role, with different effect sizes. For this reason, first
attempts to elucidate the genetics underlying psychiatric disorders through use of linkage
studies and candidate gene association studies failed to reproducibly identify susceptibility
variants. Large advances were only made in the early 2000s with the development of
genotyping arrays, that allowed the genotyping of thousands of DNA variants in a fast and
cost-effective manner. Use of genotyping arrays and next generation sequencing, together
with very large sample sizes, are now uncovering the complex genetic architecture of
psychiatric disorders, with both rare and common variants known to play a role (see section

1.2.1).


https://www.sciencedirect.com/topics/psychology/childhood-maltreatment
https://www.sciencedirect.com/topics/medicine-and-dentistry/cannabis-use

1.2.1 Genetic variation

DNA variation can take several forms. It includes changes at individual nucleotide bases
(single nucleotide polymorphism [SNPs] or single nucleotide variants [SNVs]), small insertions
or deletions of DNA sequence (indels), polymorphic repeat sequences (e.g., mononucleotide,
dinucleotide and trinucleotide repeats) and large structural alterations such as copy number
variants (CNVs), which are usually defined as insertions, deletions or duplications of 1 kilobase

(kb) or larger.

1.2.2 Rare DNA variation and risk for neuropsychiatric disorders

Rare DNA variation is typically defined as variation that has a population frequency < 1%.

Several recurrent CNVs with a frequency of <1% have been shown to increase the risk of
developing schizophrenia (Marshall et al. 2017) and other neurodevelopmental disorders
with large associated effect sizes (odds ratios of between 4 and 70). Involving large
chromosomal regions, disease-associated CNVs often encompass a number of genes and are
pleiotropic (i.e. associated with multiple phenotypes). A typical example is a deletion on
chromosome 22q11.2 causing velocardiofacial (VCFS or Di George) syndrome, which is also
associated with a much higher risk of developing schizophrenia (Murphy, Jones, and Owen
1999), ADHD (Schneider et al. 2014) and ASD (Clements et al. 2017). CNVs on chromosomes
1g21.1, 15g13.3 and at the NRXN1 locus have also been shown to increase both ASD and
schizophrenia risk (Mefford et al. 2008; Sharp et al. 2008; Kirov et al. 2008, 2009), suggesting
shared pathways between some psychiatric disorders. An increased rate of rare CNVs has also

been observed in ADHD (Williams et al., 2010). However, CNVs appear to be less important



in the aetiology of bipolar disorder (Charney et al. 2019) and major depressive disorder

(Rucker et al. 2016).

While CNVs can be identified through standard SNP genotyping arrays, rare coding variation
increasing risk for neuropsychiatric disorders has been explored using next generation
sequencing of the exome in large numbers of samples. Rare loss-of-function (LoF) coding
mutations have been shown to increase the risk for schizophrenia, autism and severe
developmental disorders (Singh et al. 2016; Satterstrom et al. 2020). Recently,
the Schizophrenia Exome Meta-Analysis (SCHEMA) Consortium have identified 10 genes
harbouring a genome-wide significant excess of rare coding variants in schizophrenia (Singh

et al. 2020).

CNV analyses and exome sequencing studies have also highlighted an important role for de
novo mutations (i.e. mutations not present in the germline) in the aetiology of developmental
psychiatric disorders (Sanders et al. 2015; Fromer et al. 2014). Both de novo CNVs and SNVs
have the potential to be more deleterious than inherited variants as they have undergone

less selection pressure (Conrad et al. 2011).

1.2.3 Common DNA variation and risk for neuropsychiatric disorders

In recent years, large-scale genome-wide association studies (GWASs) have successfully
identified hundreds of common single nucleotide polymorphisms (SNPs) that are associated

with increased risk for individual neuropsychiatric disorders at high levels of statistical



confidence. In order to detect variants associated with a trait, allele frequencies greater than
1 million SNPs are typically compared between affected ‘cases’” and control populations. In
order to control for the high number of tests performed in a GWAS analyses, a significance
threshold of P < 5 X 10 (a Bonferroni correction, based on one million independent tests) is
set for ‘genome-wide significance’. Very large sample sizes are therefore required for a GWAS
to detect SNPs of small effect size increasing risk for neuropsychiatric disorders at this
stringent level of significance. For this purpose, international collaborations, such as the
Psychiatric Genomics Consortium (PGC), were started in the joint effort to provide genotyping
information for thousands of patients and controls. To date, a considerable number of
genome-wide significant risk loci for neuropsychiatric disorders have been published: 145 for
schizophrenia (Pardifias et al. 2018), 44 for major depressive disorder (Wray et al. 2018), 30
for bipolar disorder (Stahl et al. 2019), 16 for ADHD (Demontis, Walters, Martin, Mattheisen,
Als, Neale, et al. 2019) and 5 for ASD (Grove et al. 2019). In the section below, | will give a
brief overview of ADHD, schizophrenia, bipolar, major depressive disorder and ASD, GWAS

methods and findings.
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Figure 1.1. Taken from Pardinas et al, 2018. Manhattan plot of schizophrenia GWAS
associations. The 145 genome-wide significant loci are highlighted in green. The red
horizontal line indicates the genome-wide statistical significance threshold (P = 5x1078)

ADHD GWAS (Demontis, Walters, Martin, Mattheisen, Als, Neale, et al. 2019)

Genotype array data for 20,183 individuals with ADHD and 35,191 controls were collected
from 12 cohorts. These samples included a population-based cohort of 14,584 individuals
with ADHD and 22,492 controls from Denmark and 11 European, North American and Chinese
cohorts aggregated by the Psychiatric Genomics Consortium (PGC). Individuals with ADHD
were diagnosed by psychiatrists at a psychiatric hospital according to ICD10 (F90.0). Non-
genotyped markers were imputed using the 1000 Genomes Project Phase 3 reference panel.
GWAS was conducted in each cohort using logistic regression with the imputed additive
genotype dosages. The GWASs were then meta-analysed using an inverse-variance weighted
fixed effects model. Association results were considered only for variants with an effective
sample size >70% of the full meta-analysis, leaving 8,047,421 variants in the final meta-

analysis. In total, 304 genetic variants in 12 loci surpassed the threshold for genome-wide
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significance (P < 5 X 108). The authors used LD score regression and partitioned heritability
to test for enrichment of the SNP heritability in cell-type-specific regulatory elements and
observed a significant enrichment of the average per SNP heritability for variants located in
central nervous system-specific regulatory elements. The authors estimated a liability-scale
SNP heritability as h?syvp=0.216 (SE=0.014, P=8.18 x 107°%), assuming a population

prevalence of 5% for ADHD-

Schizophrenia GWAS (Pardifias et al. 2018)

Following the seminal PGC schizophrenia GWAS, that initially identified 108 associated loci
(Schizophrenia Working Group of the Psychiatric Genomics Consortium 2014), Pardinas and
colleagues (Pardifias et al. 2018), reported a new genome-wide association study of
schizophrenia that combined through meta-analysis the PGC datasets with an independent
dataset. The authors collected blood samples from those with treatment-resistant
schizophrenia in the UK through the mandatory clozapine blood-monitoring system for those
taking clozapine, an antipsychotic licensed for treatment-resistant schizophrenia.

The final sample size was 11,260 cases and 24,542 controls (5,220 cases and 18,823 controls
not in previous schizophrenia GWAS). Meta-analysis of the CLOZUK and the independent PGC
datasets (Schizophrenia Working Group of the Psychiatric Genomics Consortium 2014),
excluding related and overlapping samples (total of 40,675 cases and 64,643 controls)
identified 179 independent genome-wide significant SNPs (P <5 x 1078) mapping to 145
independent loci. The 145 associated loci included 93 of those that were genome-wide
significant in the study of the PGC.

The polygenic variance on the liability scale®® amounted to 5.7% for CLOZUK at the 0.05 P-

value threshold.
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The authors prioritised the SNPs that were more likely to be causal and found, among others,
a number of SNPs mapping to regions identified as likely regulatory elements through
chromosome conformation analysis performed in tissue from the developing brain using Hi-

Cphysical interactions (Won et al. 2016).

Bipolar disorder GWAS (Stahl et al. 2019)

The authors performed a GWAS meta-analysis of 32 cohorts from 14 countries in Europe,
North America and Australia, totalling 20,352 cases and 31,358 controls of European descent
(effective sample size 46,582; Stahl et al. 2019). Variant dosages were imputed using the 1000
Genomes reference panel. The SNP heritability estimates for BD were 0.17-0.23 on the
liability scale assuming population prevalence of 0.5-2%. Thirty autosomal loci achieved
genome-wide significance (P < 5 x 1078) in fixed-effect meta-analysis of the GWAS and follow-
up samples. The authors tested for functional genomic enrichment using LD score regression
and partitioned heritability (Finucane et al. 2015) and found enrichment in open chromatin

annotations in the central nervous system.

Major depression GWAS (Wray et al. 2018)

The authors completed a GWA meta-analysis of seven MDD and major depression cohorts,
9.6 million imputed SNPs in 135,458 MDD and major depression cases and 344,901 controls.
Cases included both directly evaluated subjects meeting standard criteria for major
depressive disorder (MDD) and individuals identified using alternative methods (major

depression).
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The comparability of the seven cohorts was evaluated by estimating the common variant
genetic correlations between them. The meta-analysis identified 44 independent loci that
were statistically significant (P<5x1078). Of these 44 loci, 30 are novel and 14 were significant
in a prior study of MDD or depressive symptoms. Estimation of h2SNP was 8.7% (SE 0.004,
liability scale, assuming lifetime risk 0.15), that this is about a quarter of h? estimated from
twin or family studies (Sullivan, Neale, and Kendler 2000) . The authors used partitioned LD
score regression (Finucane et al. 2015) to evaluate the enrichment of the major depression
GWA findings in over 50 functional genomic annotations and found enrichment in regulatory
activity, open chromatin in human brain and an epigenetic mark of active enhancers

(H3K4me1l).

ASD GWAS (Grove et al. 2019)

Imputation was performed using the 1000 Genomes Project phase 3 reference panel.
Genotypes from 13,076 cases and 22,664 controls from the iPSYCH sample were included in
the analysis. The primary analysis was a meta-analysis of the iPSYCH ASD results with five
family-based trio samples of European ancestry from the Psychiatric Genomics Consortium
(PGC; 5,305 cases and 5,305 pseudo controls). The main GWAS meta-analysis totalled 18,381
ASD cases and 27,969 controls, and applied an inverse variance-weighted fixed effects model.
The SNP heritability (h2G) was estimated to be 0.118 (SE = 0.010), for a population prevalence
of 0.012. The stratified LD score regression analysis (Finucane et al. 2015)identified significant
enrichment of heritability in in brain and neuronal cell lines. The highest enrichment was
observed in the developing brain, germinal matrix, cortex-derived neurospheres, and
embryonic stem cell (ESC)-derived neurons, consistent with ASD as a neurodevelopmental

disorder with largely prenatal origins.
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All SNPs associated with neuropsychiatric disorders identified to date have low effect sizes
(odds ratios typically < 1.1), consistent with individual common genetic variants conferring
only small increases in susceptibility to these conditions. Indeed, it now appears that there
exist thousands of common DNA variants conferring risk to neuropsychiatric disorders that
are currently below the threshold of genome-wide significance. These can be captured
through ‘polygenic score’ (PGS) methods. PRSs can be used to identify individuals at high risk
of disease. This is achieved by combining hundreds of disease-associated variants carried by
an individual into a single score that reflects their overall genetic risk (Chatterjee, Shi, and

Garcia-Closas 2016).

The integration of PGSs with epidemiological risk factors such as age, sex, smoking status,
diet, or family history of disease could improve the stratification of individuals, potentially
resulting in more effective clinical interventions (Torkamani, Wineinger, and Topol 2018).
However, to date, the use of PGSs in the clinical setting remains limited, due to two main
reasons. Firstly, prediction accuracy remains low. Secondly, PRSs are often based on European
GWASs and their transferability between populations is low (A. R. Martin et al. 2019).
However, polygenic risk scores represent the first quantitative biomarker of genetic liability
and could be used to assess the validity of intermediate phenotypes (Riglin et al. 2017;
Terwisscha van Scheltinga et al. 2013). Furthermore, PGSs today are a powerful tool to
explore the genetic relationship between neuropsychiatric disorders. In 2009, the
International Schizophrenia Consortium (I. S. Consortium 2009) showed a substantial
polygenic component to risk of schizophrenia involving thousands of common alleles of very
small effect (summed into a polygenic risk score) and showed that this component also

contributes to risk of bipolar disorder, but not to multiple non-psychiatric diseases.
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Substantial genetic overlap between various psychiatric disorders has been shown by several
studies (B. Consortium et al. 2018; B. Bulik-Sullivan et al. 2015). Recently, the BrainStorm
Consortium (B. Consortium et al. 2018) used genome-wide association data to quantify the
degree of overlap for genetic risk factors of 25 common brain disorders. They found that
common variant risk for psychiatric disorders was shown to correlate significantly, especially
among attention deficit hyper-activity disorder, bipolar disorder, major depressive disorder,

and schizophrenia.

The genetic correlation calculated using common SNPs (rg) is high between schizophrenia and
bipolar disorder (0.68 + 0.04 s.e.), moderate between schizophrenia and major depressive
disorder (0.43 + 0.06 s.e.), bipolar disorder and major depressive disorder (0.47 + 0.06 s.e.),
and ADHD and major depressive disorder (0.32 + 0.07 s.e.), low between schizophrenia and

ASD (0.16 + 0.06 s.e.) (Lee et al. 2013).

1.2.4 Heritability
Elucidating the relative contribution of genetics versus environment for various diseases and
disease-related complex traits can help better understand the causal mechanism of disease
aetiology. A key quantity to evaluate the contribution of genetics versus environment is
heritability, which measures the proportion of phenotypic variance explained by genetic
factors. Two types of heritability can be estimated. The broad-sense heritability evaluates the
proportion of phenotypic variance explained by all genetic factors, including additive effects,
dominant effects, and epistasis effects. The narrow-sense heritability, on the other hand,

evaluates the proportion of phenotypic variance explained by additive genetic effects.
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The broad-sense heritability is estimated by the mean of twin studies. Twin studies compare
the concordance of traits between monozygotic and dizygotic twins who are considered to
share the same environment and known to share all and (on average) half of their genetic
makeup, respectively. The difference in concordance is used to estimate the trait heritability.
The broad-sense heritability of schizophrenia, ADHD, ASD and bipolar disorder is estimated
at around 80%, while that of major depressive disorder has been estimated to be around 40%
(Bray and O’Donovan 2018). It has to be noted that the twin study design makes several
assumptions, most importantly that there is no greater environmental similarity of identical

over non-identical twins.

Recently, large-scale GWASs, between apparently unrelated individuals, have identified many
SNPs associated with various complex traits. However, the majority of identified SNPs only
explain a small fraction of heritability for most traits, leading to a large fraction of unexplained
heritability, commonly referred to “missing heritability” (Zuk et al. 2012). Many explanations
have been proposed for missing heritability. For example, it is possible that rare variants with
large effects contribute disproportionately to the phenotypic variance. In addition, twin
studies may have overestimated heritability (H. Zhu and Zhou 2020). A prominent hypothesis
suggests that current GWASs are underpowered and that many causal SNPs remain
undetected below the stringent genome-wide significant threshold, which can vastly

underestimate the phenotypic variance (Young 2019).
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Schizophrenia  Bipolar disorder Major depressive disorder ASD ADHD
SNP heritability (s.e.) 0.23 (0.008) 0.25 (0.012) 0.21 (0.021) 0.17 (0.025) 0.28 (0.023)
Heritability estimated from twin studies 0.81 0.75 0.37 0.8 0.75

Table 1.1. Adapted from Lee et al. 2013). Compares heritability estimated from twin studies

and SNP heritability for schizophrenia, bipolar disorder, major depressive disorder, autism
and ADHD.

The SNP-heritability estimates for each disorder—schizophrenia, 0.23 (0.01 s.e.), bipolar
disorder, 0.25 (0.01 s.e.), major depressive disorder, 0.21 (0.02), ASD, 0.17 (0.02 s.e.) and
ADHD, 0.28 (0.02 s.e.)—are considerably less than the heritabilities estimated from twin
studies (Table 1.1, (Lee et al. 2013). SNP-based values are a lower bound for narrow-sense
heritability because they exclude contributions from some causal variants (mostly rare
variants) not associated with common SNPs.

Partitioned heritability

A number of statistical methods have been developed to estimate the SNP heritability (the
amount of phenotypic variance explained by SNPs) of a trait using either individual genotypes
or summary statistics (Yang et al. 2010; B. K. Bulik-Sullivan et al. 2015) from GWAS.

Previous studies (Thurman et al. 2012; Trynka and Raychaudhuri 2013) have shown that
heritability of complex disorders does not distribute uniformly across the whole genome;
instead, different functional parts of the genome contribute disproportionally to the
heritability. This gave rise to partitioning heritability approaches, such as stratified LD-score
regression (SLDSC, Finucane et al. 2015), Genome-wide Complex Trait Analysis (GCTA, Yang
et al. 2010) and Linkage disequilibrium adjusted kinships (LDAK, (Speed et al. 2012)) to
estimate the proportion of phenotypic variance explained by all genome-wide SNPs for
complex traits and test for a significant accumulation of trait heritability in different functional
categories of the genome.

18



In the GCTA Model, all SNPs are expected to contribute equally heritability, therefore using
the GCTA Model will result in biased estimates if causal variants are predominantly in regions
of high or low linkage disequilibrium (LD). LD is defined as a non-random association of alleles
(i.e. alternative genetic variants at the same genomic position) between different genomic
positions (Slatkin, 2008). The importance of accounting for LD-dependent genetic
architectures in analyses of heritability is now recognised (Gazal et al. 2017). Both LDAK and
SLDSC models incorporate LD-dependent architectures, however the first LDAK Model did not
take into account minor allele frequency (MAF). More recent version of the software do allow
to account for MAF (Speed et al. 2017), however, the SLDSC is a more widely used and largely
recommended method (Gazal et al. 2019).

SLDSC can be used to examine if some regions of the genome (e.g. regulatory regions
operating in a particular tissue) are enriched for the SNP heritability of a trait, which can
improve understanding of the genetic architecture and biology of complex disorders.
Different genomic regions are defined as functional categories, including 24 non-specific
annotations (coding regions, promoters, enhancers, introns, conserved elements and DHSs,
among others) as well as histone modification profiles acquired from a variety of cell types,
and these can provide a background control for assessment of user-defined functional
annotations. The SNP heritability of variants in each category is defined as an enrichment
score as the proportion of SNP heritability in a category divided by the proportion of SNPs in

that category (Finucane et al. 2015).

One of the major advantages of LDSC, is that LDSC does not require any individual-level
phenotype-genotype data. Instead, it uses only summary association statistics from the

GWAS and an external LD reference panel to estimate heritability. However, an external LD

19



reference panel has to match to the population used in the GWAS, and a mismatch between
LD estimates and the GWAS sample can bias LDSC estimates (Bulik-Sullivan et al., 2015).
Summary-level data has three great advantages over the individual-level data. First,
individual-level data is sensitive and privacy concerns often limit access to it, whereas from
the summary-level data no single individual can be identified. Second, to increase power of
the GWAS, many of the largest studies are conducted as a meta-analysis, where summary
association statistics from multiple separate study cohorts are jointly analysed, and access to
the original individual-level data is therefore usually not possible. Third, summary-level data
is more compact and reduces the computational burden massively compared to individual-

level data.

To partition heritability, SLDSC requires a GWAS summary statistics file and an annotation file
that contains genomic coordinates for the functional partition. SLDSC exploits the predicted
relationship that exists between the association statistics of a set of GWAS index SNPs and
local linkage disequilibrium surrounding each index SNP for a polygenic trait, i.e. this

2

relationship predicts that, on average, index SNPs with high LD r“ scores are more likely to

tag SNPs with higher association statistics than SNPs with low r2

scores. As such, using a linear
regression model, SLDSC generates an estimate of the proportion of SNP heritability that is
captured by a given set of index SNPs, including any heritability explained by non-assayed
SNPs within the haplotype block that each index SNP tags, as well as correcting for systematic
biases.

1.3 Non-coding DNA and regulatory regions

It has to be noted that the majority of GWAS risk loci are located within non-coding regions

and do not index variants in coding sequence which might impact on protein structure. For
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example, in the seminal 2014 schizophrenia GWAS (S. W. G. of the P. G. Consortium 2014), of
the 108 loci found associated with the disorder, only 10 potentially index coding SNPs
changing amino acid sequence. It is therefore likely that these SNPs index genetic risk variants

that affect gene regulation.

Non-coding DNA constitutes more than 98% of the human genome but is poorly characterised
compared to protein coding sequence. The first major effort to map functional regions of the
non-coding human genome was provided by the ENCODE (Encyclopedia of DNA elements)
Consortium (Feingold et al. 2004), who used a variety of functional genomic technologies (e.g.
RNA sequencing, chromatin immunoprecipitation followed by sequencing [ChIP-seq] and
DNase-hypersensitivity | site [DHS] sequencing) to map functional regions of the genome in
147 human cell types. This was followed by the Roadmap Epigenomic Mapping Consortium
(REMC) who released epigenomic data from 111 diverse human cell types and tissues in 2015
(Roadmap Epigenomics Consortium et al. 2015). Recently, the PsychENCODE Consortium
have produced similar data from human neural cells and tissues (Wang et al. 2018).
Sequences that are known to be important for gene regulation, and the technologies that

have been used to detect them, are described in this section.

It is now known that a large proportion of non-coding DNA is represented by cis-regulatory
elements (CRE), such as promoters, enhancers, insulators and silencers. These orchestrate
the complex mechanisms of gene expression in a tissue- / cell- and time-specific manner.

Transcription of a gene-coding DNA sequence into messenger RNA (mRNA) begins with the
RNA Polymerase Il (Pol Il) binding to the promoter region, situated proximally to the gene

they influence, at the transcription start site (TSS). All genes have at least one promoter
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situated upstream of the 5’ end of the gene; however, over 50% of genes have multiple,
alternative promoters (Kimura et al. 2006; Cooper et al. 2006), which can produce different
protein isoforms by producing different mRNA transcripts (Landry, Mager, and Wilhelm 2003;

Xin, Hu, and Kong 2008).

The activity of Pol Il is weak in the absence of enhancers. Located distally to the genes they
regulate, enhancers increase the rate of expression of their target genes (Spitz and Furlong
2012). They interact with transcription start sites of promoters through chromatin looping, a
biophysical phenomenon mediated by transcriptional co-activators and structural proteins,
that allows sections of genomic sequence to form loops and bring distant regulatory elements
into close spatial proximity with their target gene(s) (figure 1.2). Given these long-range
interactions, it is difficult to accurately predict the genes that enhancers target, particularly
as a single enhancer can modulate the activity of multiple genes. Furthermore, several
enhancers can operate simultaneously on the same gene and clusters of enhancers have also

been identified, namely ‘super-enhancers’.
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Figure 1.2. Diagrammatic representation of promoter — enhancer interaction by looping. The
activity of Pol Il is weak in the absence of enhancers. Located distally to the genes they
regulate, enhancers increase the rate of expression of their target genes

CREs are defined by chromatin state, histone post-translational modifications and

transcription factor binding, known to be associated with transcriptional regulatory activity.

When a CRE is inactive, the DNA containing it is wrapped around histone proteins into
nucleosomes, forming heterochromatin (or so-called ‘closed’ chromatin). Some nuclear
proteins (pioneer transcription factors, TFs) are able to access the DNA strand by opening up
the chromatin, making the DNA accessible to other TFs. TFs can also recruit other regulatory
proteins, including co-activators and co-repressors. Nucleosome-free or ‘open’ chromatin is

therefore characteristic of an active regulatory region.
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1.4 Features of regulatory regions

1.4.1 Open chromatin

Chromatin is a complex of DNA, RNA and protein that is located in the nucleus of all human cell
types, and it is the main constituent of chromosomes. The core structural element of chromatin is the
nucleosome, and each nucleosome consists of a 147 base pair section of DNA sequence that is coiled
around 8 histone proteins. Nucleosomes are connected to one another via a short (~60bp) sections of
DNA, called linker DNA, to form a repeating structure that resembles beads on a string. Each histone
protein octamer is composed of two copies of the H2A, H2B, H3 and H4 histones, and these are bound
on their external surface by a H1 linker histone (Luger et al. 1997; Robinson and Rhodes 2006). During
cellular mitosis, chromatin tightly condenses such that it can be visualised microscopically. In order to
regulate cellular gene expression, chromatin dynamically alters its physical state. Euchromatin, is
relaxed, uncoiled, chromatin where histones are either well-spaced, or displaced entirely, exposing
DNA to molecules (e.g. transcription factors; TFs) that regulate gene expression. By contrast,
heterochromatin is tightly compacted, and histones are bunched together making DNA relatively
inaccessible. Chromatin accessibility is a measure of the functional state of chromatin and is
defined by the degree to which DNA is exposed. In any given cell type, accessible DNA
constitutes ~2-3% of the entire genome (Thurman et al. 2012). In order for a gene regulatory
event to take place chromatin must be uncoiled and in the euchromatic state to allow
regulatory molecules to interact with DNA. When chromatin is heterochromatic most

regulatory molecules cannot get access to DNA due to phenomena such as steric hindrance

(Allis and Jenuwein 2016).
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The assay for transposase-accessible chromatin using sequencing (ATAC-seq) is a popular
method used to measure genome-wide chromatin accessibility (J D Buenrostro et al. 2013).
This method takes advantage of the fact that euchromatin is sensitive to enzymatic cleavage.
In the ATAC-seq assay, nuclei are extracted from a cell of interest and incubated with a
hyperactive Tn5 transpose enzyme, which selectively excises exposed DNA from all the open
chromatin regions of the genome. Crucially, the enzyme has been modified to carry adapter
sequences such that, whilst excising the DNA, adapters are simultaneously inserted at the
ends of the DNA fragments. These adapters act as barcodes for the DNA fragments so they
can be recognised after pooled sequencing. Due to the high efficiency of the Tn5 enzyme,
ATAC-seq has largely superseded alternative methods for measuring open chromatin regions,
such as DNAse-seq (Klemm, Shipony, and Greenleaf 2019), the micrococcal nuclease digestion
with sequencing (MNase-Seq, (Schones et al. 2008) or the Formaldehyde-assisted
identification of regulatory elements (FAIRE) followed by sequencing is also an open
chromatin profiling method (Giresi et al. 2007), that uses crosslinking with formaldehyde of
nucleosome-bound DNA. Once the DNA has been excised and barcoded, the DNA fragments
are sequenced and the reads produced are aligned to a reference genome. The final read out
of an ATAC-seq assay is a genome-wide set of ‘peaks’, representing sites of open chromatin
that are potentially involved in the regulation of gene expression in the cell type of interest
at the time the nuclei were extracted. Through deep sequencing of ATAC-Seq libraries,
footprints left by nuclear proteins and transcription factors (TFs) bound to nucleosome-free
promoters or enhancers can also be detected (Z. Li et al. 2019; Hesselberth et al. 2009;
Karabacak Calviello et al. 2019). Machine learning methods can predict TF binding sites from
a DNase-Seq or ATAC-Seq experiment based on the magnitude and shape of the TF footprint,

that reflect the biophysics of the specific TF (Sherwood et al. 2014).
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Open chromatin regions may be located either near the transcription start sites of genes
or in non-coding regions located far from genes. This provides information on the genes that
are likely to be active, or poised in preparation to be activated, within a cell type and the
regulatory elements that have the potential to influence gene expression in these cells. It is
also possible to identify specific DNA recognition sequences that gene regulatory proteins
bind to within these loci. This provides a picture of the DNA-protein interactions that regulate
gene expression in the cell of interest. Furthermore, when integrating chromatin accessibility
data with other functional genomic data it is possible to make functional predictions of the

pathologically relevant effects that genetic variation may have in particular tissues or cell

types.
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Figure 1.3. Principle of the Assay for Transposase-Accessible Chromatin using sequencing
(ATAC-Seq).

DNA at nucleosome-free, accessible chromatin regions, is cut by the hyperactive
transposase Tn5 loaded with next generation sequencing adapters. Resulting tagged DNA

fragments, sequenced and aligned to the human genome, pile up forming peaks at open
chromatin sites. TF: transcription factor

1.4.2 Transcription factor binding

TF binding sites, 6-10bp long DNA sequences located within CREs, can be identified both
computationally and experimentally. Sequence patterns preferentially bound by TFs are
named TF motifs. They allow variation in nucleotides at some binding site positions but not
others. Computational methods use enrichment of DNA sequences in putative promoters of
co-expressed genes to identify motifs, as well as highly conserved regions between closely

related species (Tompa et al. 2005). Whole genomes can then be scanned for TF motif

matches.
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High-throughput laboratory approaches make use of next generation sequencing technology
to perform genome-scale analysis of epigenetic markers and chromatin states. In a chromatin
immunoprecipitation followed by sequencing (ChlP-seq) experiment, a TF is chemically
crosslinked to its binding sites (Park 2009). Genomic DNA is then fragmented and precipitated
with an antibody targeting the TF and TF binding sites fragments are then sequenced.

Transcription factor sequence motifs are collected in databases such as TRANSFAC, JASPAR

and UniPROBE.

1.4.3 Histone modification

Histone modifications are post-translational modifications that are typically covalently
bound to the freely protruding N-terminus tail of histone proteins. They act dynamically by
altering the structure and function of chromatin by direct interaction with DNA, or by
recruitment of chromatin remodelling proteins, to influence gene expression. Histone
modifications can be mapped to functionally annotate the genome and to predict the nature
and activation status of the regulatory elements that they are proximal to (Kouzarides 2007;

Tessarz and Kouzarides 2014).

ChiIP-seq technology (figure 1.4) can be used to scan the genome for histone marks that are
indicative of regulatory activity. Two histone modifications commonly used to annotate the
human genome are methylation of histone 3 lysine 4 (H3K4Me1 / H3K4Me3) and acetylation
of histone 3 lysine 27 (H3K27ac). Histone methylation is a reversible process that is facilitated
by histone methyltransferases, which attach methyl groups to histones, and demethylases,

which detach methyl groups. H3K4 trimethylation (H3K4me3) and H3K4 monomethylation
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(H3K4me1), are associated with active transcription at promoters and enhancers respectively
(Guenther et al. 2007; Bernstein et al. 2002; Heintzman et al. 2007). Repressed promoters
and enhancers are both flanked by H3K27 trimethylation (H3K27me3), while H3K27

acetylation (H3K7ac) strongly correlates with active promoters and enhancers.

Computational and benchtop methods are also often combined to detect histone
modifications. Machine learning has been used to integrate motif matching with binding
sequences detected from experimental methods to predict novel enhancers (Gorkin et al.

2012).
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Figure 1.4. Diagrammatic representation of a chromatin immunoprecipitation followed by
sequencing (ChIP-seq) experiment. Histones are chemically crosslinked to DNA. DNA is then
fragmented and precipitated with an antibody targeting the histone modification. Resulting
DNA fragments, sequenced and aligned to the human genome, pile up forming ‘peaks’.

1.4.4 DNA methylation
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DNA methylation at promoter regions is associated with repressed gene expression (Suzuki
and Bird 2008). DNA methylation is the most extensively studied epigenetic modification. It
consists in the addition of a methyl or hydroxymethyl group to carbon five of the cytosine
pyrimidine ring and is mainly found in the context of CG dinucleotides. It inhibits transcription
by recruiting chromatin remodeler proteins, such as MECP2, that condense the chromatin
into an inactive state. Although generally considered a repressive marker, evidence suggests
that methylation within a gene body promotes gene expression (Ball et al. 2009). A variety of
methods are available for DNA methylation analysis. The gold standard is considered to be
bisulfite sequencing, a whole-genome single nucleotide resolution method (Kurdyukov and
Bullock 2016). However due to its prohibitive costs, alternative methods measuring

methylation levels at targeted loci such as BeadChip technologies are more widely used.

It has to be noted that no specific epigenetic marker or chromatin state has been
demonstrated to consistently correlate with CRE activity (Klemm, Shipony, and Greenleaf
2019). Multi-level gene regulation is likely to be the norm and therefore multi-level

approaches are needed to disentangle the regulatory landscape of different cells and tissues.

1.5 The importance of brain development

Given that regulatory mechanisms are known to exert gene expression changes in a tissue-
type and time manner, investigation of the underlying molecular processes in disease-
relevant tissue/cell types and time points is key to a better understanding of disease

molecular pathology.
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The main organ relevant to psychiatric disorders is assumed to be the brain. The human brain
is the most complex known biological system and it undergoes enormous changes throughout

life, with the largest changes taking place in early development (Dillman and Cookson 2014).

Around the third gestational week, the human brain starts to develop (Stiles and Jernigan
2010). Progenitor cells differentiate, migrate and mature into different cell types, organized
into specialized circuits and layers. From early stages of development, neural morphology and
function is dictated by extremely complex molecular processes. For these processes to take
place, different proteins must be produced in different cells, at the right time, and for that to

happen, gene expression must be meticulously orchestrated (Miller et al. 2014).

There is accumulating evidence to suggest that a proportion of both environmental and
genetic risk factors for neuropsychiatric disorders operate during brain development, by
disrupting the complex molecular processes underlying normal neural morphology and
function (Brown 2012). Although only few psychiatric disorders are considered strictly
developmental by the DSM-V (i.e., attention deficit hyperactivity disorder (ADHD) and autism
spectrum disorder (ASD)), with their age of onset in childhood or adolescence, emerging
evidence indicates that brain insults occurring in early stages of life may predispose
individuals to developing a larger range of mental health ilinesses. The neurodevelopmental
hypothesis of schizophrenia (Murray and Lewis 1987; Weinberger 1987) is widely accepted
and evidence supporting a developmental component to bipolar disorder (BD) as well as
major depressive disorder (MDD) is also starting to emerge (Hall et al. 2020; O’Brien et al.

2018; Kathuria et al. 2020; Wray et al. 2018).
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1.5.1 The neurodevelopmental hypothesis of psychiatric disorders

The neurodevelopmental hypothesis of schizophrenia (Murray and Lewis 1987; Weinberger
1987) was proposed on the basis of a number of observations. These include: presence of
structural brain abnormalities (such as enlarged ventricles) atthe onset of iliness; an absence
of evidence for neurodegeneration in post-mortem studies; the frequent occurrence at a
young age of premorbid deficits and early clinical abnormalities (such as neuromotor and
speech delays, as well as morphological abnormalities) in children that would later develop
psychotic symptoms; the higher incidence of maternal infections and obstetric complications
in people who later develop schizophrenia; studies of primates that showed that neonatal
lesions can have delayed effects on behaviour. More recently, the idea that adult-onset
disorders could have their origins in early development has also been supported by reports
of deficits in developmental connectivity in iPSC-derived neurons from people with
schizophrenia compared with controls. For example, Brennand and colleagues reported an
iPSC-based case/control study on familial schizophrenia which showed lower connectivity in
schizophrenia iPSC-neurons, which also possessed fewer neurites and expressed lower levels

of synaptic markers (Brennand et al. 2011).

According to this now widely accepted model, perturbation in early brain development leads
to altered brain wiring that results in a vulnerable phenotype, sensitive to molecular changes
associated with environmental insults as well as maturational changes, such as synaptic
pruning and myelination within the frontal cortex, that occur in adolescence. Insults caused
by both genetic and environmental risk factors, therefore, occur long before the first

symptoms manifest as a result of decompensation in response to the increasing demand in
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brain function. These brain perturbations that have a delayed impact on cortical function are
thought to be less severe compared to the neural abnormalities responsible for early-onset

neuropsychiatric disorders, like ASD (Owen and O’Donovan 2017).

As mentioned in section 1.5, neurodevelopmental disorders as grouped by DSM-5 (American
Psychiatric Association 2013) only include autism, ADHD, learning, communication and motor
disorders, and intellectual disability, and are defined as having an onset in the early
developmental period, typically in early childhood. While categories can be useful for clinical
decision making, psychiatric disorders appear to lie at the extreme of continuously distributed
dimensions (J. Martin, Taylor, and Lichtenstein 2018).

There is in fact a need for clinicians and scientists to adopt a developmental perspective in
clinical practice and research when dealing with all neuropsychiatric disorders, including
adult-onset disorders like bipolar and major depression (Thapar and Riglin 2020). For
example, the presence of associated structural abnormalities at birth or that become
apparent during the early postnatal period. Genome-wide association studies (GWASs) have
identified a number of genetic loci associated with BD (Stahl et al., 2019), including genes
involved in neurodevelopment, such as NCAN, a proteoglycan involved in cell adhesion and
neuronal migration, processes that are pivotal during neurodevelopment (O’Shea and
Mclnnis 2016). Kathuria et al. (2020) used iPSCs from patients with BD to grow cerebral
organoids ex vivo and investigate the disease biology of bipolar disorder. Analyses of
transcriptomic data from the iPSC-derived cerebral organoids showed downregulation of
genes involved in neurodevelopmental pathways. Furthermore, RNA-seq data comparing
gene expression profiles in the organoids showed downregulation of pathways involved in

neurodevelopment.
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Evidence for a developmental component to depression has also started to emerge.
Epidemiological studies have shown a number of prenatal perinatal, and postnatal
characteristics associated with an increased risk of depression in offspring, including low birth
weight, premature birth, small gestational age, maternal education, maternal smoking,
paternal smoking, maternal stress, maternal anxiety, and prenatal depression (Su, D’Arcy, and
Meng 2020). Furthermore, GWAS of depression implicated the TCF4 (transcription factor 4)
locus, also, strongly associated with schizophrenia, that is essential for normal brain

development.

1.5.2 Gene expression in the foetal brain

In the last decade, several studies have assayed the transcriptome of different regions of the
prenatal human brain across the lifespan. These studies show that the largest transcriptional

changes occur early in foetal life.

In support of a prenatal component to schizophrenia, Gulsuner and colleagues (2013) found
an enrichment of damaging de novo mutations in the disorder within neurogenesis-related
gene co-expression networks (i.e. those involved in neuronal migration, synaptic
transmission, signalling, transcriptional regulation, and transport) in the foetal brain
(Gulsuner et al. 2013). Similarly, ASD risk genes mapped onto developmental co-expression
networks show enrichment in modules implicating early transcriptional regulation and

synaptic development (Parikshak et al. 2013).
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Recently, lower sequencing costs and improved technologies have allowed production of
single-cell resolution gene expression data. Single-cell RNA-seq from human prefrontal cortex
tissue (gestational weeks 8 to 26) identified clusters of gene expression that correspond to
six major cell-types (neuronal progenitor cells, excitatory neurons, interneurons, astrocytes,
oligodendrocyte progenitor cells and microglia) and 35 subtypes within the foetal brain
(Zhong et al. 2018). This and similar studies (Fan et al. 2020; Zeng et al. 2012; Darmanis et al.
2015) highlight the complexity of cell types in the prenatal brain and provide a valuable
resource for exploring potential cell-specific effects of rare coding variation associated with

neuropsychiatric disorders (Polioudakis et al. 2019).

1.5.3 Gene regulation in the foetal brain

Although gene expression changes in human foetal brain development have been extensively
explored, the underlying regulatory genomic mechanisms were, at the start of this PhD,
largely uncharacterised. The foetal brain is represented in the Roadmap Epigenomic Mapping
Consortium (REMC) data but only for limited developmental time points and not in a cell-type
specific manner

(https://www.ncbi.nlm.nih.gov/geo/roadmap/epigenomics/?display=100&search=fetal%20

brain&sort=acc). REMC data include bulk whole foetal brain open chromatin (DNase-seq),

histone modifications, and methylation analysis. These foetal brain open chromatin maps
(Roadmap Epigenomics Consortium et al. 2015) have been used to test for enrichment of
disease-associated risk loci. For example, a significant two-fold enrichment of de novo
mutations in foetal brain-active gene regulatory elements was found in developmental

disorders (Short et al. 2018).
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Maps of regulatory relationships in the developing human brain were produced by Won and
colleagues (Won et al. 2016). Hi-C libraries were constructed from two zones of 17 and 18
post-conception week foetal brain tissue: the cortical plate and germinal zone, the former
containing mainly mature neurons, the latter mostly formed of neuronal progenitors. This
data was integrated with non-coding schizophrenia risk variants identified by GWAS
(Schizophrenia Working Group of the Psychiatric Genomics Consortium 2014) identifying a
number of potential schizophrenia risk genes. Identified genes were enriched for postsynaptic
density, acetylcholine receptors, neuronal differentiation and chromatin remodelers,
pathways consistent with brain development and function. Furthermore, de la Torre Ubieta
and colleagues used ATAC-seq to map open chromatin in the same mid-gestational brain
regions, the cortical plate and in the germinal zone, and found an enrichment of SNP
heritability for schizophrenia, ADHD, depressive symptoms, neuroticism, educational
attainment and intracranial volume in sites that were preferentially accessible in the germinal

zone (de la Torre-Ubieta et al. 2018).

Recently, quantitative trait locus (QTL) studies have been successful in linking genotypic data
with molecular markers, such as DNA methylation (mQTL), gene expression (eQTL) and
alternative splicing (sQTL), in the foetal brain. Hannon and colleagues characterized DNA
methylation quantitative trait loci (mQTLs) in human foetal brain samples from the first and
second trimester of gestation, showing that variants associated with differential methylation
are enriched for SNPs associated with schizophrenia at genome-wide significance (Hannon et
al. 2016). O’Brien and colleagues (O’Brien et al. 2018) produced an eQTL dataset derived from

the 120 second trimester human foetal brains and found that foetal eQTL are enriched among
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risk variants for neuropsychiatric disorders including attention deficit hyperactivity disorder,
schizophrenia, and bipolar disorder. In a similar, larger study, including 201 mid-gestational
human brains, Walker and colleagues (Walker et al. 2019) identified eQTLs and splice eQTLs
(sQTLs) specific to human prenatal brain development and showed that genetic risk for ADHD

implicates prenatal eQTL and sQTL, while ASD risk showed a trending enrichment in sQTL.

1.6 Use of functional genomics to interpret genetic findings for neuropsychiatric
disorders
It has to be noted that the most significant SNP at each GWAS risk locus (the ‘index SNP’) is
not necessarily the causal variant. Due to linkage disequilibrium (LD), alleles at genetic
variants located in close proximity to each other are often associated within a population.
Further studies are therefore necessary to distinguish the functional SNP from correlated

variants in high LD.

Establishing causality and elucidating the downstream molecular mechanisms of risk SNPs are
the next challenges. Many GWAS causal variants have been proposed to influence disease
risk by altering the function of cell type-specific regulatory elements, with ensuing changes in
target gene expression. This hypothesis is supported by the overlap of risk SNPs with eQTLs
(O’Brien et al. 2018). Moreover, the cell type in which the eQTL effect is observed often

matches cell types already thought to be relevant to the disease in question (Lu et al. 2017).

In this context, variants may disrupt TF binding, promoter activity or enhancer function.
Although there is no single straightforward strategy for functional studies, prioritization of
candidate causal SNPs, using a combination of chromatin state, epigenomic marks and
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computational methods, may represent a first step towards functional dissection of disease-
associated loci. This multi-level approach has been shown to be successful at guiding

downstream investigation (Huo et al. 2019).

1.7. Aims of this thesis

Given that several neuropsychiatric disorders are thought to have a neurodevelopmental
origin (Weinberger 1987; Murray and Lewis 1987) and that gene regulation appears to play a
key role in their aetiology, investigation of regulatory elements in the foetal brain is important

to elucidate the biological basis of these conditions.

The aims of this thesis were:

1. Tomap open chromatin regions in the foetal frontal cortex and to test for enrichment
of SNP heritability for neuropsychiatric disorders within these regions {Chapter 2}

2. To integrate open chromatin data with other epigenomic data from foetal brain to
further explore enrichment of SNP heritability for neuropsychiatric disorders in active
regulatory regions {Chapter 3}

3. To map open chromatin regions in neuronal and non-neuronal cell populations in the
foetal frontal cortex and to test for enrichment of SNP heritability for neuropsychiatric

disorders within these cell population-specific regions {Chapter 4}
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4. Toidentify proxies for top schizophrenia GWAS SNPs within identified open chromatin
regions of the foetal brain that may represent the underlying functional variants

{Chapter 5}
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Chapter 2. Chromatin accessibility in the human foetal brain

2.1 Introduction

The first objective of this chapter was to generate maps of ‘open’ or ‘accessible’ chromatin
regions (OCRs) in the foetal frontal cortex using the assay for transposase accessible
chromatin followed by sequencing (ATAC-Seq). This method provides an effective means of
discovering gene regulatory elements through the identification of transposase-accessible

DNA regions, visualised as open chromatin peaks (J D Buenrostro et al. 2013) (Figure 2.1).

Given that regulatory regions are believed to contain a large proportion of the common
genetic component of complex traits, the second objective was to estimate the contribution

of foetal brain gene regulatory elements to the heritability of psychiatric disorders.

| hypothesised that foetal brain open chromatin regions may be enriched in common genetic
variants for a range of psychiatric disorders. In order to test this hypothesis, | used the
stratified Linkage Disequilibrium Score Regression analysis for partitioning heritability (LDSC),
(Finucane et al. 2015)), a widely used statistical method that exploits summary statistics from
genome wide association studies (GWAS) to estimate the contribution of functional
annotations to single nucleotide polymorphism heritability while accounting for linkage

disequilibrium (LD).

The experimental procedure of ATAC is well-documented in the literature (J D Buenrostro et
al. 2013). However, the efficiency of the transposase reaction may vary between primary

tissues studied, due to factors including differences in membrane permeability and chromatin
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state. To ensure consistent high-quality ATAC data, | therefore optimised the nuclei
preparation and DNA library amplification protocol, as well as the post-sequencing
bioinformatic pipeline.

Initially, snap frozen foetal brain tissue was used for this purpose. However, the resulting data
showed a poor signal-to-noise ratio that compromised the peak calling process. These
preliminary results suggested that the snap freezing method had caused damage to the
chromatin structure. For this reason, fresh foetal brain tissue was acquired and dounce
homogenised, and the derived cell suspensions were cryopreserved for subsequent ATAC-Seq
investigation. The resulting data showed a much-improved signal-to-noise that allowed me

to define high confidence open chromatin peaks.

In this chapter, | will first briefly discuss optimisation of the protocol. | will then describe the
final experimental and bioinformatic methods | used to identify high confidence open
chromatin sites in the human foetal frontal cortex, annotate these regions to the genome and
test for their overlap with publicly available ATAC-Seq adult and foetal data. | will then
illustrate and discuss results from the enrichment testing of single nucleotide polymorphism
(SNP) heritability for 5 major neuropsychiatric disorders (ADHD, autism spectrum disorder

[ASD], bipolar disorder, major depressive disorder and schizophrenia) within those regions.
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2.2 Methods optimisation

2.2.1 ATAC-seq on snap frozen tissue
Two second trimester human foetal brain samples were available, one of 14 weeks, one of 17
weeks post conception. Samples were acquired from the MRC-Wellcome Trust Human
Developmental Biology Resource (HDBR) (http://www.hdbr.org/).
Tissue from 5 different brain regions (frontal cortex, striatum, thalamus, amygdala,

hippocampus) was processed.

The ATAC library preparation was initially performed as follows. Between 20 and 150 mg of
frozen brain tissue were homogenized in Phosphate Buffered Saline (PBS) using an ice-cold
Dounce tissue homogenizer. After centrifugation, the cell pellet was re-suspended in PBS.
Cells were then counted using an haemocytometer under an optical microscope and a total
of 50,000 cells were collected and further centrifuged. The cell pellet was then re- suspended
in cold lysis buffer (10 mM Tris-HCI, pH 7.4, 10 mM NacCl, 3 mM MgCl2, 0.1% IGEPAL cat#CA-
630) and the cell lysate was passed through a 21-gauge needle, before and after a 30 minute

incubation on ice.

The preliminary results obtained from frozen brain tissue showed open chromatin peaks
at the expected genomic regions (Figure 1). However, they showed a considerable
background noise that compromised the peak calling process. To increase the signal-to-noise

ratio, fresh foetal brain samples were obtained and used for the final analysis.
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Figure 1. IGV image showing open chromatin peaks at the promoter region of ZNFS804A.
In green: DNase | Hypersensitivity publicly available (REMC) BAM alignments from 21 weeks
foetal brain, brain region not specified. In blue: ATAC-seq BAM alignments (filtered for
mitochondrial reads and PCR duplicates).

2.2.1 PCR optimisation
gPCR was performed to determine the number of thermal cycles needed for amplification of
the DNA library. A total volume of 20 ul qPCR reaction was set-up (10 ul of 2X NEBNext Q5
Hot Start HiFi Master Mix, cat# M05435; 1 ul 10.000X SYBR green Nucleic acid gel, Invitrogen,
cat#S7563; 0.65 ul of forward primer; 0.65 ul of reverse primer; 2.7 ul of MilliQ water; 5 ul of

purified transposed DNA fragments). 40 thermal cycles were performed.

After amplification, the amplification plot was analysed on a linear graph. To calculate the
number of additional cycles needed, the cycle number that corresponded to one third of the
maximum fluorescent intensity was plotted, as described in figure 2. gPCR and analysis of the
amplification plot showed that an ATAC reaction using 50,000 cells as starting material

required a total of 15 PCR cycles.
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Figure 2.2. qPCR amplification plot. The green line indicates the maximum fluorescence
intensity and the blue line plots the cycle number that corresponds to one third of the
maximum fluorescent intensity.

Amplified library fragment sizes were analysed using Bioanalyzer and High Sensitivity DNA kit
(cat# 5067-4626). To optimise sequencing on lllumina Hi-Seq 4000, that preferentially
sequences amplicons <400 bp long, library fragments were firstly amplified by 8 cycles of PCR,
then amplicons of 175 -250bp were size-selected using agarose gel electrophoresis on
BluePippin 2% gel cassettes (Sage Science) and further amplified through 7 additional PCR

cycles (see figure 3).
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Figure 2.3. Upper image: Bioanalyzer trace of PCR-amplified ATAC-seq library DNA library.
Lower image: Bioanalyzer trace of size-selected (175-250bp) PCR-amplified ATAC-seq
library.

2.2.3 Peak sets optimisation

Table 1 shows the S-LDSR results for 3 different peak sets (peakset 1, peakset 2 and peakset
3) for comparison. Peakset 3, showing the highest proportion of SNPs and the highest
heritability, is the one chosen for final analysis in this chapter.

“Peakset 1” (“merged” peak set) was derived by merging all technical replicates and biological
replicates using Samtools merge and calling the peaks using MACS2 FDR<0.05. Artefact
regions (defined as “Blacklist” regions by ENCODE;

https://www.encodeproject.org/files/ENCFFO01TDO/)  with  excessive  unstructured
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anomalous read mapping (e.g., regions of centromeres, telomeres and satellite repeats) were

excluded. This resulted in 232,477 peaks.

To obtain “Peakset 2” (“consensus” peak set), first, the 2 technical replicate BAM files for each
biological replicate were merged using Samtools to obtain 3 biological replicate BAM files.
Peaks with FDR < 0.01 in each of the 3 biological replicates BAM files were then identified
using MACS2 (Y. Zhang et al. 2008). Peaks observed in at least 2 of the 3 biological replicates
were then identified using DiffBind v2.16.0 (Stark and Brown 2011) and finally “Blacklist”

regions were removed. This produced 125,499 peaks.

“Peakset 3” (“downsampled” peak set) is the final peak set used for the final analysis and
detailed results are described in section 2.4. To obtain Peakset 3, BAM reads from technical
replicates from all 3 biological replicates were down-sampled to the lowest read count of any
replicate (170 million) and merged using Samtools, resulting in a large, single down-sampled
BAM file representing all samples. Peaks (FDR < 0.01) were identified in the down-sampled
BAM file using MACS2 and those that intersected with the FDR < 0.01 peaks observed in at
least 2 of the 3 biological replicates were taken as the high confidence OCRs. Blacklist regions

were excludes. This produced 72,708 peaks.

Enrichment

Trait

Peakset 1

Prop_SNPs

Peakset 2

Peakset 3

Peakset 1

Prop_h2

Peakset 2

Peakset 3

Peakset 1

Peakset 2

Peakset 3

Peakset 1

Enrichment p-value

Peakset 2

Peakset 3

Schizophrenia

ADHD

Bipolar disorder

Autism spectrum disorder
Major depressive disorder
Blood triglyceride levels
Height

1.19€-02
1.19€-02
1.19€-02
1.19€-02
1.19€-02
1.19€-02
1.19€-02

1.00€-02
1.00€-02
1.00€-02
1.00E-02
1.00E-02
1.00E-02
1.00€-02

3.31E-02
3.31E-02
3.31E-02
3.31E-02
3.31E-02
3.31E-02
3.31E-02

9.43€-02
1.61E-01
5.45E-02
7.43E-02
6.44E-02
2.35E-02
1.55€-02

8.60E-02
1.29e-01
5.00E-02
2.70€-02
2.50E-02
4.80E-02
5.60E-03

1.99€-01
1.84€-01
1.53E-01
1.32€-01
1.47€-01
8.23E-02
4.76E-02

7.92E+00
1.35E+01
4.58E+00
6.24E+00
5.41E+00
1.98E+00
1.30E+00

8.25E+00
1.23e+01
4.90E+00
2.61E+00
2.35E+00
4.61E+00
5.40E-01

6.00E+00
5.56E+00
4.61E+00
3.99E+00
4.43E+00
2.48E+00
1.44E+00

4.83E-04
9.40E-03
2.40E-01
4.67E-01
2.84E-01
8.38E-01
8.55E-01

3.50E-04
2.20E-02
2.40E-01
7.60E-01
7.60E-01
4.80E-01
8.70E-01

3.30E-10
7.89E-03
5.16E-03
1.41E-01
8.40E-04
3.99e-01
6.64E-01

Table 2.1. S-LDSR results for 3 different peak sets (see text for how peak sets were obtained)
Peakset 1: “merged”, includes 232,477 peaks. Peakset 2: “consensus” , includes 125,499
peaks. Peakset 3: “downsampled”, included 72,708 peaks.
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2.3 Final method

2.3.1 Samples

Three fresh human fetal brain samples aged 16, 18 and 19 post-conception weeks were
acquired from the MRC- Wellcome Trust Human Developmental Biology Resource (HDBR)
(http://www.hdbr.org/) with ethical approval. Samples were obtained through elective
terminations of pregnancy and were of normal karyotype (2 female and 1 male). The left
frontal cortex from each foetus was dissected and dounce homogenized on ice to produce a
single cell suspension. Prior to nuclei isolation, aliquots of 1 to 10 million cells were stored at
-80°C in cryovials containing 1ml Hibernate-E media (ThermoFisher Scientific) supplemented

with 6% dimethyl sulfoxide (DMSO), in Nalgene® Mr Frosty containers.

2.3.2. Nuclei isolation and Assay for Transposase-Accessible Chromatin

Two technical replicates were processed from each of the 3 bulk frontal cortex samples.
Nuclei were isolated from cryopreserved cell suspensions by first centrifuging cells at 2500
RPM for 5 mins and resuspending them in ice-cold cell lysis buffer (sucrose 0.25M; KCI 25mM,
MgCl2 5mM, Tris-Cl 10mM, dithiothereitol 1mM, 0.1% Triton) for 15 mins. Nuclei were then
pelleted by centrifuging at 3200 RPM for 8 mins and resuspended in storage buffer (sucrose
0.25M, MgCI2 5mM, Tris-Cl 10mM, BSA 0.1%) by gentle pipetting for 10 secs. The nuclei
suspension was then left on ice for 10 mins and passed through a 21G needle 10 times to
thoroughly resuspend nuclei. Nuclei were then visualized under an optical microscope for
quality control and counting. For each technical replicate, 50,000 nuclei were incubated in

the transposition reaction mix (20ul nuclease-free water; 25ul 2X Tagment DNA Buffer,
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[llumina Cat#FC-121-1030; 5ul Tn5 Transposase, lllumina Cat#FC-121-1030) at 37°C for 30

minutes, as described by Buenrostro et al (J D Buenrostro et al. 2013).

2.3.3 PCR amplification, size selection and sequencing of ATAC-Seq libraries

Transposase reactions were initially amplified by 8 cycles of PCR using primers described by
Buenrostro et al (J D Buenrostro et al. 2013) and 2X NEBNext Q5 HotStart HiFi Master Mix
(New England Biolabs, Cat# MO0543). Amplicons of 175 -250bp were size-selected using
agarose gel electrophoresis on BluePippin 2% gel cassettes (Sage Science) and further
amplified through 7 additional PCR cycles. Fragment size analysis and quantification of ATAC-
Seq libraries were performed using an Agilent Technologies 2100 Bioanalyzer and high
sensitivity DNA kit and the Qubit dsDNA HS Assay Kit (ThermoFisher Cat#32854). ATAC-Seq
libraries were sequenced on an lllumina Hi-Seq 4000 to a depth of at least 100 million paired-

end 75bp reads per library.

Temperature Time

Holding stage 98°C 30 seconds
Cycling stage Denaturation 98°C 10 seconds
Annealing 65°C 30 seconds

Elongation 72°C 30 seconds

72°C 5 minutes

Table 2.2. PCR thermal cycles
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2.3.4 ATAC-Seq data analysis

Sequencing quality was confirmed using FastQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc). Reads were aligned to the
GRCh37 (hg19) human genome reference sequence using Bowtie2 v2.2.9 (Langmead et al.
2009) following adapter trimming. This produced a SAM file for each replicate which was then
converted into a coordinate-sorted BAM file of paired-end reads with Samtools v1.5 (Heng Li
et al. 2009). Reads that mapped to more than one locus or were PCR duplicates were
excluded. This yielded >90 million uniquely mapped, non-duplicated paired-end reads per

technical replicate.

High-confidence OCRs were identified as described in section 2.2.3 for peakset 3,

“downsampled”. The bioinformatic pipeline is shown in figure 2.5.

Sample Total_sequences Avg_sequence_length Percent_duplicates Percent_mitochondrial_reads
Biol_rep_1 Tech_rep_1a 170878011 73.11 37.15 3.32
Tech_rep_1b 286575310 71.22 23.61 3.12
Biol_rep_2 Tech_rep_2a 225897756 74.02 37.19 1.18
Tech_rep_2b 230616836 73.51 41.26 1.23
Biol_rep_3 Tech_rep_3a 253595964 74.42 38.52 1.12
Tech_rep_3b 239570038 73.99 33.20 1.34

Table 2.3. Biological and technical replicates metrics
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Figure 2.4. ATAC-Seq workflow. 1. Dounce homogenization and cryopreservation.
Fresh foetal brain frontal cortex tissue is dounce homogenized and the resulting cell
suspensions are cryopreserved. 2. Molecular mechanism of the ATAC reaction. The
enzyme transposase simultaneously fragments and tags DNA in a single step. A PCR
amplification then appends sequencing adapters and sample indexes to each DNA
fragment 3. DNA library sequencing, adapter trimming and demultiplexing. The
sequencer produces output data as FASTQ files. 4. Bioinformatic pipeline. Sequencing
reads are transformed from FASTQ to BED file format using Bowtie2 (Langmead et al.
2009), Samtools (H Li et al. 2009) and MACS2 (Y. Zhang et al. 2008) software. The DNA

fragments, sequenced and aligned to the human genome, pile up forming peaks at
open chromatin sites.
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#i### Bowtie2_Alignment
bowtie2 --met-file .sam.metrics -x male.hg19.fa -1 fastql -2 fastq2 -S sam

#### Samtools_SamToBam
samtools view -b -S sam > bam

##### Samtools_MergeBamFiles
samtools merge merged.bam bam2 bam3

#### Samtools_Sort_MergedBamFiles
samtools sort merged.bam -o sorted.merged.bam

#### Samtools_Index_MergedBamFiles
samtools index sorted.merged.bam sorted.merged.bam.bai

#### Samtools_RemoveDuplicates
samtools rmdup sorted.merged.bam nodup.sorted.merged.bam

#### Samtools_Index_NoDup_MergedBamFiles
samtools index nodup.sorted.merged.bam nodup.sorted.merged.bam.bai

#iH## MACS2_PeakCalling
macs2 callpeak -t nodup.sorted.merged.bam -n NarrowPeaks --bdg --nomodel -g hs -f BAMPE --outdir ./ -q 0.01

Figure 2.5. ATAC-seq pipeline

2.3.5 Overlap between open chromatin regions identified in different tissues

ChlPpeakAnno (L. J. Zhu et al. 2010) was used to determine the numbers of bulk foetal frontal
OCRs overlapping adult frontal cortex OCRs (Hoffman et al. 2019) and OCRs identified in the
germinal zone / cortical plate of the foetal cortex (de la Torre-Ubieta et al. 2018). Consensus
OCRs identified by ATAC-Seq in bulk adult frontal cortex
(CMC_ATACSeq_consensusPeaks.bed) (Hoffman et al. 2019) were downloaded from
https://www.synapse.org/#!Synapse:syn18134202 and converted to GRCh37 coordinates
using https://genome.ucsc.edu/cgi-bin/hgLiftOver. OCRs identified by ATAC-Seq in the
germinal zone / cortical plate of the foetal cortex (de la Torre-Ubieta et al. 2018) were

downloaded from https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE95023.
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2.3.6 Bioinformatic annotation of open chromatin regions

Enrichment of transcription factor binding motifs within high confidence foetal frontal cortex
OCRs was tested using HOMER (http://homer.ucsd.edu/homer/ngs/peakMotifs.html).
Enrichment of biological process Gene Ontology (GO) annotations for genes with
transcription start sites (TSS) closest to OCRs was tested using the comprehensive
GOTERM_BP_FAT category in DAVID Bioinformatics Resources (Huang, Sherman, and
Lempicki 2009). For the large number of OCRs uniquely observed in either foetal or adult
(Hoffman et al. 2019) bulk frontal cortex, the GO analyses were restricted to genes with an
OCR within -100bp and +50bp of their TSS (i.e. the core promoter). Enrichment of previously
identified genome-wide significant (P < 5E-8) eQTL (O’Brien et al. 2018) operating in second
trimester foetal brain within foetal frontal cortex OCRs was tested using GARFIELD (lotchkova
et al. 2019), a method that controls for minor allele frequency, linkage disequilibrium and
local gene density.

2.3.7 Testing enrichment of SNP heritability for neuropsychiatric disorders in open
chromatin regions

Stratified linkage disequilibrium score regression (SLDSC) is a statistical method designed to
estimate the proportion of SNP heritability associated with a trait in the population. It also
makes it possible to partition the genome by functional category and to test whether SNP
heritability associated with a trait is attributable to certain functional categories more than
others. SNP heritability in this context is defined as the proportion of genetic variance in a
trait explained by all SNPs, as opposed to SNPs that reach the genome-wide threshold for

significance. To partition heritability, SLDSR requires a GWAS summary statistics file and an
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annotation file that contains genomic coordinates for the functional partition. SLDSR exploits
the predicted relationship that exists between the association statistics of a set of GWAS
index SNPs and local linkage disequilibrium surrounding each index SNP for a polygenic trait,

i.e. this relationship predicts that, on average, index SNPs with high LD r2 scores are more

2 scores. As such,

likely to tag SNPs with higher association statistics than SNPs with low r
using a linear regression model, SLDSC generates an estimate of the proportion of SNP
heritability that is captured by a given set of index SNPs, including any heritability explained

by non-assayed SNPs within the haplotype block that each index SNP tags, as well as

correcting for systematic biases.

To calculate the GWAS SNP heritability associated within foetal brain open chromatin
sites, an annotation file was generated by using bedtools to intersect the peak file with the
SNPs contained in the 1000 genomes reference panel. This assigns a 1 or 0 to each SNP
depending on whether or not it overlaps an open chromatin region. Next, using the Isdc.py
script and plink files provided (code example is in the appendix), the latter containing
genotype data from 329 European ancestry reference genomes, LD scores for all SNPs with a
minor allele frequency >5% were taken by measuring the correlation between SNPs in 1cM
windows in the plink files. However, only LD scores for SNPs that were located in both the
GWAS summary stats file and the annotation file were retained for the next stage in the
analysis. Next, again using the Isdc.py script, heritability was partitioned by functional

2 association statistics for each GWAS index SNP present in the

category by regressing the y
annotation file against each SNP’s local LD score. This produced a single regression co-

efficient representing the per-SNP heritability for that functional category (note that this

assumes uniform per-SNP heritability for all SNPs in the category). Finally, the total SNP
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heritability for the category (h2) was calculated by multiplying the regression coefficient by
the total number of SNPs in the category and an enrichment score was produced. The
significance of SNP heritability enrichment was tested by generating a further 200 SNP
heritability regression coefficients from random, equally sized, blocks of SNPs. This provided
a normal distribution of regression coefficients and made it possible to calculate a z-score for
the SNP heritability coefficient of the functional annotation of interest relative to the normally
distributed coefficients. This score includes a correction for the baseline model which includes
53 annotations representing intrinsic heritability that is attributable to common genomic
signatures across cell types such as promoters proximal to housekeeping genes, shared
chromatin features and evolutionarily conserved regions (Finucane et al. 2015). As these
annotations are common between cell types, they would inflate the heritability score if not
accounted for in the analysis. Z-scores were transformed and reported as p-values, with

significance taken as p < 0.05.

SLDSC was used to test for enrichment of SNP heritability for neuropsychiatric disorders
within foetal brain OCRs. Peaks were expanded by 500bp on each side prior to SLDSR, as
recommended by Finucane et al (Finucane et al. 2015). Summary statistics from large-scale
GWAS of 5 neuropsychiatric disorders (ADHD (Demontis, Walters, Martin, Mattheisen, Als,
Team, et al. 2019), autism spectrum disorder (Grove et al. 2019), bipolar disorder (Stahl et al.
2019), major depressive disorder (Wray et al. 2018) and schizophrenia (Pardifias et al. 2018)
and two control traits with similar sample sizes (height (Lango Allen et al. 2010) and blood
triglyceride levels (Teslovich et al. 2010b) were tested (Table 2.4). Fold-enrichment estimates
are the proportion of SNP heritability for each trait explained by SNPs within the annotation

divided by the proportion of genome-wide SNPs within the annotation. Each annotation was
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assessed against the baseline model provided by Finucane et al (Finucane et al. 2015)

(consisting of 53 genomic annotations including coding regions, promoters, enhancers and

conserved regions) and resulting Z-scores used to calculate two-tailed P-values. | more

conservatively state the Z-score P-values (rather than raw fold-enrichment P-values) in the

text, highlighting those that survive Bonferroni correction for the 7 tested traits (i.e., P <

0.0071); however, both z-score P values and raw enrichment P-values are also reported in

table 2.5.
Trait
Schizophrenia Source https://walters.psycm.cf.ac.uk
File name clozuk.sumstats
Reference PMID: 29483656
Pardifias, Holmans, Pocklington et al. (2018)
ADHD Source https://www.med.unc.edu/pgc/download-results/
File name adhd_jul2017
Reference PMID: 30478444
Demontis, Walters, Martin et al. (2019)
Bipolar disorder Source https://www.med.unc.edu/pgc/download-results/
File name daner_PGC_BIP32b_mds7a_0416a
Reference PMID: 31043756
Stahl, breen, Fostner et al (2019)
Autism spectrum disorder Source https://ipsych.dk/test/downloads/
File name iPSYCH-PGC_ASD_Nov2017-grove-ripke.sumstats
Reference PMID: 30804558
Grove, Ripke, Als et al. (2019)
Major depressive disorder Source Restricted as includes 23andMe data. See https://www.med.unc.edu/pgc/download-results/
File name wray-ripke-mattheisen-2017-mdd-23me-summaryqc.tsv
Reference PMID: 29700475
Wray, Ripke, Mattheinsen (2018)
Blood triglyceride levels Source https://data.broadinstitute.org/alkesgroup/sumstats_formatted/
File name PASS_Triglycerides
Reference PMID: 20686565
Teslovich, Musunuru, Smith et al. (2010)
Height Source https://data.broadinstitute.org/alkesgroup/sumstats_formatted/
File name PASS_Heightl.sumstats
Reference PMID: 20881960

Allen, Estrada, Lettre et al. (2010)

Table 2.4. Genome-wide association study (GWAS) summary statistics used in this study
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2.4 Results

2.3.1 Open chromatin regions annotation

ATAC-Seq was used to map OCRs in the frontal cortex of 3 human foetuses aged 16, 18 and
19 post-conception weeks. An example of the ATAC-Seq data, aligned to the human genome,
is shown in Figure 2.6. In total, 88,501 high confidence ATAC-Seq peaks were identified. The
genomic distribution of peaks approximated that of OCRs identified in other tissues (Song et
al. 2011), (Bryois et al. 2017), with 28% within 5kb of a TSS and 38% within gene bodies.
Approximately 60% of the OCRs identified in foetal frontal cortex overlapped OCRs observed
in adult frontal cortex (Hoffman et al. 2019) (Figure 2.7); genes with non-overlapping ‘foetal-
specific’ OCRs at their TSS were most significantly enriched for the Gene Ontology term
‘nervous system development’ (1.7-fold enrichment, P = 7E-03), while the larger number of
genes with ‘adult-specific’ OCRs at their TSS were most significantly enriched for the term “cell
surface receptor signalling pathway’ (1.7-fold enrichment, P = 4.4E-12). There was also
substantial overlap with OCRs previously observed in both the germinal zone and cortical
plate of the human foetal brain (de la Torre-Ubieta et al. 2018) (Figure 2.8), although ~33% of
my high-confidence OCRs were not observed in either of these regions. Bulk foetal frontal
cortex OCRs were highly enriched for the CTCF binding motif (11.8-fold enrichment, P = 10E-
5440), with notable enrichment of motifs for neural transcription factors such as Olig2 (2.2-
fold enrichment, P = 10E-1067) and Oct6 (2.1-fold enrichment, P = 10E-449) also observed.
Consistent with roles in gene regulation, foetal frontal cortex OCRs were enriched for
expression quantitative trait loci (eQTLs) identified in the second trimester human foetal brain
(2.1-fold enrichment, P = 3.47E-19).
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Bulk foetal Bulk adult
frontal cortex frontal cortex

46,828

Figure 2.7. Overlap between consensus open chromatin regions (OCRs) identified in bulk
foetal frontal cortex and bulk adult frontal cortex (Hoffman et al, 2019). Consensus OCRs
identified by ATAC-Seq in bulk adult frontal cortex were downloaded from
https://www.synapse.org/#!Synapse:syn18134202 and converted to Hg19 coordinates using
https://genome.ucsc.edu/cgi-bin/hgLiftOver. Numbers of overlapping and unique peaks
were determined using (L. J. Zhu et al. 2010). Note that this calculates the minimal number of
intersected peaks, and therefore the summed number of OCRs will usually be smaller than
the total number of OCRs in each set.

Foetal
cortical plate

Bulk foetal
frontal cortex

Foetal germinal zone

Figure 2.8. Overlap between consensus open chromatin regions (OCRs) identified in
bulk fetal frontal cortex and those identified in cortical plate (CP) and germinal zone (GZ)
of the fetal cortex in the study of de la Torre-Ubieta et al (2018). OCRs identified by ATAC-
Seq in CP and GZ were downloaded from
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE95023. Numbers of overlapping
and unique peaks were determined using ChIPpeakAnno (Zhu et al,2010). Note that this
calculates the minimal number of intersected peaks, and therefore the summed number of
OCRs will usually be smaller than the total number of OCRs in each set.
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2.4.2 Partitioned heritability analysis

Stratified linkage disequilibrium score regression (SLDSR) and partitioned heritability analyses
(Finucane et al. 2015) were used to test for enrichment of single nucleotide polymorphism
(SNP) heritability for 5 major neuropsychiatric disorders (ADHD, autism spectrum disorder
[ASD], bipolar disorder, major depressive disorder and schizophrenia) within bulk foetal
frontal cortex OCRs. A significant enrichment of SNP heritability for schizophrenia (6-fold
enrichment, Z-score P = 3.5 X 10°8) was observed within these regions. Enrichment of variants
associated with the negative controls (triglyceride levels or height) (Table 2.5) was non-
significant (Z-score P > 0.05). The level of enrichment for schizophrenia risk variation was
similar to that reported in adult frontal cortex (Hoffman et al. 2019), with 3.3% of SNPs in

foetal brain OCRs accounting for 19.9% of SNP heritability for the condition.
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Peak set Trait SNPs Enrichment Coefficient
Bulk ATAC peaks

Schizophrenia Proportion of SNPs in annotation 3.314E-02 Enrichment 6.003E+00 Coefficient 2.800E-07
Proportion SNP h2 explained 1.989E-01 Enrichment SE 7.744E-01 Coefficient SE 5.077E-08

Enrichment P 3.299E-10 Coefficient Z-score 5.516E+00

Z-score P (2-tailed) 3.479E-08

ADHD Proportion of SNPs in annotation 3.314E-02 Enrichment 5.562E+00 Coefficient 1.727€-07
Proportion SNP h2 explained 1.843E-01 Enrichment SE 1.726E+00 Coefficient SE 6.607E-08

Enrichment P 7.894E-03 Coefficient Z-score 2.613E+00

Z-score P (2-tailed) 8.970E-03

Bipolar disorder Proportion of SNPs in annotation 3.314E-02 Enrichment 4.607E+00 Coefficient 1.142€E-07
Proportion SNP h2 explained 1.527E-01 Enrichment SE 1.298E+00 Coefficient SE 6.631E-08

Enrichment P 5.158E-03 Coefficient Z-score 1.722E+00

Z-score P (2-tailed) 8.506E-02

Autism spectrum disorder | Proportion of SNPs in annotation 3.314E-02 Enrichment 3.989E+00 Coefficient 7.025E-08
Proportion SNP h2 explained 1.322E-01 Enrichment SE 2.061E+00 Coefficient SE 6.489E-08

Enrichment P 1.414€E-01 Coefficient Z-score 1.083E+00

Z-score P (2-tailed) 2.790E-01

Major depressive disorder | Proportion of SNPs in annotation 3.314E-02 Enrichment 4.425E+00 Coefficient 1.974E-08
Proportion SNP h2 explained 1.466E-01 Enrichment SE 1.007E+00 Coefficient SE 8.773E-09

Enrichment P 8.405E-04 Coefficient Z-score 2.250E+00

Z-score P (2-tailed) 2.445E-02

Blood triglyceride levels Proportion of SNPs in annotation 3.314E-02 Enrichment 2.484E+00 Coefficient -1.742E-08
Proportion SNP h2 explained 8.232E-02 Enrichment SE 1.795E+00 Coefficient SE 3.881E-08

Enrichment P 3.990E-01 Coefficient Z-score -4.488E-01

Z-score P (2-tailed) 6.536E-01

Height Proportion of SNPs in annotation 3.314E-02 Enrichment 1.437E+00 Coefficient -6.152E-08
Proportion SNP h2 explained 4.761E-02 Enrichment SE 1.006E+00 Coefficient SE 3.827E-08
Enrichment P 6.639E-01 Coefficient Z-score -1.608E+00

Z-score P (2-tailed) 1.079E-01

Table 2.5. Partitioned heritability results for open chromatin peaks in bulk tissue
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2.5 Discussion

| applied ATAC-Seq to generate maps of regulatory genomic regions in second trimester foetal
frontal cortex. Integration of these regulatory maps with summary statistics from large-scale

GWAS showed enrichment of SNP heritability for schizophrenia.

The data presented in this chapter represents a substantial contribution to the growing online
catalogue of tissue-specific functional annotations. A previous ATAC-Seq study by De la Torre-
Ubieta and colleagues (de la Torre-Ubieta et al. 2018), mapped genomic regions of open
chromatin in the germinal zone and cortical plate of the foetal cerebral cortex, reporting
significant enrichment of genetic variation associated with ADHD, depressive symptoms,
neuroticism and schizophrenia within sites defined as preferentially accessible in the germinal
zone. The data presented in this chapter confirms enrichment of SNP heritability for
schizophrenia within OCRs of the human frontal cortex during the second trimester of

gestation.

Although open chromatin is necessary to promote gene expression, it is not in itself sufficient,
requiring the binding of transcription factors and other regulatory molecules. In addition, the
regulatory potential of these sites is modulated by histone modifications such as histone
methylation and acetylation. In the following chapter {Chapter 3}, | integrate the high
confidence OCRs | identified in the foetal frontal cortex with sites of histone modification
previously identified in the human foetal brain (Consortium{ et al. 2015) in order to further

assess the relevance of gene regulation in brain development to neuropsychiatric disorders
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Chapter 3: Integration of foetal chromatin accessibility data with epigenomic data from
foetal brain

3.1 Introduction

In the previous chapter, | generated open chromatin maps, indicative of active regulatory
regions, in the second trimester foetal frontal cortex. Enrichment testing of SNP heritability
within these regions suggested that they may play a role in the pathogenesis of schizophrenia.
These chromatin accessible sites, however, located either near the transcription start site of
genes or within intergenic or intronic genomic sites, were likely to encompass the whole
range of regulatory elements (i.e. promoters, enhancers, silencers and insulators), that are

known to play different roles in the transcriptional regulation of gene expression.

The first objective of chapter 3 was, therefore, to further define the foetal frontal cortex
regulatory sites presented in chapter 2, by integrating my data with publicly available
epigenomic annotations from the same tissue. For this purpose, | used foetal brain histone
modification maps of H3K4me3 and H3K4mel, indicative of promoters and enhancers
respectively, previously produced by the Roadmap Epigenomic Consortium (Roadmap

Epigenomics Consortium et al. 2015).

As described in chapter 1, histone modifications have been widely used to functionally
annotate the genome and to predict the nature and activation status of the regulatory
elements that they are proximal to (Kouzarides 2007; Tessarz and Kouzarides 2014). The data
produced with the method used to detect histone modifications (ChIP-Seq), is similar to the

open chromatin data produced by the ATAC-Seq assay: sequencing reads aligned with the
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reference genome pile up and can be visualised as peaks, that indicate the genomic loci
associated with a particular histone modification. Integration of whole genome accessible
chromatin and histone modification maps is therefore possible by detecting overlapping

peaks between the two epigenomic annotations.

The second objective of this chapter was to explore the contribution of the identified foetal
brain promoter and enhancer regions to the heritability of neuropsychiatric disorders. |
hypothesised that restricting the enrichment analysis to active or poised promoters and
enhancers would result in higher heritability enrichments. In order to test this hypothesis, |
used the same method used in chapter 2, the Stratified Linkage Disequilibrium Score
Regression analysis for partitioning heritability (LDSC) (Finucane et al. 2015), and summary
statistics from the same 5 neuropsychiatric conditions: ADHD, autism spectrum disorder

[ASD], bipolar disorder, major depressive disorder and schizophrenia.

In this chapter, | will describe the bioinformatic methods | used to integrate open chromatin
foetal frontal cortex data with publicly available foetal brain histone modification data,
indicative of active or poised promoters and enhancers (H3K4me3 and H3K4mel
respectively). | will then illustrate and discuss results from the enrichment testing of SNP
heritability for the same neuropsychiatric disorders tested in chapter 1, within those

promoter and enhancer regions.
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3.2 Methods

3.2.1 Intersection with histone modification datasets from human foetal brain

Genomic regions marked by H3K4Me1 or H3K4Me3 in a human foetal brain sample of similar
gestational age to those used in this study (sample E082; female, 17 post-conception weeks)
were downloaded as BED files from the Roadmap epigenomics project

(https://egg2.wustl.edu/roadmap/data/byFileType/peaks/consolidated/narrowPeak/)

(Roadmap Epigenomics Consortium et al. 2015).

BEDTools (Quinlan and Hall 2010) v2.26.0 intersect

(https://bedtools.readthedocs.io/en/latest/content/tools/intersect.html) was wused to

identify H3K4Me1 and H3K4Me3 sites overlapping open chromatin regions that | identified in
nuclei from the foetal frontal cortex (Figure 3.1). Overlapping peaks were then merged using

BEDTools merge (https://bedtools.readthedocs.io/en/latest/content/tools/merge.html), to

combine overlapping or book-ended peaks into a single peak (Figure 3.2). Prior to being

merged, the peak sets were sorted by chromosome and then by start position.

Bedtools intersect compares two or more BED files and identifies all the regions in the
genome where the features in the two files overlap (that is, share at least one base pair in
common).

Code examples provided in te appendix.
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Figure 3.1. Adapted from
https://bedtools.readthedocs.io/en/latest/content/tools/intersect.html. BEDTools Intersect
was used to identify overlapping peaks between foetal brain H3K4Mel and H3K4Me3 sites
and open chromatin regions. The -wa option was used, to write the original entry in A for

each overlap.
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BEDTools merge

Figure 3.2. Adapted from
https://bedtools.readthedocs.io/en/latest/content/tools/merge.html. Bedtools merge was
used to combine overlapping and book-ended peaks into a single peak.

3.2.2 Testing enrichment of SNP heritability for neuropsychiatric disorders in open
chromatin regions
| used stratified LD score regression (LDSC) (Finucane et al. 2015) to test for enrichment of
SNP heritability for neuropsychiatric disorders within H3K4Me1l and H3K4Me3 sites alone as
well as within open chromatin regions overlapping these sites. LDSC was performed using the

protocols described in section 2.2.7.
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Peaks were expanded by 500bp on each side prior to SLDSR, as recommended by Finucane et
al (Finucane et al. 2015) and BEDTools merge was used to combine overlapping and book-

ended features (Figure 3.2).

Summary statistics from large-scale GWAS of 5 neuropsychiatric disorders (ADHD (Demontis,
Walters, Martin, Mattheisen, Als, Team, et al. 2019), autism spectrum disorder (Grove et al.
2019), bipolar disorder (Stahl et al. 2019), major depressive disorder (Wray et al. 2018) and
schizophrenia (Pardifias et al. 2018)) and two control traits with similar sample sizes (height
(Allen et al. 2010) and blood triglyceride levels (Teslovich et al. 2010a)) were tested (See
chapter 1, table 1). Fold-enrichment estimates are the proportion of SNP heritability for each
trait explained by SNPs within the annotation divided by the proportion of genome-wide SNPs
within the annotation. Each annotation was assessed against the baseline model provided by
Finucane et al (Finucane et al. 2015) (consisting of 53 genomic annotations including coding
regions, promoters, enhancers and conserved regions) and resulting Z-scores used to
calculate two-tailed P-values. | more conservatively state the Z-score P-values (rather than
raw fold-enrichment P-values) in the text and figures, highlighting those that survive
Bonferroni correction for the 7 tested traits (i.e., P < 0.0071); however, both z-score P values

and raw enrichment P-values are also reported in table 3.1.

3.3 Results

3.3.1 Intersection with histone modification datasets from human foetal brain

A total of 95,699 and 26,609 ChIP-Seq peaks markers of H3K4Me1 and H3K4Me3 respectively

were downloaded from the Roadmap epigenomics project. The intersection and merge of
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these peaks with 88,501 high confidence foetal frontal cortex ATAC-Seq peaks resulted in

36,850 and 22,833 genomic sites respectively.

3.3.2 Testing enrichment of SNP heritability for neuropsychiatric disorders in open

chromatin regions overlapping H3K4Mel and H3K4Me3 sites

| tested for enrichment of single nucleotide polymorphism (SNP) heritability for ADHD
(Demontis, Walters, Martin, Mattheisen, Als, Team, et al. 2019), autism spectrum disorder
[ASD], bipolar disorder (Stahl et al. 2019), major depressive disorder (Wray et al. 2018) and
schizophrenia (Pardifias et al. 2018) within H3K4Mel and H3K4Me3 sites alone as well as
within their overlap with foetal brain open chromatin regions using SLDSR (Finucane et al.
2015), controlling for general genomic annotations (e.g. coding regions, promoters,
enhancers and conserved regions) included in the baseline model (Finucane et al. 2015) to

obtain Z-score P-values.

Enrichment of SNP heritability for neuropsychiatric disorders within H3K4Mel sites
overlapping foetal brain open chromatin regions is shown in Figure 3.3. | observed strong
enrichment of SNP heritability for all 5 tested neuropsychiatric disorders within H3K4Me1l
sites overlapping foetal brain open chromatin regions (10.53-fold enrichment, Z-score P
=1.2E-12 for schizophrenia, 11.7-fold enrichment, Z-score P = 1.20E-05 for ADHD, 10.51-fold
enrichment, Z-score P = 1.2E-04 for bipolar disorder, 10.44-fold enrichment, Z-score P = 6.3E-
03 for autism spectrum disorders, 8.7-fold enrichment, Z-score P = 1.1E-05 for major

depressive disorder).

67



Enrichment of SNP heritability for neuropsychiatric disorders within H3K4Me3 sites
overlapping foetal brain open chromatin regions is shown in Figure 3.4. SNP heritability for all
5 tested neuropsychiatric disorders was also significantly enriched within these sites, with
estimates of enrichment for each condition even higher than for foetal frontal cortex open
chromatin regions overlapping H3K4Me1l sites (14.08-fold enrichment, Z-score P = 10E-12 for
schizophrenia, 15.65-fold enrichment, Z-score P = 2.1E-06 for ADHD, 14.71-fold enrichment,
Z-score P = 7.4E-05 for bipolar disorder, 16.33-fold enrichment, Z-score P = 9E-05 for autism

spectrum disorders, 9.35-fold enrichment, Z-score P = 6.3E-04 for major depressive disorder).

There was little evidence for an enrichment of variants associated with the control trait of
triglyceride levels (4.29-fold enrichment, Z-score P = 8.7E-01 for H3K4me1 sites overlapping
foetal brain open chromatin regions and 6.42-fold enrichment, Z-score P = 1 for H3K4me3
sites overlapping foetal brain open chromatin regions) when baseline annotations were

considered.
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Figure 3.3. Taken from Kouakou et al., under review. Created by Darren Cameron. Partitioned
heritability for 5 neuropsychiatric disorders and 2 control traits within open chromatin
regions identified in bulk foetal frontal cortex overlapping foetal brain H3K4Mel sites. a)
Fold-enrichment estimates of SNP heritability for each trait (the proportion of SNP heritability
explained by SNPs within the annotation divided by the proportion of genome-wide SNPs
within the annotation). Error bars represent standard error. The solid blue horizontal line
indicates no enrichment. b) -Logio Z-score P-values for enrichment of SNP heritability,
controlling for general genomic annotations included in the baseline model of Finucane and
colleagues (Finucane et al. 2015). The solid red horizontal line indicates the Z-score P-value
0.05 threshold; the dashed red horizontal line indicates the threshold for Z-score P-values
surviving Bonferroni correction for 7 tested traits. SCZ = schizophrenia; ADHD = attention
deficit hyperactivity disorder; BPD = bipolar disorder; MDD = major depressive disorder; ASD
= autism spectrum disorder; BLD TG = blood triglyceride levels; HGHT = height.
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Figure 3.4. Taken from Kouakou et al., under review. Created by Darren Cameron. Partitioned
heritability for 5 neuropsychiatric disorders and 2 control traits within open chromatin
regions identified in bulk foetal frontal cortex overlapping foetal brain H3K4Me3 sites. a)
Fold-enrichment estimates of SNP heritability for each trait (the proportion of SNP heritability
explained by SNPs within the annotation divided by the proportion of genome-wide SNPs
within the annotation). Error bars represent standard error. The solid blue horizontal line
indicates no enrichment. b) -Logio Z-score P-values for enrichment of SNP heritability,
controlling for general genomic annotations included in the baseline model of Finucane and
colleagues (Finucane et al. 2015). The solid red horizontal line indicates the Z-score P-value
0.05 threshold; the dashed red horizontal line indicates the threshold for Z-score P-values
surviving Bonferroni correction for 7 tested traits. SCZ = schizophrenia; ADHD = attention
deficit hyperactivity disorder; BPD = bipolar disorder; MDD = major depressive disorder; ASD
= autism spectrum disorder; BLD TG = blood triglyceride levels; HGHT = height.
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Figure 3.5. Taken from Kouakou et al., under review. Enrichment of SNP heritability for 5
neuropsychiatric disorders within open chromatin regions identified in bulk foetal frontal
cortex (ATAC), within previously identified sites of histone modification in the human foetal
brain (H3K4mel and H3K4me3) (Roadmap Epigenomics Consortium et al. 2015) and within
bulk foetal frontal cortex open chromatin regions overlapping each histone modification
(ATAC_ H3K4mel and ATAC_ H3K4me3). Fold-enrichment estimates of SNP heritability for
each trait is the proportion of SNP heritability explained by SNPs within the annotation
divided by the proportion of genome-wide SNPs within the annotation. Error bars represent
standard error. SCZ = schizophrenia; ADHD = attention deficit hyperactivity disorder; BPD =
bipolar disorder; MDD = major depressive disorder; ASD = autism spectrum disorder.
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Peak set Trait SNPs Enrichment Coefficient
Bulk ATAC peaks
intersecting foetal brain
H3K4mel sites

Schizophrenia Proportion of SNPs in annotation 1.698E-02 Enrichment 1.053E+01 Coefficient 5.738E-07

Proportion SNP h2 explained 1.788E-01 Enrichment SE 1.200E+00 Coefficient SE 8.185E-08

Enrichment P 1.001E-13 Coefficient Z-score 7.011E+00

Z-score P (2-tailed) 1.200E-12

ADHD Proportion of SNPs in annotation 1.698E-02 Enrichment 1.169E+01 Coefficient 4.208E-07

Proportion SNP h2 explained 1.986E-01 Enrichment SE 2.484E+00 Coefficient SE 9.609E-08

Enrichment P 1.804E-05 Coefficient Z-score 4.379E+00

Z-score P (2-tailed) 1.190E-05

Bipolar disorder Proportion of SNPs in annotation 1.698E-02 Enrichment 1.051E+01 Coefficient 3.869E-07

Proportion SNP h2 explained 1.786E-01 Enrichment SE 1.945E+00 Coefficient SE 1.003E-07

Enrichment P 1.418E-06 Coefficient Z-score 3.856E+00

Z-score P (2-tailed) 1.151E-04

Autism spectrum disorder Proportion of SNPs in annotation 1.698E-02 Enrichment 1.044E+01 Coefficient 2.669E-07

Proportion SNP h2 explained 1.774E-01 Enrichment SE 3.160E+00 Coefficient SE 9.758E-08

Enrichment P 2.623E-03 Coefficient Z-score 2.735E+00

Z-score P (2-tailed) 6.240E-03

Major depressive disorder Proportion of SNPs in annotation 1.698E-02 Enrichment 8.700E+00 Coefficient 5.209E-08

Proportion SNP h2 explained 1.478E-01 Enrichment SE 1.335E+00 Coefficient SE 1.182E-08

Enrichment P 4.115E-08 Coefficient Z-score 4.405E+00

Z-score P (2-tailed) 1.060E-05

Blood triglyceride levels Proportion of SNPs in annotation 1.698E-02 Enrichment 4.292E+00 Coefficient -9.984E-09

Proportion SNP h2 explained 7.289E-02 Enrichment SE 2.836E+00 Coefficient SE 6.184E-08

Enrichment P 2.365E-01 Coefficient Z-score -1.614E-01

Z-score P (2-tailed) 8.717E-01

Height Proportion of SNPs in annotation 1.698E-02 Enrichment 2.567E+00 Coefficient -6.975E-08

Proportion SNP h2 explained 4.361E-02 Enrichment SE 1.566E+00 Coefficient SE 5.790E-08
Enrichment P 3.171E-01 Coefficient Z-score -1.205E+00

Z-score P (2-tailed) 2.283E-01

Bulk ATAC peaks
intersecting foetal brain
H3K4me3 sites

Schizophrenia Proportion of SNPs in annotation 1.112E-02 Enrichment 1.409E+01 Coefficient 8.910E-07

Proportion SNP h2 explained 1.566E-01 Enrichment SE 1.633E+00 Coefficient SE 1.203E-07

Enrichment P 7.893E-14 Coefficient Z-score 7.406E+00

Z-score P (2-tailed) 1.000E-13

ADHD Proportion of SNPs in annotation 1.112E-02 Enrichment 1.564E+01 Coefficient 6.829E-07

Proportion SNP h2 explained 1.739E-01 Enrichment SE 3.336E+00 Coefficient SE 1.440€-07

Enrichment P 1.175E-05 Coefficient Z-score 4.741E+00

Z-score P (2-tailed) 2.100E-06

Bipolar disorder Proportion of SNPs in annotation 1.112E-02 Enrichment 1.471E+01 Coefficient 6.130E-07

Proportion SNP h2 explained 1.635E-01 Enrichment SE 2.709E+00 Coefficient SE 1.547E-07

Enrichment P 9.284E-07 Coefficient Z-score 3.962E+00

Z-score P (2-tailed) 0.0000742

Autism spectrum disorder Proportion of SNPs in annotation 1.112E-02 Enrichment 1.633E+01 Coefficient 5.198E-07

Proportion SNP h2 explained 1.815E-01 Enrichment SE 3.923E+00 Coefficient SE 1.327E-07

Enrichment P 1.491E-04 Coefficient Z-score 3.917E+00

Z-score P (2-tailed) 8.970E-05

Major depressive disorder Proportion of SNPs in annotation 1.112E-02 Enrichment 9.346E+00 Coefficient 6.228E-08

Proportion SNP h2 explained 1.039E-01 Enrichment SE 1.925E+00 Coefficient SE 1.821E-08

Enrichment P 2.597€-05 Coefficient Z-score 3.421E+00

Z-score P (2-tailed) 6.249E-04

Blood triglyceride levels Proportion of SNPs in annotation 1.112E-02 Enrichment 6.422E+00 Coefficient 1.713E-09

Proportion SNP h2 explained 7.139E-02 Enrichment SE 4.141E+00 Coefficient SE 1.017E-07

Enrichment P 1.885E-01 Coefficient Z-score 1.684E-02

Z-score P (2-tailed) 9.866E-01

Height Proportion of SNPs in annotation 1.112E-02 Enrichment 5.921E+00 Coefficient 7.557E-09

Proportion SNP h2 explained 6.582E-02 Enrichment SE 2.148E+00 Coefficient SE 8.415E-08

Enrichment P 2.395E-02 Coefficient Z-score 8.980E-02

Z-score P (2-tailed) 9.284E-01

Table 3.1: Partitioned heritability results for high confidence open chromatin regions in bulk foetal frontal cortex
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| generated maps of foetal brain promoters and enhancers by integrating the second
trimester regulatory regions presented in the previous chapter with foetal brain H3K4me3
and H3K4mel sites (histone modifications indicative of poised or active enhancers and
promoters, respectively), downloaded from the RoadMap Epigenomics Mapping Consortium

(Consortium{ et al. 2015).

Although restricting my bulk ATAC-Seq peaks to those overlapping either foetal brain
H3K4mel or H3K4me3 sites (Roadmap Epigenomics Consortium et al. 2015) resulted in a
fewer number of peaks (encompassing 1.1% and 1.7% of SNPs for ATAC-Seq regions
overlapping H3K4me3 and H3K4mel respectively), | observed strong enrichment of SNP
heritability for all 5 tested neuropsychiatric disorders (but not for the two control traits), with
Z-score P-values surviving Bonferroni correction in each case (Figure 3.4; Table 3.1). With the
exception of enrichment of SNP heritability for major depressive disorder in H3K4Me3 sites,
these enrichments were consistently greater than when based on foetal brain ATAC-Seq,
H3K4Mel or H3K4Me3 peaks alone (Figure 3.5), highlighting the value of additional
epigenomic annotations to define regulatory regions of the genome. The amount of SNP
heritability explained by these combined annotations (10-20%) was similar to that accounted
for by foetal frontal cortex open chromatin regions alone, suggesting that the majority of

relevant open chromatin regions are marked by these two histone modifications.

By integrating foetal brain open chromatin maps with other epigenomic data from the human

foetal brain (Roadmap Epigenomics Consortium et al. 2015) and summary statistics from

recent large-scale GWAS (Wray et al. 2018; Pardinas et al. 2018; Grove et al. 2019; Stahl et al.
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2019; Demontis, Walters, Martin, Mattheisen, Als, Team, et al. 2019), | provide evidence for

an early neurodevelopmental component to a range of neuropsychiatric conditions.

Although bipolar disorder is not generally considered to be neurodevelopmental in origin, the
present data, showing SNP heritability of bipolar disorder to be enriched within foetal brain
OCRs at a similar level to that of schizophrenia and ADHD, are consistent with our previous
finding of an enrichment of foetal brain eQTL within common genetic risk variants for the
condition (O’Brien et al. 2018) and with recent evidence for altered expression of
neurodevelopmental genes in iPSC-derived cerebral organoids generated from patients with
bipolar disorder (Kathuria et al. 2020). Emerging evidence suggests that some of the common
genetic influences on risk for major depressive disorder also operate in utero (Wray et al.
2018) (Hall et al. 2020), although we note that, in the present study, the enrichment of SNP
heritability for the condition in foetal brain OCRs was consistently lower than that for bipolar
disorder and schizophrenia. While rare genetic risk variants for ASD are known to disrupt
genes functioning in the prenatal brain (Willsey et al. 2013; Parikshak et al. 2013; Satterstrom
et al. 2020), only recently have ASD GWAS yielded sufficient signal for biological insights into

the condition (Grove et al. 2019; Forsyth et al. 2020; Hall et al. 2020).

My findings are consistent with results from a recent study (Schork et al. 2019)- that reported
enrichment of SNP heritability for a broad neuropsychiatric phenotype encompassing ADHD,
affective disorder, anorexia, ASD, bipolar disorder and schizophrenia within H3K4me1 and
H3K4me3 sites identified by the RoadMap Epigenomics Mapping Consortium (Roadmap
Epigenomics Consortium et al. 2015) in bulk human foetal brain tissue. However, it should be

noted that the regulatory signal captured by the data presented here derives from a mixture
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of different cell types, including progenitors, nascent neurons and non-neuronal cells.
Investigation of cell type-specific OCRs is still needed to further disentangle the foetal brain

regulatory signal relevant to neuropsychiatric disorders (see chapter 4).

75



Chapter 4: Chromatin accessibility in neuronal vs non-neuronal cell populations from
foetal frontal cortex

4.1 Introduction

In the previous chapters, | provided evidence for an early neurodevelopmental component to
a range of neuropsychiatric conditions, by integrating foetal brain open chromatin maps with
other epigenomic data from the human foetal brain(Spiers et al. 2015) and summary statistics
from recent large-scale GWAS (Grove et al. 2019; Demontis, Walters, Martin, Mattheisen, Als,

Neale, et al. 2019) (Stahl et al. 2019) (Pardifias et al. 2018) (Wray et al. 2018).

The data presented so far, however, were derived from homogenate brain tissue, containing
a mixture of markedly different cell types, including progenitors, nascent neurons and non-
neuronal cells. As gene regulatory processes such as chromatin accessibility, transcription
factor expression and posttranslational modifications can be cell-type specific, the study of
mixed cell populations can fail to detect the cell-type-specific regulatory signal that is

essential for the maintenance of cell identity and function.

In the attempt to disentangle the human foetal brain regulatory signal, De la Torre-Ubieta
and colleagues (de la Torre-Ubieta et al. 2018) produced ATAC-Seq data from two foetal brain
areas, the germinal zone and the cortical plate, and performed enrichment analysis of SNP
heritability for psychiatric disorders within those regions. Although the cortical areas analysed
mostly contained neural progenitors and more mature neurons respectively, they
nonetheless included mixed cell types. Therefore, the heritability enrichment analyses

performed did not determine how specific cell types contributed to the risk burden.
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Given that there is a current lack of functional genomic data derived from cells of the
human foetal brain, the first objective of the work described in this chapter was to map cell-
type specific gene regulatory sites in the developing human brain. To do this, | extracted
neuronal and non-neuronal nuclei from the same cryopreserved foetal brain samples used in
chapter 2, by means of fluorescence activated nuclei sorting (FANS) using the neuronal nuclei
surface antigen NeuN. | then mapped regions of open chromatin in extracted nuclei using
ATAC-Seq and integrated these data with the same histone modification data used in chapter

3, to identify promoters and enhancers.

The second objective of this chapter was to explore the contribution of neuronal and non-
neuronal cell population to the heritability of psychiatric disorders. | hypothesised that both
mature neurons as well as progenitor cells mediate some of the genetic risk for psychiatric
disorders. In order to test this hypothesis, | used Stratified LD score regression (SLDSR) to test
NeuN+ and NeuN- open chromatin regions for enrichment of risk SNPs from the same panel

of brain disorder GWAS used in the previous chapters.

In the next section, | will illustrate the optimization carried out to ensure specificity of the
NeuN antibody and then | will move on to describing the FANS experiments that allowed
sorting of NeuN+ and NeuN- from the same bulk foetal brain samples used in chapter 2. | will
then illustrate the bioinformatic methods used to identify high confidence open chromatin
sites in neuronal and non-neuronal nuclei, annotate them to the genome and restrict those
regions to those overlapping histone modifications indicative of promoters and enhancers. |
will finally describe and discuss results from the SLDSR analysis within NeuN+ and NeuN- open

chromatin regions.
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4.2 Methods

4.2.1 FANS optimization

Fluorescence activated cell sorting (FACS) is a flow cytometry method that allows the
separation of individual cell populations from a heterogenous mixture of cells based on
cellular light scatter and fluorescence characteristics. During this process, mixed cells passing
through the sorter are hydrodynamically focussed to shuttle past a laser beam in a steady
stream, one cell at a time. As cells are moved through the sorter’s interrogation point, light
from the laser is transmitted onto each cell and the scattering patterns of the deflected
photons are used to measure the size and structural complexity of the cells (Cossarizza et al.
2019). Cells can be further distinguished based on fluorescence characteristics. To facilitate
this, antibodies that recognise a target feature on the outer membrane of a cell of interest
are pre-labelled with fluorescent compounds called fluorophores, and then incubated with
the mixed cell population. As the antibody should only bind to the cell of interest, when mixed
cells pass the laser, electrons in the fluorophore are excited into higher orbitals by high energy
photons in the laser light. Given that electrons in high orbitals are unstable, the electron
quickly returns to its ground state and emits lower energy light, or fluoresces, as it does so.
The light that the fluorophore emits can be used to distinguish fluorescently labelled cells

from non-labelled cells.

For this project, an antibody targeting a nuclear antigen, rather than a cell surface antigen,
was used. The anti-neuronal nuclei (NeuN) antibody had been previously used in the
literature to isolate neuronal nuclei in the adult brain. However, it has never been used in

the human foetal brain. The choice of an antibody targeting neuronal nuclei was based on the
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hypothesis that neuronal cells play a pivotal role in the aetiology of several psychiatric
disorders (Bryois et al. 2019).

Studies of the neural tissue proteome and immunocytochemical studies of nervous system
organs have established that neurons contain a number of specific proteins, whose
appearance in postmitotic cells is indicative of their neuronal differentiation. Some of these
proteins are characteristic of only a number of specific neuronal types. Other specific proteins
are present in the vast majority of neurons. One of them is the neuronal nuclear protein
NeuN, which is often used as a marker of postmitotic neurons due to some of its properties
(primarily nuclear localization) (Korzhevskii et al. 2009) . Monoclonal antibodies to the NeuN
protein have been largely used in immunohistochemical studies of neuronal differentiation
to assess the functional state of neurons. It is believed that NeuN emerges during early
embryogenesis in postmitotic neuroblasts and remains in differentiating and terminally
differentiated neurons throughout the whole subsequent ontogeny (Gusel’nikova and

Korzhevskiy 2015).

In order to minimise unspecific staining, specificity of the anti-neuronal nuclei (NeuN)
antibody was tested using cortical interneuron nuclei as a positive control and human white
blood cells (WBCs) nuclei as a negative control. Mature (culture day 60) human pluripotent
stem-cell-derived cortical interneurons from the H7 human cell line were provided by
Prof Meng Li’s lab. Interneurons were harvested using Accutase® enzyme, re-suspended in
Dulbecco’s modified Eagles’s Medium (DMEM) and stored at -80 °C in a Mr. Frosty™ Freezing
Container (ThermoFisher Scientific) with DMSO for cryopreservation. Human WBCs were
isolated by incubating 10ml whole blood tissue mixed with 30ml cold lysis buffer (4g NH4Cl,

0.5g KCl, 0.1ml 0.5M EDTA) for 15 minutes on ice. Following centrifugation, the supernatant
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was removed, the cell pellet re-suspended in lysis buffer and further centrifuged. The
resulting WBCs pellet was re-suspended in DMEM and cryopreserved using the same

procedure as used for interneurons.

As illustrated in figure 4.1, at a final dilution of 1:2000, the Alexa Fluor 488 conjugated

monoclonal antibody caused minimal non-specific staining of WBCs nuclei and substantial

staining of neuronal nuclei.
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Figure 4.1. FANS optimization. A: NeuN-stained white blood nuclei. B: cortical interneurons.
Y-axis is NeuN fluorescence. X-axis is DAPI fluorescence. Gates of NeuN fluorescence were
divided in high, intermediate and unstained (low). WBC show intermediate fluorescence (due
to non-specific staining), while the majority of cortical interneurons show high NeuN
fluorescence.

4.2.2 FANS on foetal brain nuclei

The same 3 cryopreserved frontal cortex cell suspensions samples used in chapter 2 were
used for FANS analysis and foetal brain nuclei were isolated as described in chapter 2. To

block non-specific antibody binding, the resulting nuclei pellet was resuspended in buffer

80



containing sucrose 0.25 M, MgCIl2 5mM, Tris-Cl 10mM and BSA 1%, and incubated for 30
minutes on ice. Nuclei were visualized under an optical microscope for quality control and
counting. The samples were then centrifuged at 400g for 8 mins and the nuclei pellet re-

suspended in FANS buffer (0.5% BSA in DPBS).

Before immunostaining, 100ul of the sample was transferred to a new tube and used as
unstained control in the FANS analysis. The remaining sample was incubated with mouse anti-
neuronal nuclei (NeuN) Alexa Fluor 488 conjugated monoclonal antibody (MerkMillipore Cat#
MAB377X), at a 1:2000 dilution, and rotated at 4°C in the dark for 60 mins. After
immunostaining, samples were washed 3 times in FANS buffer (400g for 5 min) to remove
excess antibody. DAPI was then added to a final concentration of 1ug/ml and the nuclei
suspension was filtered through a 35um cell strainer to remove nuclei clumps and prevent
clogging of the cytometer. DAPI positive neuronal (NeuN+) and non-neuronal (NeuN-) nuclei
were sorted into tubes pre-coated with 5% BSA using a FACSAria flow cytometer (BD
Biosciences) equipped with a 100um nozzle. For both flow analysis and FANS, exclusion of
debris using forward and side scatter pulse area parameters (FSC-A and SSC-A) were gated
first, followed by exclusion of aggregates using pulse width (FSC-W and SSC-A) and DAPI-

positive nuclei before gating populations based on NeuN fluorescence (Figure 4.2).
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Figure 4.2. Isolation of NeuN+ and NeuN- nuclei using fluorescence-activated nuclei sorting
(FANS). First, debris was excluded using forward and side scatter pulse area parameters (FSC-
A and SSC-A) (A). This was followed by exclusion of nuclei aggregates using pulse width (FSC-
W and SSC-A) (B) and isolation of DAPI-positive nuclei (C), before gating populations based on
NeuN fluorescence (D).

4.2.3 Assay for Transposase-Accessible Chromatin and sequencing data analysis

Sorted NeuN+ and NeuN- nuclei were incubated in transposition reaction mix and PCR
amplified as for bulk tissue (see chapter 2). Sufficient nuclei were recovered to perform two
technical replicates for 2 of the 3 frontal cortex samples and 1 technical replicate for the
other, resulting in 5 separate transposase reactions for NeuN+ nuclei (mean number of nuclei
per reaction = 41,216) and 5 separate transposase reactions for NeuN- nuclei (mean number
of nuclei per reaction = 44,066). Transposase reactions, PCR amplification, size selection and
sequencing of ATAC-Seq libraries from neuronal and non-neuronal nuclei were performed

exactly as described in chapter 2.
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To identify high confidence NeuN+ and NeuN- open chromatin regions, | identified subsets of
high confidence bulk open chromatin sites (produced in chapter 2) that could be
conservatively attributed to NeuN+ and / or NeuN- fractions. In order to do this, | selected
those open chromatin sites overlapping the (FDR < 0.01) peaks observed in at least 2 of the 3

biological replicates samples for each sorted nuclei population.

4.2.4 Bioinformatic annotation of open chromatin regions

Enrichment of biological process Gene Ontology (GO) annotations for genes with foetal
frontal cortex OCRs within 30kb upstream and 100bp downstream of their TSS was tested
using g:Profiler (Raudvere et al. 2019), correcting for multiple testing using the default g:SCS

algorithm. g:Profiler is an online tool (https://biit.cs.ut.ee/gprofiler/) that performs

functional enrichment analysis on gene lists, by mapping genes to known functional
information datasets and detecting statistically significant enriched terms. g:Profiler allows
for multiple testing correction, using different methods: the Bejamini Hochberg FDR,
Bonferroni or g:SCS algorithm. g:SCS, which corresponds to an experiment-wide threshold of
a=0.05, i.e. at least 95% of matches above threshold are statistically significant, was chosen
because while Bonferroni correction and Benjamini-Hochberg FDR are designed for multiple
tests that are independent of each other, a GO analysis consists of hierarchically related
general and specific terms and genes associated to a given GO term are implicitly associated

to all more general parents of this term.
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4.2.5 Intersection with histone modification datasets from human foetal brain

Genomic regions marked by H3K4Mel or H3K4Me3, downloaded from the Roadmap
epigenomics project

(https://egg2.wustl.edu/roadmap/data/byFileType/peaks/consolidated/narrowPeak/)

(Roadmap Epigenomics Consortium et al. 2015) in chapter 3, were used for intersection with
neuronal and non-neuronal foetal brain open chromatin regions. BEDTools (Quinlan and Hall
2010) v2.26.0 intersect

(https://bedtools.readthedocs.io/en/latest/content/tools/intersect.html)  4.2.6 and

BEDTools merge (https://bedtools.readthedocs.io/en/latest/content/tools/merge.html)

were used exactly as described in chapter 3 to identify H3K4Mel and H3K4Me3 sites
overlapping open chromatin regions in neuronal and non-neuronal nuclei from the foetal
frontal cortex.
4.2.6 Testing enrichment of SNP heritability for neuropsychiatric disorders in open

chromatin regions

| used stratified LD score regression (SLDSR) (Finucane et al. 2015) to test for enrichment of
SNP heritability for neuropsychiatric disorders (ADHD (Demontis, Walters, Martin,
Mattheisen, Als, Team, et al. 2019), autism spectrum disorder (Grove et al. 2019), bipolar
disorder (Stahl et al. 2019), major depressive disorder (Wray et al. 2018) and schizophrenia
(Pardifias et al. 2018)) and two control traits with similar sample sizes (height (Lango Allen et
al. 2010) and blood triglyceride levels (Teslovich et al. 2010a)) in NeuN+ and NeuN- open
chromatin sites and NeuN+ and NeuN- open chromatin sites overlapping H3K4Mel and

H3K4Me3 regions.
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4.3 Results

In the adult brain, common genetic risk for schizophrenia has been reported to be primarily
mediated through OCRs in NeuN+ (neuronal), rather than NeuN- (non-neuronal), nuclei
(Fullard et al. 2018). To explore the cellular basis of genetic risk for neuropsychiatric disorders
in the prenatal brain, | determined which of the previously identified foetal frontal cortex
OCRs could be confidently attributed to NeuN+ and / or NeuN- fractions by fluorescence-
activated sorting nuclei from the same 3 foetal frontal cortex samples. This identified 13,262
high confidence foetal frontal cortex OCRs that were also observed in sorted NeuN+ (neuron-
enriched) nuclei and 20,782 such OCRs that were also observed in sorted NeuN- (neuron-

depleted) nuclei.

4.3.1 Bioinformatic annotation of open chromatin regions

Genes with high confidence OCRs within 30kb upstream of their TSS that were detected in
NeuN- but not NeuN+ nuclei were most significantly enriched for the GO term ‘cellular
metabolic process’ (P corrected = 1.4E-25). In contrast, genes with high confidence OCRs
within 30kb upstream of their TSS that were detected in NeuN+ but not NeuN- nuclei were
most significantly enriched for the GO term ‘anion transport’ (P corrected = 9.0E-03), driven
by neuronal markers such as CACNA1A, RIMS1, SLC1A7, BDNF and GLS2, consistent with

successful enrichment of neuronal nuclei.
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4.3.2 Intersection with histone modification datasets from human foetal brain

A total of 95,699 and 26,609 ChIP-Seq peaks markers of H3K4Me1 and H3K4Me3 respectively
were downloaded from the Roadmap epigenomics project. The intersection and merge of
these peaks with 13,262 high confidence foetal frontal cortex NeuN+ ATAC-Seq peaks
resulted in 329 and 5,426 genomic sites respectively. The intersection and merge of H3K4Mel
and H3K4Me3 peaks with 20,782 high confidence foetal frontal cortex NeuN- ATAC-Seq peaks

resulted in 2,531 and 14,167 genomic sites respectively.

4.3.3 Testing enrichment of SNP heritability for neuropsychiatric disorders in open
chromatin regions
| tested for enrichment of single nucleotide polymorphism (SNP) heritability for 5 major
neuropsychiatric disorders (ADHD, autism spectrum disorder [ASD], bipolar disorder, major
depressive disorder and schizophrenia) within bulk foetal frontal cortex OCRs using Stratified
Linkage Disequilibrium Score Regression (SLDSR), controlling for general genomic annotations
(e.g., coding regions, promoters, enhancers and conserved regions) included in the baseline

model (Finucane et al., 2015) to obtain Z-score P-values.

Although the relatively small number of foetal frontal cortex OCRs confidently attributed to
NeuN+ and NeuN- nuclei (encompassing < 1% of SNPs) conferred limited statistical power to
identify enrichment of SNP heritability by SLDSR, | nevertheless observed significant (P < 0.05,
uncorrected) enrichment of SNP heritability for schizophrenia in NeuN+ OCRs overlapping
H3K4mel sites (Figure 4.3) and for all 5 tested neuropsychiatric disorders in NeuN- OCRs

overlapping either H3K4mel or H3K4me3 sites (Figure 4.4).
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Estimated enrichments of SNP heritability were similar between bulk and NeuN- nuclei OCRs
overlapping H3K4mel sites for all neuropsychiatric disorders (approximately 10-fold). In
contrast, ADHD showed a notable lack of enrichment within all foetal NeuN+ annotations (<
1-fold enrichment across all; Table 4.1), suggesting the lesser importance of nascent neurons

within the prenatal frontal cortex in the genetic aetiology of this condition.
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Figure 4.3. Taken from Kouakou et al., 2020, under review. Created by Darren Cameron.
Partitioned heritability for 5 neuropsychiatric disorders and 2 control traits within high
confidence open chromatin regions observed in foetal brain NeuN+ nuclei. a) Fold-
enrichment estimates of SNP heritability for each trait (the proportion of SNP heritability
explained by SNPs within the annotation divided by the proportion of genome-wide SNPs
within the annotation). Error bars represent standard error. The solid blue horizontal line
indicates no enrichment. b) -Logio Z-score P-values for enrichment of SNP heritability,
controlling for general genomic annotations included in the baseline model of Finucane and
colleagues (Finucane et al., 2015). The solid red horizontal line indicates the Z-score P-value
0.05 threshold; the dashed red horizontal line indicates the threshold for Z-score P-values
surviving Bonferroni correction for 7 tested traits. SCZ = schizophrenia; ADHD = attention
deficit hyperactivity disorder; BPD = bipolar disorder; MDD = major depressive disorder; ASD
= autism spectrum disorder; BLD TG = blood triglyceride levels; HGHT = height.
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Figure 4.4. Taken from Kouakou et al., 2020, under review. Created by Darren Cameron.
Partitioned heritability for 5 neuropsychiatric disorders and 2 control traits within high
confidence open chromatin regions observed in foetal brain NeuN- nuclei. a) Fold-
enrichment estimates of SNP heritability for each trait (the proportion of SNP heritability
explained by SNPs within the annotation divided by the proportion of genome-wide SNPs
within the annotation). Error bars represent standard error. The solid blue horizontal line
indicates no enrichment. b) -Logio Z-score P-values for enrichment of SNP heritability,
controlling for general genomic annotations included in the baseline model of Finucane and
colleagues (Finucane et al., 2015). The solid red horizontal line indicates the Z-score P-value
0.05 threshold; the dashed red horizontal line indicates the threshold for Z-score P-values
surviving Bonferroni correction for 7 tested traits. SCZ = schizophrenia; ADHD = attention
deficit hyperactivity disorder; BPD = bipolar disorder; MDD = major depressive disorder; ASD
= autism spectrum disorder; BLD TG = blood triglyceride levels; HGHT = height.
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Peak set Trait SNPs Coefficient
NeuN+ ATAC peaks
Schizophrenia Proportion of SNPs in annotation  6.024E-03 |  Enrichment 4.577E+00 Coefficient 1.609E-07
Proportion SNP h2 explained  2.757E-02 | Enrichment SE 1.979E+00 Coefficient SE 1.273€-07
Enrichment P 7.2836-02 Coefficient Z-score 1.264E+00
2-score P (2-tailed) 2.063E-01
ADHD Proportion of SNPs in annotation 6.024€-03 | Enrichment 6.757€-01 Coefficient -2.888E-09
Proportion SNP h2 explained  4.070E-03 | Enrichment SE  3.598E+00 Coefficient SE 1.35401593717e
Enrichment P 9.282€-01 Coefficient Z-score -2.1336-02
2-score P (2-tailed) 9.830E-01
Bipolar disorder Proportion of SNPs in annotation  6.024€-03 |  Enrichment 8.632E400 Coefficient 2.707€-07
Proportion SNP h2 explained  5.200E-02 | Enrichment SE  3.532E400 Coefficient SE 1.676E-07
Enrichment P 2.9376-02 Coefficient Z-score 1.615E+00
Z-score P (2-tailed) 1.062€-01
Autism spectrum disorder| Proportion of SNPs in annotation 6.024€-03 |  Enrichment 22126400 Coefficient 2.774E-09
Proportion SNP h2 explained  1.332E-02 | Enrichment SE 4558400 Coefficient SE 1.414€-07
Enrichment P 7.889E-01 Coefficient Z-score 1.962€-02
2-score P (2-tailed) 9.843€-01
[Major depressive disorder | Proportion of SNPs in annotation  6.024€-03 |  Enrichment 2.066E+00 Coefficient 1.606E-09
Proportion SNP h2 explained  1.244E-02 | Enrichment SE  2.421E400 Coefficient SE 1.953€-08
Enrichment P 6.600E-01 Coefficient Z-score 8.219E-02
Z-score P (2-tailed) 9.345E-01
Blood triglyceride levels | Proportion of SNPs in annotation Enrichment 1.698E+00 Coefficient -5.716E-08
Proportion SNP h2 explained  1.023£-02 | Enrichment SE  4.236E400 Coefficient SE 8.838E-08
Enrichment P 8.679E-01 Coefficient Z-score -6.468E-01
Z-score P (2-tailed) 5.178E-01
Height Proportion of SNPs in annotation 6.024-03 | Enrichment 1.656E+00 Coefficient -9.906E-08
Proportion SNP h2 explained  9.973£-03 | Enrichment SE  2.823£400 Coefficient SE 9.758E-08
Enrichment P 8.158E-01 Coefficient Z-score -1.015E+00
2-score P (2-tailed) 3.100E-01
NeuN+ ATAC peaks
intersecting foetal
brain H3K4met sites
Schizophrenia Proportion of SNPs in annotation  3.169E-03 | Enrichment 1.141E+01 Coefficient 5.780E-07
Proportion SNP h2 explained  3.617E-02 | Enrichment SE  2.959E400 Coefficient SE 1.924E-07
Enrichment P 5.268E-04 Coefficient Z-score 3.003£+00
Z-score P (2-tailed) 2.671E-03
ADHD Proportion of SNPs in annotation 3.169-03 | Enrichment -1.377€+00 Coefficient -9.450E-08
Proportion SNP h2 explained  -4.364E-03 | Enrichment SE  5.450E400 Coefficient SE 2122607
Enrichment P 6.641E-01 Coefficient Z-score -0.454E-01
2-score P (2-tailed) 6.561E-01
Bipolar disorder Proportion of SNPs in annotation  3.169€-03 |  Enrichment 1.496E+01 Coefficient 5.119E-07
Proportion SNP h2 explained  4.740E-02 | Enrichment SE  5.541E400 Coefficient SE 2.674E-07
Enrichment P 1.094E-02 Coefficient Z-score 1.914E400
Z-score P (2-tailed) 5.557E-02
Autism spectrum disorder| Proportion of SNPs in annotation  3.169€-03 | Enrichment 8.473E400 Coefficient 1.628E-07
Proportion SNP h2 explained  2.685E-02 | Enrichment SE  6.814E400 Coefficient SE 2.120€-07
Enrichment P 257401 Coefficient Z-score 7.677€6-01
2-score P (2-tailed) 4.427€-01
[Major depressive disorder | Proportion of SNPs in annotation  3.169€-03 |  Enrichment 6.204E400 Coefficient 2.765€-08
Proportion SNP h2 explained  1.966E-02 | Enrichment SE  3.867E+00 Coefficient SE 3.266E-08
Enrichment P 1.7776-01 Coefficient Z-score 8.467E-01
2-score P (2-tailed) 3.971E-01
Blood triglyceride levels | Proportion of SNPs in annotation  3.169-03 |  Enrichment 2.976E400 Coefficient -8.477E-08
Proportion SNP h2 explained  9.430E-03 | Enrichment SE  6.339E400 Coefficient SE 1.389-07
Enrichment P 7.503€-01 Coefficient Z-score -6.103E-01
2-score P (2-tailed) 5417601
Height Proportion of SNPs in annotation ~ 3.169€-03 |  Enrichment 4.530E400 Coefficient -8.117€-08
Proportion SNP h2 explained  1.435€-02 | Enrichment SE  5.037E+00 Coefficient SE 1.824E-07
Enrichment P 4.825E-01 Coefficient Z-score -0.449E-01
2-score P (2-tailed) 6.564E-01
NeuN+ ATAC peaks
intersecting foetal
brain H3Kame3 sites
Schizophrenia Proportion of SNPs in annotation  3.462E-03  Enrichment 8.194E400 Coefficient 3.4826-07
Proportion SNP h2 explained  2.836E-02 Enrichment SE  2.849E400 Coefficient SE 1.839E-07
Enrichment P 1.206E-02 Coefficient Z-score 1.894E+00
Z-score P (2-tailed) 5.821E-02
ADHD Proportion of SNPs in annotation 3.462€-03  Enrichment -3.103€-01 Coefficient -5.250E-08
Proportion SNP h2 explained  -1.074E-03 Enrichment SE 5271400 Coefficient SE 2.068E-07
Enrichment P 8.041E-01 Coefficient Z-score -2.539E-01
2Z-score P (2-tailed) 7.996E-01
Bipolar disorder Proportion of SNPs in annotation  3.462€-03 |  Enrichment 1.3336+01 Coefficient 4.200€-07
Proportion SNP h2 explained  4.614E-02 | Enrichment SE  5.322E400 Coefficient SE 2.591E-07
Enrichment P 1.902€-02 Coefficient Z-score 1.621E+00
Z-score P (2-tailed) 1.049E-01
|Autism spectrum disorder| Proportion of SNPs in annotation 3.4626-03 | Enrichment 7.326E400 Coefficient 1.262-07
Proportion SNP h2 explained  2.536E-02 | Enrichment SE  6.181E400 Coefficient SE 1.9936-07
Enrichment P 2.964E-01 Coefficient Z-score 6.335E-01
2Z-score P (2-tailed) 5.264E-01
[Major depressive disorder | Proportion of SNPs in annotation  3.4626-03 |  Enrichment 5.066E+00 Coefficient 1772608
Proportion SNP h2 explained  1.754E-02 | Enrichment SE  3.787E+00 Coefficient SE 3.226E-08
Enrichment P 2.821E-01 Coefficient Z-score 5.492E-01
Z-score P (2-tailed) 5.828E-01
Blood triglyceride levels | Proportion of SNPs in annotation  3.462€-03 |  Enrichment 5.789E400 Coefficient -2.842E-08
Proportion SNP h2 explained  2.004E-02 | Enrichment SE  6.377E400 Coefficient SE 1.391€-07
Enrichment P 4.385E-01 Coefficient Z-score -2.043£-01
Z-score P (2-tailed) 8.381E-01
Height Proportion of SNPs in annotation ~3.462€-03 |  Enrichment 5.394E400 Coefficient -5.553E-08
Proportion SNP h2 explained  1.867E-02 | Enrichment SE  4.770E+00 Coefficient SE 1.760E-07
Enrichment P 3.564E-01 Coefficient Z-score -3.154E-01
Z-score P (2-tailed) 7.524€-01

Table 4.1. Partitioned heritability results for high confidence open chromatin regions in

NeuN+ cells from foetal frontal cortex
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Table 4.2. Partitioned heritability results for high confidence open chromatin regions in

NeuN- cells from foetal frontal cortex

Peak set Trait SNPs Coefficient

NeuN- ATAC peaks

Schizophrenia Proportion of SNPs in annotation ~ 9.211€-03 |  Enrichment 8.089E+00 Coefficient 4.092€-07

Proportion SNP h2 explained  7.451E-02 | Enrichment SE 1.601E+00 Coefficient SE 1.068E-07

Enrichment P 1.892E-05 Coefficient Z-score 3.832E+00

Z-score P (2-tailed) 1.271E-04

ADHD Proportion of SNPs in annotation  9.211E-03 Enrichment 7.377€+00 Coefficient 2.747€-07

Proportion SNP h2 explained  6.795E-02 | Enrichment SE 3.141E+00 Coefficient SE 1.231€-07

Enrichment P 4.059€-02 Coefficient Z-score 2.231E+00

Z-score P (2-tailed) 2.568E-02

Bipolar disorder Proportion of SNPs in annotation  9.211E-03 | Enrichment 1011E+01 Coefficient 3.464E-07

Proportion SNP h2 explained  9.311E-02 | Enrichment SE 2.739E+00 Coefficient SE 1.441E-07

Enrichment P 9.709E-04 Coefficient Z-score 2.404E+00

Z-score P (2-tailed) 1.620€-02

Autism spectrum disorder| Proportion of SNPs in annotation ~ 9.211E-03 | Enrichment 1.072E+01 Coefficient 2.908E-07

Proportion SNP h2 explained  9.873-02 | Enrichment SE 4.193E+00 Coefficient SE 1.309E-07

Enrichment P 1.816E-02 Coefficient Z-score 2.221E+00

Z-score P (2-tailed) 2.633E-02

[Major depressive disorder | Proportion of SNPs in annotation ~ 9.211E-03 | Enrichment 5.644E+00 Coefficient 3.053€-08

Proportion SNP h2 explained 5.199€-02 | Enrichment SE 2.122€+00 Coefficient SE 1.864€-08

Enrichment P 2.975€-02 Coefficient Z-score 1.638E+00

Z-score P (2-tailed) 1.015E-01

Blood triglyceride levels | Proportion of SNPs in annotation 9.211E-03 | Enrichment 4.940E+00 Coefficient -1.862€-09

Proportion SNP h2 explained 4.550E-02 | Enrichment SE 3.328E+00 Coefficient SE 6.930€-08

Enrichment P 2.364E-01 Coefficient Z-score -2.687€-02

Z-score P (2-tailed) 9.786E-01

Height Proportion of SNPs in annotation ~ 9.211E-03 | Enrichment 5.546E+00 Coefficient 3.554E-08

Proportion SNP h2 explained  5.108E-02 | Enrichment SE 2.409E+00 Coefficient SE 8.984E-08

Enrichment P 6.051E-02 Coefficient z-score 3.956E-01

Z-score P (2-tailed) 6.924E-01
NeuN- ATAC peaks
intersecting foetal

brain H3K4met sites,

Schizophrenia Proportion of SNPs in annotation  5.905E-03 | Enrichment 1.369E+01 Coefficient 7.978E-07

Proportion SNP h2 explained 8.081E-02 | Enrichment SE 2.177€+00 Coefficient SE 1.363E-07

Enrichment P 1.842€-08 Coefficient Z-score 5.855E+00

Z-score P (2-tailed) 4.765E-09

ADHD Proportion of SNPs in annotation  5.905E-03 | Enrichment 1.006E+01 Coefficient 3.946E-07

Proportion SNP h2 explained  5.942E-02 | Enrichment SE 4.254E+00 Coefficient SE 1.738E-07

Enrichment P 3.2426-02 Coefficient z-score 2.270E+00

Z-score P (2-tailed) 2319E-02

Bipolar disorder Proportion of SNPs in annotation  5.905€-03 |  Enrichment 1.470E+01 Coefficient 5.496E-07

Proportion SNP h2 explained  8.683E-02 | Enrichment SE 3.758E+00 Coefficient SE 2.024E-07

Enrichment P 2.793E-04 Coefficient Z-score 2.716E+00

Z-score P (2-tailed) 6.603E-03

Autism spectrum disorder| Proportion of SNPs in annotation ~5.905€-03 | Enrichment 1.006E+01 Coefficient 3.946E-07

Proportion SNP h2 explained  5.942E-02 | Enrichment SE 4.254E+00 Coefficient SE 1.738E-07

Enrichment P 3.242€-02 Coefficient Z-score 2.270E+00

Z-score P (2-tailed) 2319-02

Major depressive disorder | Proportion of SNPs in annotation ~ 5.905€-03 Enrichment 9.425E+00 Coefficient 5.948E-08

Proportion SNP h2 explained  5.565E-02 | Enrichment SE 2.643E+00 Coefficient SE 2.360E-08

Enrichment P 1.538E-03 Coefficient Z-score 2.520E+00

Z-score P (2-tailed) 1.172€-02

Blood triglyceride levels | Proportion of SNPs in annotation  5.905€-03 Enrichment 7.772€+00 Coefficient 2.851€-08

Proportion SNP h2 explained  4.589E-02 | Enrichment SE 4.370E+00 Coefficient SE 9.021E-08

Enrichment P 1.170E-01 Coefficient Z-score 3.160E-01

Z-score P (2-tailed) 7.520€-01

Height Proportion of SNPs in annotation 5.905E-03 | Enrichment 7.794E+00 Coefficient 7.039E-08

Proportion SNP h2 explained  4.602E-02 | Enrichment SE 3.494E+00 Coefficient SE 1328607

Enrichment P 5.444E-02 Coefficient Z-score 5.301E-01

Z-score P (2-tailed) 5.960E-01
NeuN- ATAC peaks
intersecting foetal

brain H3K4me3 sites|

Schizophrenia Proportion of SNPs in annotation  6.149E-03 Enrichment 1.159€+01 Coefficient 6.557€-07

Proportion SNP h2 explained  7.125E-02 | Enrichment SE 2.211E+00 Coefficient SE 1.442€-07

Enrichment P 2.681E-06 Coefficient Z-score 4.548E+00

Z-score P (2-tailed) 5.400€-06

ADHD Proportion of SNPs in annotation 6.149E-03 |  Enrichment 1.073E+01 Coefficient 4.486€-07

Proportion SNP h2 explained  6.601E-02 | Enrichment SE 4.200E+00 Coefficient SE 1.806E-07

Enrichment P 1.967E-02 Coefficient Z-score 2.484E+00

Z-score P (2-tailed) 1.300E-02

Bipolar disorder Proportion of SNPs in annotation  6.149-03 | Enrichment 1.549E+01 Coefficient 6.037E-07

Proportion SNP h2 explained  9.523€-02 | Enrichment SE 3.833E+00 Coefficient SE 2.175€-07

Enrichment P 1911E-04 Coefficient Z-score 2.775E+00

Z-score P (2-tailed) 5.517E-03

Autism spectrum disorder| Proportion of SNPs in annotation  6.149€-03 | Enrichment 1.740E+01 Coefficient 5.277€-07

Proportion SNP h2 explained 1.070€-01 | Enrichment SE 5.234E+00 Coefficient SE 1.637€-07

Enrichment P 1.099E-03 Coefficient Z-score 3.224E+00

Z-score P (2-tailed) 1.265E-03

Major depressive disorder | Proportion of SNPs in annotation  6.149E-03 | Enrichment 8.615E+00 Coefficient 5.385E-08

Proportion SNP h2 explained  5.297E-02 | Enrichment SE 2.723E+00 Coefficient SE 2.578E-08

Enrichment P 5.587E-03 Coefficient Z-score 2.089E+00

Z-score P (2-tailed) 3.672E-02

Blood triglyceride levels | Proportion of SNPs in annotation 6.149E-03 | Enrichment 9.205E+00 Coefficient 5.664E-08

Proportion SNP h2 explained  5.660E-02 | Enrichment SE 4.619E+00 Coefficient SE 1.021E-07

Enrichment P 7.690€-02 Coefficient Z-score 5.546€-01

Z-score P (2-tailed) 5.791E-01

Height Proportion of SNPs in annotation ~ 6.149€-03 |  Enrichment 9.042E+00 Coefficient 1.156€-07

Proportion SNP h2 explained  5.560E-02 | Enrichment SE 3.340E+00 Coefficient SE 1.294E-07

Enrichment P 1.728E-02 Coefficient Z-score 8.932€-01

Z-score P (2-tailed) 3.718-01
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4. 4 Discussion

In this chapter, | provide the first maps of open chromatin in NeuN+ and NeuN- cell
populations of the human foetal brain. Neuronal-enriched nuclei were separated from
homogenate brain tissue by FANS, targeting the neuronal nuclear antigen NeuN, encoded by
the RBFOX3 gene. Although the anti-NeuN antibody had been previously used for FANS in
adult brain tissue (Fullard et al., 2017), its specificity was tested here to ensure minimal non-

specific staining and maximum fluorescence in a negative and a positive control respectively.

In addition, bioinformatic annotation of open chromatin peaks confirmed successful
enrichment of neuronal nuclei. GO analysis of genes with high confidence OCRs within 30kb
upstream of their TSS that were detected in NeuN+ but not NeuN- nuceli showed enrichment
of the GO term ‘anion transport’ (P corrected = 9E-03), driven by neuronal markers (CACNA1A,
RIMS1, SLC1A7, BDNF and GLS2).By integrating NeuN+ and NeuN- open chromatin maps with
other epigenomic data from the human foetal brain (Roadmap Epigenomics Consortium et al.
2015) and summary statistics from recent large-scale GWAS (Pardifias et al. 2018) (Wray et
al. 2018) (Demontis, Walters, Martin, Mattheisen, Als, Neale, et al. 2019) (Grove et al. 2019)

(Stahl et al. 2019),

| highlight an important role for regulatory regions active within non-neuronal cells of the
prenatal brain in susceptibility to neuropsychiatric disorders. In contrast to the adult brain,
where geneticrisk for schizophrenia appears to be largely mediated by neuronal (NeuN+) cells

(Fullard et al. 2018), | find that, within the foetal brain, genetic risk for this and other
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neuropsychiatric conditions is at least as strongly enriched within high confidence OCRs
observed in NeuN- nuclei. However, whereas NeuN- cells in the adult brain largely consist of
mature glia (astrocytes and oligodendrocytes), those of the second trimester foetal brain
encompass a variety of developing cells, including cycling neural progenitors, radial glia and
oligodendrocyte precursors. My data are therefore consistent with the findings of de la Torre-
Ubieta and colleagues (de la Torre-Ubieta et al. 2018), who report enrichment of SNP
heritability for neuropsychiatric disorders in OCRs of the neural progenitor cell-containing
germinal zone, and of Schork and colleagues (Schork et al. 2019), who report enriched
expression of fine-mapped candidates genes for a broad neuropsychiatric phenotype in foetal

radial glia.

Although | was able perform ATAC-Seq in NeuN+ and NeuN- nuclei, these still encompass
diverse cell populations (Fan et al., 2018). It is now possible to combine ATAC-Seq with single
cell profiling (Cusanovich et al Cell. 2018), which, in future, should provide greater cellular
resolution of regulatory genomic sites in the foetal brain with which to test for enrichment of
genetic signal for neuropsychiatric and other brain disorders.

Genome-wide mapping of regulatory elements in large ensembles of cells have uncovered
substantial variation in chromatin structure across cell types, particularly at distal regulatory
regions (Feingold et al. 2004). Single cell-based chromatin accessibility studies can be used
for identification of subpopulations in a heterogeneous biological sample, and for
identification of the regulatory elements active in each subpopulation.

Several single cell sequencing techniques have been developed to profile the chromatin
accessibility in single cells. For instance, one approach relies on isolation of cell using

microfluidic devices (Fluidigm, C1) (Jason D Buenrostro et al. 2015). Another type of
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approach involves combinatorial indexing to simultaneously analyse tens of thousands of

cells (Cusanovich et al. 2015).
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Chapter 5: Prioritization of putative schizophrenia SNPs for further functional genomic
analyses

5.1 Introduction

Given that the majority of common genetic loci for complex disorders are located within non-
coding DNA, in the previous chapters, | investigated non-coding genomic regions in a tissue
and time point relevant to several brain conditions. | mapped human foetal frontal cortex
regulatory genomic regions and showed that they are enriched in GWAS genetic risk variants
for a number of psychiatric disorders. It is hypothesised that these risk variants perturb the

expression of genes in the developing brain, by disrupting active promoters and enhancers.

An important limitation of GWAS is that, due to linkage disequilibrium, several SNPs at a locus
typically display a similar level of association and therefore identifying the causal variant is a
major challenge. Since performing functional studies on all the genome-wide significant
variants would be extremely costly and time consuming, prioritizing potentially causal SNPs

is essential.

The main objective of this chapter was therefore to prioritize potentially functional risk SNPs
for schizophrenia. To do this, | identified SNPs within foetal brain open chromatin regions that
were in high linkage disequilibrium (r2 > 0.8) with the most significant (index) SNP at each
genome-wide significant schizophrenia risk locus. In order to further characterise these SNPs,
| integrated my foetal brain open chromatin data with foetal brain eQTL data from a previous
study (O’Brien et al., 2018) and identified those open chromatin SNPs that are significant
eQTLs for transcripts in the foetal brain and the degree of linkage disequilibrium between

them and the most significant eQTLs for those transcripts.
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In the next section, | will describe the method used to detect SNPs located within open
chromatin regions and identify those in high likage disequilibrium with both a schizophrenia
index SNP and a top eQTL for a foetal brain transcript. | will finally provide the list of

potentially functional SNPs.

5.2 Methods

Identification of SNPs within open chromatin regions in strong linkage disequilibrium
with schizophrenia index SNPs
GARFIELD (GWAS analysis of regulatory or functional information enrichment with linkage
disequilibrium correction) (lotchkova et al. 2019) was used to identify SNPs associated with
schizophrenia at genome-wide significance (Pardinas et al., 2018) that overlapped bulk foetal
frontal cortex open chromatin regions. SNP information was provided with the GARFIELD

software and was derived from the UK10K sequence data (Walter et al. 2015).

GARFIELD tests for enrichment of SNPs associated with the trait at specific p-value thresholds,
by comparing these to an independent set of SNPs matched for minor allele frequency,
distance to the nearest transcription start site, number of linkage disequilibrium proxies and

GC content.

Bedtools (Quinlan et al., 2010) was used to intersect SNP base positions with open chromatin
regions derived from the ATAC-Seq experiments, and each SNP was annotated witha 1 or 0
to indicate whether or not it fell within an open chromatin region. GWAS summary statistics
were prepared using the garfield-create-input- gwas.sh (code example provided in the
appendix) script provided to retain only the base position and trait-associated p- value

information for each SNP. GARFIELD required four additional files, all provided with the
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software, for the analyses. These included two LD tag files, derived from the UK10K study,

that contain LD information for each SNP at two different thresholds (r2 >=0.1and r2 >=0.8).

To identify SNPs that overlapped regulatory regions for the GARFIELD analyses, custom
annotation files were created. SNP information was provided with the GARFIELD software
and was derived from the UK10K sequence data (Walter et al. 2015). Bedtools (Quinlan et al.,
2010) was used to intersect SNP base positions with open chromatin regions derived from the
ATAC-seq experiments, and each SNP was annotated with a 1 or O to indicate whether or not
it fell within an open chromatin region. GWAS summary statistics were prepared using the
garfield-create-input- gwas.sh script provided to retain only the base position and trait-
associated p- value information for each SNP. GARFIELD required four additional files, all

provided with the software, for the analyses. These included two LD tag files, derived from
the UK10K study, that contain LD information for each SNP at two different thresholds (r2 >=
0.1 and r2 >= 0.8). To reduce the set of GWAS variants included in the analysis to a more

computationally tractable independent set of SNPs, the lower LD r2 threshold was used for a

process called greedy pruning. This involved partitioning the genome into 1Mb windows, and

for each window, sequentially removing SNPs with r2 value > 0.1 relative to the most

significant trait- associated variant and retaining the next most significant independent SNP

(with 2<0.1 being taken as an approximate measure of SNP independence) until a pruned
set of independent SNPs was obtained. The higher threshold was used as the inclusion criteria

for SNPs overlapping a functional region, i.e. a SNP was considered overlapping if it, or one of

its LD proxies within 500kb (r2 >=(0.8), was located within the open chromatin region. Finally,
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files to match variants by minor allele frequency and distance to the nearest transcription

start site were included, the latter to correct for bias driven by local gene density.

The online tool LDpair was used within the NIH national Cancer Institute LDlink

(https://Idlink.nci.nih.gov/) to identify those SNPs in OCRs that were in strong linkage

disequilibrium (r2 > 0.8) with the most significant (index) SNP at each genome-wide significant
schizophrenia risk locus in the CEU population.

Publicly available reference haplotypes from Phase 3 of the 1000 Genomes Project are used
by LDlink to calculate population-specific measures of linkage disequilibrium. Haplotypes are
available for continental populations (ex: European, African, and Admixed American). The
CEU population Northwestern Europeans was used given that all data used in this study is

mainly derived from European populations.

To further prioritise potentially functional OCR SNPs, | identified those for which there was
evidence that they act as eQTL in the human foetal brain (P < 5E-05) (O’Brien et al. 2018), and
used LDpair to determine the r2 between them and the most significant eQTL for the

implicated transcript in the CEU population.

5.3 Results
A limitation of GWAS approaches to complex disorders is that identification of the functional
genetic variants underlying associations is often complicated by linkage disequilibrium
(resulting in multiple variants at a locus displaying similar levels of association) and

incomplete functional characterisation of non-coding regions of the genome.
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To refine potentially functional risk SNPs for schizophrenia, | identified those located within
my high confidence foetal frontal cortex open chromatin regions that are in strong linkage
disequilibrium with the most significant (index) schizophrenia-associated SNP at the 145

genome-wide significant loci reported by Pardifias and colleagues (Pardiiias et al. 2018).

In keeping with my SLDSR results, genome-wide significant (P < 5E-08) SNPs for schizophrenia
were enriched within foetal frontal cortex OCRs (fold enrichment = 2.8; P = 2.35E-08). |
identified SNPs in 41 bulk foetal frontal cortex OCRs that are in strong linkage disequilibrium
(r2 > 0.8) with the index SNPs at 26 schizophrenia-associated loci (Table 1), further
characterising these in terms of whether they are also in foetal brain H3K4mel and / or
H3K4me3 sites, can be confidently attributed to NeuN+ and / or NeuN- nuclei and if they have
been found to be a high confidence eQTL for a transcript in foetal brain (O’Brien et al. 2018)

(Table 5.1).
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| highlight the example of SNP rs9545101, located in a foetal frontal cortex OCR within the
first intron of the RBM26 gene, which is in strong linkage disequilibrium with both the
schizophrenia index SNP at this locus (rs9545047; r2 = 1) and the most significant eQTLs for
the long noncoding RNAs LINC01068 (r2 = 0.88; P eQTL of OCR SNP = 2.7E-13) and LINC01038

(r2=1; PeQTL of OCR SNP= 3.9E-08) in the CEU population (Figure 5.1).

CEUr2=1

Schizophrenia GWAS SNP rs8545101in foetal Foetal brain eQTL Foetal brain eQTL
index SNP rsa545047 frontal cortex OCR P=2T7X 10" P=39X10°

! |

Bulk foetal frontal ‘ | | | | | | |
corex OCR track | | I | |

I

REM26-AS1 -l

RBM26 LinNCO10381
RBM26
REM26 I

RBM26

RefSeq Gene Irack

Figure 5.1. (Taken from Kouakou et al. 2020 — under review) Created by Nicholas J. Bray. A
single nucleotide polymorphism (SNP) within a foetal frontal cortex open chromatin region
that is in perfect linkage disequilibrium (r2 = 1) with the schizophrenia GWAS index SNP at
the locus(Pardifias et al. 2018) and an eQTL for LINC0O1068 and LINC01038 in the human
foetal brain (O’Brien et al. 2018). Image generated using the UCSC Genome Browser
(https://genome.ucsc.edu/index.html) and an uploaded BED file for identified bulk foetal

frontal cortex open chromatin as a custom track.
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5.4. Discussion

Although GWASs have successfully identified a large number of genetic loci that impact
risk for complex disorders, these successes are tempered by two major limitations that make
GWAS data interpretation difficult. Firstly, functional characterisation of non-coding regions
of the genome in different cell types and developmental stages is incomplete. Secondly,
identification of the functional genetic variants underlying associations is often complicated
by linkage disequilibrium, a phenomenon by which SNPs in close spatial proximity are
inherited non-randomly, resulting in multiple variants at a locus displaying similar levels of

association.

Therefore, as most risk loci reside in poorly characterised non-coding regions, it is a
challenge for researchers to ascertain exactly how risk is conferred by these loci.
Furthermore, with the spread, and volume, of associated loci across the genome, the cost of
functionally examining every genetic variant individually would be substantial. For these

reasons, prioritisation of the genetic risk loci that are most likely to confer risk is essential.

In this chapter, | used the foetal brain open chromatin regions to identify potentially
functional SNPs at genome-wide significant risk loci for schizophrenia. | identified a total of
41 SNPs within open chromatin regions and provide additional information that will be useful

to guide further functional studies.

An open chromatin SNP that is in strong linkage disequilibrium with both the schizophrenia
index SNP and the most significant eQTLs for a transcript is more likely to be the causal SNP
(SNP rs9545101, for instance). In contrast, when the OCR SNP is a significant eQTL for a

transcript butis not in strong LD with the top eQTL for that transcript (for instance rs11895190
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and TYWS5), even if the open chromatin SNP is the genuine schizophrenia risk SNP, it probably
doesn’t operate through expression of that gene in foetal brain. | highlighted the example of
SNP rs9545101 on chromosome 13, which is in high LD with both the schizophrenia index SNP
at the locus and the top eQTL for the long intergenic non-coding RNAs LINC01068 /
LINC01038. Although these two genes have yet to be functionally characterised, long non-
coding RNAs are known to participate in various neurodevelopmental processes (L. Li et al.
2019). | also note foetal OCR SNPs at 2 other loci that are in strong LD with both the
schizophrenia index SNP and top eQTL for at least one transcript. Several OCR SNPs were in
strong LD with the index SNP rs3130820 at the major histocompatibility complex (MHC) locus
on chromosome 6, and these were in high LD with the top eQTL SNPs for multiple transcripts
(ZSCAN12P1, H4C13 and BAG6), consistent with extensive LD in this region. In addition, SNP
rs2270376 on chromosome 8 is in strong LD with the schizophrenia index SNP rs10156310
and also with the most significant eQTL for a transcript of DDHD2. DDHD2 Domain Containing
2 encodes a phospholipase enzyme associated with hereditary spastic paraplegia and
intellectual disability (Inloes et al. 2014). Interestingly, reduced expression of DDHD?2 in the
foetal brain was found to be associated with ADHD, autism spectrum disorder, bipolar
disorder, major depressive disorder, and schizophrenia in a recent transcriptome-wide

association study (TWAS) (Hall et al. 2020).
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Chapter 6. General Discussion

The purpose of annotating the genome for integration with GWAS data is to identify and
prioritise the tissue, cell-types, regulatory processes and risk variants that drive the
pathophysiology of complex disorders. In the work described in this thesis, | provide
annotations of the genome relevant to a key tissue and time point implicated in several

psychiatric disorders.

The general aim of this thesis was to investigate whether gene regulatory processes in the
human prenatal brain contribute to genetic risk for psychiatric disorders. In order to achieve
this aim, firstly, | have mapped open chromatin regions in the second trimester bulk foetal
frontal cortex nuclei. Then, using stratified linkage disequilibrium regression analysis, | tested
whether these open chromatin sites were enriched for SNP heritability associated with 5

psychiatric disorders. Results showed enrichment of SNP heritability for schizophrenia.

In order to test whether the enrichment signal was driven by a specific type of regulatory
element, | restricted my bulk ATAC-Seq peaks to those overlapping either foetal brain
H3K4mel or H3K4me3 sites, indicative of active or poised promoters and enhancers
respectively. This showed significant enrichment of SNP heritability for all 5 tested
neuropsychiatric disorders in both histone modification annotations. The heritability

enrichments were stronger than when open chromatin sites were considered alone.

Furthermore, given that the regulatory processes are known to operate in a cell-type
specific manner, | explored the regulatory landscape of neuronal and non-neuronal nuclei

populations, by extracting NeuN+ and NeuN- nuclei from the same prenatal human frontal
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cortex samples used for the bulk analyses, using FANS. Integrating open chromatin data from
FANS extracted nuclei with foetal brain H3K4mel or H3K4me3 sites and GWAS summary
statistics showed that genetic risk for the tested neuropsychiatric conditions is at least as

strongly enriched within open chromatin regions observed in NeuN- nuclei as in NeuN+ nuclei.

Recently, GWASes have grown significantly both in sample size and in the number of
investigated traits. Despite the success of GWASes in identifying common genetic variants
associated with neuropsychiatric disorders, the biological insights derived from these results
have been limited. This is due to the difficulty of interpreting GWAS associations.
Neighbouring genetic variants are often correlated with one another within a population, a
phenomenon known as linkage disequilibrium (LD). LD results in multiple variants at a locus
being present in the same individuals, and therefore traits are often associated with multiple
variants at a locus at similar levels of statistical significance. In addition, most trait-associated
SNP GWAS are in non-coding regions of the genome (F. Zhang and Lupski 2015), for which
functionally annotation is limited. These two features make it difficult to distinguish the causal

(functional) variants underpinning genetic associations at GWAS risk loci.

Use of functional annotations of the non-coding genome, such as open chromatin regions,
can help prioritise potential causal variants at GWAS risk loci, while use of eQTL maps can
further indicate the functionally altered (e.g., mis-regulated) gene(s) (Broekema, Bakker, and
Jonkers 2020). In chapter 5, | produced a list of potentially functional non-coding SNPs tagged
by genome-wide significant risk SNPs for schizophrenia, which could guide future functional
genomics studies (e.g., CRISPR-Cas9 genome editing). | identified SNPs within foetal brain
open chromatin regions that were in high linkage disequilibrium (r2 > 0.8) with the most

significant (index) SNP at each genome-wide significant schizophrenia risk locus and
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integrated these data with foetal brain eQTL data from a previous study (O’Brien et al, 2018).
In this way, | identified open chromatin SNPs that are in strong LD with both the index SNP

for schizophrenia and the most significant eQTLs for transcripts in the foetal brain.

Producing novel functional genomic data from primary human brain tissue, and integrating it
with robust genetic associations, is essential to enhance the understanding of how non-
coding genetic variation contributes to the onset and progression of psychiatric disorders. Of
particular importance is determining the cellular contexts in which risk variants are active. |
have generated the first open chromatin maps of distinct populations of cells in human foetal
brain. This has allowed me to identify specific patterns of gene regulation in neuronal and
non-neuronal cells. However, my analysis was restricted to the study of two broad
populations of cells — neurons and non-neurons. Both populations are themselves very
heterogeneous, consisting of a variety of neural and non-neuronal sub-types. Furthermore,
because the isolation of non-neuronal nuclei relies on negative selection, this population is
more heterogeneous and includes several diverse cell types such as cycling neural
progenitors, radial glia and oligodendrocyte precursors. The difference in NeuN- population
between foetal and adult brain, which largely consist of mature glia (astrocytes and
oligodendrocytes), may explain the contrasting results of Fullard and colleagues (Fullard et al.
2018) who found that genetic risk for schizophrenia was mainly mediated by neuronal

(NeuN+) cells.

In this thesis, | have performed a comprehensive assessment of chromatin accessibility

during human cortical neurogenesis. The analysis also has important implications for
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understanding the pathophysiology of neuropsychiatric disorder, guiding future genetic
discovery and disease modelling. However, while epigenomic methods such as ATAC-Seq can
be exploited to better understand the cellular basis of complex traits, it does not in itself

indicate which genes are functionally impacted by risk variation and how they are altered.

Enhancers are often located hundreds of kilobases away from their target gene, so physical
interaction with the promoter sequence occurs through looping of the DNA strand.
Attributing enhancers to their target gene(s) is therefore a challenging task. Chromosome
conformation capture methods, such as 3C, 4C and Hi-C (Lieberman-Aiden et al. 2009) are
used for this purpose. They capture intra- and inter-chromosomal physical contacts, by fixing
looped DNA with formaldehyde and then amplifying and sequencing the interacting DNA
fragments. Using these methods, genome-wide interaction maps can be constructed. The
original plan for this thesis was to perform a 3C experiment on one of the foetal brain samples
to visualise the interaction between a foetal brain active enhancer and its target gene.
Unfortunately, due to the current COVID-19 pandemic, my work in the lab couldn’t be carried
out and | opted for a computational chapter using existing foetal brain eQTL data to indicate
functionally impacted genes instead (chapter 5). Future work should consider producing Hi-C
maps from the same foetal brain samples and neuronal and non-neuronal nuclei in particular.
Using next generation sequencing technology, the Hi-C technique, an extension of 3C, enables
the identification of the chromosome conformation at a genome wide scale (Schmitt, Hu, and
Ren 2016; Ay and Noble 2015). Compared to other variant of the 3C technique, the Hi-C
technique is the first method to capture chromosome conformation on a “all versus all” basis

—that is, it can profile interactions for all read pairs in an entire genome.
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Hi-C maps of the foetal brain do exist (Won et al. 2016), but not at cell-type resolution. This
would allow to map the putative functional variants to their target genes in different cell

population.

It has to be noted that the results from heritability enrichment analyses performed in this
study are influenced by statistical power: both GWAS sample sizes and number of SNPs laying
within the open chromatin annotation have an effect on the partitioned heritability analyses.
In fact, while the level of SNP heritability enrichment for all 5 tested psychiatric disorders is
similar (ranging between 10.4 and 19.9 in unsorted nuclei), the significance level of the
enrichment of larger GWASs (such as schizophrenia) consistently showed much lower p-
values. It is therefore likely that using more powerful GWASs would allow me to more
accurately gauge the enrichment for these disorders. Moreover, the proportion of accessible
chromatin in sorted nuclei was considerably lower compared to the open chromatin found in
homogenate tissue. Consequently, the low number of genome-wide significant SNPs lying
within cell-type-specific open chromatin regions (between 0.3% and 0.6% for NeuN+and 0.6%
and 0.9% for NeuN-) provided less statistical power for the enrichment analysis using LD score

regression.

My data provide evidence for an early neurodevelopmental component to a range of
neuropsychiatric conditions and highlight an important role for regulatory genomic regions
active within non-neuronal cells of the prenatal brain. Although | have focused on
neuropsychiatric phenotypes, the maps of open chromatin in the foetal frontal cortex
produced by this project are likely to be useful in exploring early neurodevelopmental

antecedents to a variety of brain-related conditions. As we move into the era of whole
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genome sequencing, maps of functional elements within the non-coding genome will

continue to be important.

Epigenomic characterisation of the human brain is particularly challenging due to its complex
histological structure and diversity of cell types. Future studies should take advantage of
advances in single cell sequencing, which now make it possible to discriminate between
individual cell types of the brain, including heterogeneous cellular subtypes that may have
distinct transcriptomic and epigenomic profiles in discrete brain regions. Single-cell genomic
assays allow profiling gene expression, chromatin accessibility, and TF occupancy with single-
cell resolution (Ma et al. 2020). These assays can resolve the cellular composition of complex
organs and tissues and are used to assemble cells into reference tissue atlases. The high
resolution of single-cell genomic maps makes them a promising resource for SNP heritability
enrichment analysis. The increasing availability of functional data for more cell types and
states is expected to improve the accuracy of these enrichment signals. This will allow us to
more confidently nominate the specific cell types and developmental states causally involved

in disease.
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Appendix

LDSC code example

. /ldsc/ldsc.py \

-2\

--bfile ./Idsc/1000G_plinkfilesPhase1/1000G.mac5eur.Si \
--ld-wind-cm 1\

--annot /home/c1654239/ldsc/my.annot.phasel/my.annot.Si.annot \
--out /home/c1654239/Idsc/my.annot.phasel.5i \

--print-snps /ldsc/hapmap3_snps/hm.Si.snp

SLDSC code example

Jldsc/ldsc.py \
--h2 ./ldsc/SCZ.sumstats \
--ref-ld-chr

/ldsc/baselineLD_v1.1/baselinelD.,./ldsc/my.annotation/my.annot. \

--w-ld-chr ./Idsc/1000G_Phase3_weights_hm3_no_MHC/weights.hm3_noMHC. \
--overlap-annot \

-frgfile-chr /Idsc/1000G_Phase3_frq/1000G.EUR.QC. \

--out SCZ_my.annot. \

--print-coefficients

Bedtools code example
bedtools intersect -wa -a ATAC_peaks -b H3K4Me1l_peaks > ATAC_H3K4Me1l_intersection_peaks

bedtools merge -i ATAC_H3K4Mel_intersection_peaks > Merged_ ATAC_H3K4Me1l_intersection_peaks

GARFIELD code example

INPUTNAME=ADHD
DATADIR=./garfield/garfield-data

PRUNETAGSDIR=SDATADIR/tags/r01
CLUMPTAGSDIR=SDATADIR/tags/r08
MAFTSSDDIR=SDATADIR/maftssd
PVALDIR=SDATADIR/pval/SINPUTNAME
ANNOTDIR=SDATADIR/myannot
OUTDIR=$DATADIR/output/SINPUTNAME-myannot
mkdir -p SOUTDIR

ANNOTLINKFILE=SANNOTDIR/link_file.txt
PTHRESH=1e-5,5e-8
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BINNING=m5,n5,t5
CONDITION=0
SUBSET="1-1005"

F1=SOUTDIR/garfield.prep.SINPUTNAME.out
FO=SOUTDIR/garfield.Meff.SINPUTNAME.out

echo 'Prune and Clump'
echo -n > SF1
for CHR in "seq 1 22" #X
do

echo 'CHR'SCHR

./garfield/garfield-v2/garfield-prep-chr -ptags SPRUNETAGSDIR/chrSCHR -ctags
SCLUMPTAGSDIR/chr$SCHR -maftss SMAFTSSDDIR/chrSCHR -pval SPVALDIR/chrSCHR -ann
SANNOTDIR/chr$CHR -excl 895,975,976,977,978,979,980 -chr SCHR -0 $F1 || { echo 'Failure!'; }
done

echo 'Calculate effective number of annotations'

Rscript ./garfield/garfield-v2/garfield-Meff-Padj.R -i SF1 -0 SFO
NEA=$(head -1 SFO |awk '{print $2}')

Padj=S(tail -1 SFO |awk '{print $2}')

echo 'Calculate Enrichment and Significance'

F2=SOUTDIR/garfield.test. SINPUTNAME.out

Rscript ./garfield/garfield-v2/garfield-test.R -i SF1 -0 SF2 -| SANNOTLINKFILE -pt SPTHRESH -b SBINNING -s
SSUBSET -c SCONDITION

echo 'GARFIELD single annotation analysis complete'

echo 'Create Plots'
Rscript ./garfield/garfield-v2/garfield-plot.R -i SF2 -0 $F2 -| SANNOTLINKFILE -t " "' -f 10 -padj SPadj

echo 'Prioritize relevant annotations by conditional analysis'

# Additional prioritization of annotations

CONDITION=1

CONDITIONTHRESH=0.05

Rscript ./garfield/garfield-v2/garfield-test.R -i SF1 -0 $F2 - SANNOTLINKFILE -pt SPTHRESH -b SBINNING -s
$SUBSET -c SCONDITION -ct SCONDITIONTHRESH -padj $Padj

echo 'GARFIELD model selection complete'

# Step to extract variants driving the enrichment signals

echo 'Extracting variants driving enrichment analysis signals'

PTHRESH=5e-8, le-5, ## GWAS threshold

PENRICH=0.05 ## Enrichment significance threshold
GARFIELD_significant_annotations=$F2.significant.annotations.SPTHRESH.SPENRICH
GARFIELD_VARS=S${GARFIELD_significant_annotations}.variants
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