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ABSTRACT

Abstract

Type 2 diabetes (T2D) is a metabolic disease characterised by insulin resistance and beta-cell
failure and a leading cause of mortality and morbidity. GWAS have identified pancreatic beta-cell
dysfunction as a major player in T2D pathogenesis, but since the majority of signals reside in non-
coding sequence the causal variant(s) and effector transcripts often remain undefined. Combining
human genetic discoveries with genomic interrogation of relevant tissues was shown to provide
a powerful strategy to understand the molecular disease mechanisms. Thus, the main aim of my
DPhil project is to generate and integrate genetic data, such as rare coding CNVs, and epigenomic
data, including human pancreatic islet DNA methylation and chromatin state data, to characterise
existing T2D GWAS loci and identify novel genetic T2D susceptibility signals.

Using WGBS (n=10) and ATAC-seq (n=29), I extended the epigenomic characterisation of hu-
man pancreatic islets. Specifically, I characterised for the first time the whole-genome human islet
DNA methylome and provided information about the variability in open chromatin in human islets.
Enrichment analysis in T2D-related GWAS data showed that hypomethylated enhancer-like re-
gions (n=37.1k, FE=3.2) and open chromatin (n=247.2k, FE=3.1) regulatory regions are strongly
enriched in T2D GWAS data.

These annotations were integrated with existing islet ChIP-seq annotations to extend islet chromatin
states. Through this approach, I identified enhancer subtypes based on DNA methylation and
accessibility, which differed markedly in their enrichment levels in T2D-related GWAS signals.
The refined enhancer states were then used to prioritise T2D-associated variants for testing of
allelic imbalance in open chromatin. After correcting for technical artefacts, significant allelic
(FDR <0.05) imbalance in open chromatin was discovered at 3 T2D GWAS loci (ADCY5, CDC123,
KLHDC5); thus highlighting potential molecular mechanisms at these loci governing T2D risk.

I also used ATAC-seq to characterise the epigenomic landscape of human iPSC subtypes derived
from beta- and fibroblast-cells that differed in their ability to differentiate into endodermal tissue.
The identification of significant (FDR <0.05) differentially open chromatin sites (n=8.3k) in these
iPSC, which were found to be associated with genes linked to both pancreas development and
mature function, could be used to improve current in vivo ’iPSC to endodermal’ differentiation
protocols. Ultimately, this may lead to enhanced generation of human islet cells relevant for both
T2D disease modelling and potential clinical use.

Finally, I determined the role of rare coding CNVs, identified from large-scale T2D-case-control
exome-sequencing (n=14.5k) and exome chip array (n=11.6k) datasets, in T2D development. This
analysis found at the known C2CD4A/VPS13C T2D GWAS locus, rare VPS13C gene deletions
and duplications consistently associated with increased and decreased T2D-risk, respectively;
hence, prioritising VPS13C for potential functional follow-up at this GWAS locus. These data have
extended the catalogue of genetic variants (rare coding CNVs) and the epigenomic landscape of
human islets and iPSC to improve understanding of islet development and regulation as well as
T2D genetic susceptibility.

xiv



CHAPTER 1

Introduction

1.1 Type 2 Diabetes (T2D) and its impact on global health

Diabetes is one of the most prevalent chronic and non-communicable diseases in the world and

a major global health burden. The prevalence of diabetes has increased significantly over the last

years due to social and cultural changes such as ageing populations, increase in urbanisation as

well as changes in diet and physical activity. Currently, 415 million people are estimated to have

diabetes worldwide with about 75% of individuals living in low- and middle-income countries

(Fig1.1). About 175 million of these individuals are predicted to be undiagnosed which increases

their risk of dangerous long-term complications. An additional 318 million people show signs of

glucose tolerance which is associated with a risk of developing the disease at a later stage. Diabetes

and its related complications are one of the leading causes of mortality in the world responsible for

about 5 million deaths in 2015. Apart from the effect on morbidity and mortality, diabetes and its

complications are also a significant economic and financial burden. In 2015 global health spending

1



1.1. T2D AND GLOBAL HEALTH CHAPTER 1. INTRODUCTION

on diabetes was estimated at $673 billion, which is equivalent to approximately 12% of the total

expenditures on global health. Over the next years the number of affected individuals is expected to

rise significantly with approximately 642 million people, predominately in low- and middle-income

countries, being affected by diabetes in 2040.1

North America and 
Caribbean

2015 44.3 million
2040 60.5 million

South and  
Central America

2015 29.6 million
2040 48.8 million

Africa
2015 14.2 million
2040 34.2 million

South East  
Asia

2015 78.3 million
2040 140.2 million

Europe
2015 59.8 million
2040 71.1 million

Western Pacific
2015 153.2 million
2040 214.8 million

Middle East and 
North Africa

2015 35.4 million
2040 72.1 million

Estimated number of people with diabetes worldwide  
and per region in 2015 and 2040 (20-79 years) World

2015 415 million
2040 642 million

Figure 1.1: Number of individuals affected by Diabetes worldwide. Permission to re-
produce this figure has been provided by the IDF which holds the copyright for this fig-
ure1.

2



1.2. PATHOPHYSIOLOGY OF T2D CHAPTER 1. INTRODUCTION

1.2 Pathophysiology of T2D

1.2.1 Clinical presentations

Diabetes is a group of metabolic diseases with the main clinical and diagnostic feature being hy-

perglycaemia. This is caused by an insufficient amount of insulin produced by the body and an

inability of the body to use insulin efficiently. T2D accounts for about 87-91% of diabetes cases in

high-income countries which makes it the most common form of the disease. The remaining cases

represent with Type 1 Diabetes (T1D) induced by an auto-immune response against insulin pro-

ducing beta-cells, Maturity Onset Diabetes of the Young (MODY) involving monogenic mutations

affecting beta-cell function and other rare types of diabetes. The latter include gestational diabetes,

syndromic forms of the disease and drug/chemical-induced diabetes1.

The following diagnostic criteria have been established for the diagnosis of diabetes: Fasting

Plasma Glucose (FPG) ≥126mg/dL (7.0 mmol/L) with fasting being defined as no intake of calo-

ries for a period of at least 8 hours or random plasma glucose levels ≥200mg/dL (11.1 mmol/L). In

addition, 2-hour plasma glucose ≥ 200mg/dL after an oral glucose tolerance test and glycosylation

levels of haemoglobin (Hb1AC ≥ 48mmol/mol or 6.5%) can be used for diagnosis. In case the ob-

tained results for hyperglycaemia are not clear, repeated testing should be performed to determine

the presence of hyperglycaemia2.

While the classical symptoms of substantial hyperglycaemia usually comprise polyuria (excessive

production of urine) and polydipsia (abnormal excessive thirst) as well as weight loss and blurred

vision, T2D often remains undiagnosed for several years due to a slow progression of the hyper-

glycaemic state that is usually only associated with mild symptoms. Despite the lack of accurate

diagnosis, patients with raised glucose levels still have an increased risk of diabetes-associated

health problems. While the short-term complications of T2D are often considered as less severe,

long-term effects of marked hyperglycaemia can lead to drastic and life threatening conditions.

These include a large number of macrovascular complications such as atherosclerosis influencing

risk for myocardial infarcts, cerebrovascular disease associated with stroke, and peripheral arterial

disease often leading to amputations. In addition, raised long-term hyperglycaemia also increases

3



1.2. PATHOPHYSIOLOGY OF T2D CHAPTER 1. INTRODUCTION

microvascular disease risk including retinopathy induced vision loss and nephropathy associated

with reduced kidney function.2,3

1.2.2 Aetiology of T2D

T2D is typically characterised by a combination of insulin resistance observed in peripheral tissue,

and decreased insulin secretion by pancreatic beta-cells4. The exact mechanisms involved in these

processes are not clear and patients usually represent with heterogeneous disease states showing a

different balance of physiological defects and different rates of disease progression and complica-

tions. This suggests that the relative contribution of insulin resistance and beta-cell failure to the

development of T2D may differ across patients5.

1.2.2.1 Insulin resistance and obesity

Insulin is an important anabolic hormone which, together with glucagon, ensures tight regulation of

plasma glucose levels, that, in healthy individuals, range from 4-7mM. Shortly after food consump-

tion, insulin acts in several ways to reduce blood glucose: Insulin supports both glucose uptake

into peripheral tissue, such as skeletal muscle, and glycogenesis and glycogen storage in the liver.

Insulin also acts on pancreatic alpha-cells to reduce glucagon production which suppresses hepatic

glucose production through glycogenolysis and gluconeogenesis. In addition to these blood glucose

lowering effects, insulin also positively regulates the synthesis of fat (lipogenesis), triglyceride

storage in adipose tissue, protein production in liver and muscles and promotes cell proliferation6,7.

Insulin sensitive tissue, in return, provides feedback, likely mediated by both neuronal and hu-

moral mechanisms, to the beta-cells about the need for insulin secretion. In the case of insulin

resistance, which often precedes T2D, cells have a reduced ability to respond to insulin. This leads

to decreased effect of insulin on these tissues and, thus, glucose uptake and glucagon production

is lowered while lipid levels are raised. To maintain normal glucose levels despite reduced insulin

sensitivity, beta-cells increase insulin production which leads to an hyperinsulinemic state until

beta-cells can no further increase insulin production. Thus, glucose levels rise leading to a predia-

betic state which develops into T2D once beta-cell function deteriorates in genetically predisposed

4
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individuals causing a more severe hyperglycaemic state defined as T2D5,8.

Insulin sensitivity is influenced by both genetic and environmental factors. Mutations in several

genes related directly to insulin signalling or adipose function have been found to cause severe

monogenic forms of insulin resistance. Mutations in the insulin receptor gene (INSR) lead to ex-

treme hyperinsulinemia but normal lipid profiles9,10 while genetic defects in several other genes

associated with either insulin signalling or adipose tissue function such as AKT211, CIDEC 12,

LMNA13,14, PPARG15 and ZMPSTE2416 cause insulin resistance and/or partial lipodystrophy. In

addition, recent studies showed that insulin sensitivity also represents a complex trait which is

influenced by a large number of different loci17–19 which will be described in more detail later.

Apart from genetic factors, insulin resistance is also influenced by a number of environmental fac-

tors. Excessive calorie consumption, reduced energy expenditure, imbalanced nutrient content

(including high-fat content), inflammation and ageing can affect insulin resistance as well as obe-

sity. The latter is one of the strongest associated risk factors for T2D development. Accordingly,

weight loss induced by lifestyle adjustments (dietary changes and exercise), bariatric surgery or

drug treatment usually slows down or even stops T2D progression.5,17,20.

In addition to lifestyle changes and treatment options that reduce body weight, several pharmaco-

logical agents have been developed that directly increase insulin sensitivity. For instance, thiazo-

lidinediones are one class of insulin-sensitising drugs that act on the nuclear receptor transcription

factors PPARG most highly expressed in adipose tissue. PPARG activation in fat tissue leads to

removal of fatty acids in the circulation which in turn increases insulin sensitivity of muscle and

liver, thus, leading to an overall decrease in plasma glucose levels. Thiazolidinediones have been

suggested to increase cardiovascular risks21,22. However, the results from different studies were

not entirely conclusive23–25. One of the most frequently used anti-diabetic drugs called Metformin

also has a positive effect on insulin sensitivity (among other effects). Although the exact molecular

mechanisms of Metformin action are not well defined, it predominantly reduces hepatic glucose

production and increases insulin sensitivity of peripheral tissue26.
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1.2.2.2 Insulin secretion and pancreatic ß-cells

As described above insulin resistance contributes significantly to the development of T2D; however,

pancreatic beta-cells can often compensate for the reduction in insulin sensitivity by increasing

insulin production. However, when this compensatory mechanism fails (e.g. due to functional ex-

haustion of beta-cells), a full T2D disease state develops with pronounced hyperglycaemia. Blood

glucose levels are sensed by beta-cells which in response to high glucose levels secrete insulin, a

process defined as Glucose-Stimulated Insulin Secretion (GSIS). Although several other factors

such as non-glucose nutrients, hormones and neuronal signals influence GSIS, the following basic

model has been established (Fig1.2). Glucose enters the beta-cell via the GLUT2-transporter and

is converted through phosphorylation into Glucose-6-phosphate by glucokinase (GCK). Glycolysis

in the mitochondria as part of the Krebs cycle leads to the generation of ATP. The accumulation

of ATP changes the ADP:ATP ratio in the cell and induces closure of ATP-sensitive potassium

channels. This leads to membrane depolarization followed by calcium channel opening. The influx

of calcium causes secretory granules derived from the endoplasmatic reticulum to fuse with the

plasma membrane leading to exocytosis of insulin from the cell. The secreted insulin then causes

a reduction in blood glucose, which, together with other mediators, leads to a feedback loop of

insulin secretion27,28.
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Figure 1.2: Glucose-stimulated insulin secretion. (A) Glucose enters the cell via a Glu-
cose transporter upon which (B) it is converted into glucose-6-phosphate by Glucoki-
nase. Subsequently, (C) glucose is broken down via glycolysis during the Krebs cycle
in mitochondria which leads to the generation of ATP. This results (D) in changes in the
ADP:ATP ratio which causes closure of ATP-sensitive calcium channels. (E) Closure of
these channels induces membrane depolarization which in turn (F) leads to opening of
voltage gated calcium channels. Calcium enters the cells which results in the fusion of
secretory granules containing insulin, thus, causing exocytosis of insulin which ultimately
will lower glucose level creating a feedback loop27,28.
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Similar to insulin resistance, both genetic and environmental factors influence the GSIS response

of beta-cells. Valuable molecular insights were provided by a large number of monogenic forms

of insulin secretion deficiency caused by genetic defects in single genes associated with beta-cell

function, pancreatic development and beta-cell mass. For instance, mutations in KCNJ1129–31 and

ABCC832,33 often lead to hyperglycaemia shortly after birth which is defined as "neonatal diabetes".

Both KCNJ11 and ABCC8 encode components of ATP-sensitive potassium channels (KIR6.2 and

SUR1, respectively), which were known targets for drugs named Sulphonylureas. These medica-

tions increase insulin secretion by binding to SUR1 and closing the potassium channel34. These

monogenic disorders present with very heterogeneous phenotypes that depend on both the type

of genetic mutation as well as the affected gene. For instance, GCK 35 compound heterozygotes

or homozygous loss of function leads severe hyperglycaemia due to the complete loss of sensing

glucose by the beta-cell at birth. In contrast, activating mutations of GCK cause hypoglycaemic

hyperinsulinemia36,37 and heterozygous mutations in GCK 38 cause mild hyperglycaemia from

early age with otherwise few symptoms. This is described as Maturity Onset Diabetes of the Young

2 (MODY2). MODY represents a group of disorders predominantly caused by mutations in GCK

as well as HNF4A, and HNF1A although several other genes have also been identified to cause

subtypes of MODY. Studying these monogenic forms of disease and associated phenotypes has

substantially increased the understanding of the molecular functions of beta-cells. In addition to

the identification of single gene deficiencies in insulin secretion, a large number of genetic studies

has highlighted that GSIS also represents a complex trait influenced by a large number of genetic

variants as described below27,39,40.

1.3 Genetics of T2D

1.3.1 Heritability of T2D

T2D is a complex genetic disorder with both genetic and environmental factors influencing disease

risk. The observed increase in T2D cases worldwide over a relatively short period of time suggests

that changes in the environment are mainly responsible for this increase. These include changes
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in lifestyle related to diet and energy consumption which also raised the prevalence of obesity.

As described above obesity is a major risk factor for T2D development41. It was suggested that

in the past "energy-saving" genotypes were preferentially selected and slowly evolving genetic

factors did not have time to adapt to the new environment introduced by Western lifestyle, thus,

providing a potential explanation for the epidemic prevalence of T2D and obesity42. Also, this

highlights the importance of genetic factors in determining the risk of developing T2D in response

to the environmental stress. Depending on the study and time of follow-up, estimates of the narrow

sense heritability of T2D range from 30%-70%43. Also, a large number of studies have shown that

T2D clusters in families and individuals with one affected parent have a 40% risk of developing

T2D while individuals with both parents affected have a 70% risk of developing T2D during their

lifetime. Similarly, twin studies provided high concordance estimates of 70% in monozygotic

twins and 20-30% in dizygotic twins44–47. While these estimates vary across different studies

due to differences in the population and cohort, these results clearly support the role of genetic

factors in determining the lifetime risk of developing T2D under environmental conditions inducing

metabolic stress42,48.

1.3.2 Genetic studies and T2D

The earliest genetic efforts to identify T2D risk variants were family-based linkage studies and

candidate gene studies. While linkage studies were successful in identifying rare high-risk variants

associated with monogenic forms of diabetes such as MODY and neonatal diabetes, failure to find

consistent linkage indicated that the same kind of rare high penetrant variants were not likely to be

major players in common forms of diabetes. Similarly, candidate gene-based association studies

showed also limited success apart from coding variants in the genes encoding known diabetic drug

targets PPARG49 and KCNJ1150 that were consistently replicated in later studies48.

Advances in genotyping array technology and understanding of the haplotype structure through

the HapMap project gave rise to a new era of Genome-Wide Association Studies (GWAS). These

studies exploited extensive Linkage Disequilibrium (LD) structures observed in the human genome,

tagged by common Single-Nucleotide Polymorphisms (SNPs). This approach provided for the

first time the opportunity to systematically analyse the role of common genetic variants across the
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genome in disease traits without requiring any knowledge of the underlying disease biology. After

the first phase of GWAS51–54, results across different studies were combined to perform a meta-

analysis in larger number of samples to increase power18,55. In addition, studies in non-European

cohorts56–62 were performed and the genetic data from different populations was combined for

trans-ethnic analysis63. Most recently, a large-scale study also investigated the role of rare and low-

frequency variants in the genetic susceptibility of T2D and based on this study these variants are

not likely to play a major role in the genetic architecture of T2D64 (as will be discussed in more de-

tail later). Together these approaches were highly successful in determining T2D (or related traits)

risk variants and to date, GWAS have found more than 150 lead variants at approximately 120 loci

in the genome. Although large numbers of associated variants were identified, characterising the

biological mechanisms acting at these GWAS signals, which is important for clinical translation,

remains difficult. Low effect size estimates and the lack of obvious candidate genes are some of the

main reasons hindering the efficient interpretation of these variants. Nevertheless, GWAS results

have provided useful insight into the pathophysiological mechanisms of T2D by showing that the

majority of variants are associated with insulin secretion while only a much smaller number con-

tributes to insulin resistance. Also, GWAS have helped to dissect the genetic architecture of T2D in

more detail42,64.

1.3.3 The role of coding vs non-coding variation in the genetic suscep-

tibility of T2D and other disease traits

For most complex traits, including T2D, the vast majority of identified GWAS variants is found in

the non-coding genome. In contrast, protein-coding SNPs represent only a small number of GWAS

variants (despite enrichment of coding variants in GWAS signals when taking into account the low

exonic content of the genome). Limited functional knowledge and lack of comprehensive anno-

tation of the non-coding genome has made the inference of biological mechanisms at GWAS loci

difficult. To improve the understanding of non-coding regions, recent large-scale projects such as

the Encyclopedia of DNA Elements (ENCODE) Project Consortium65, the NIH Roadmap Epige-

nomics Mapping Consortium66 and BLUEPRINT Consortium67, have started to systematically

annotate non-coding regulatory regions using various biochemical assays. These assays include
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• Chromatin Immunoprecipitation (ChIP68) to determine the location of histone marks and

transcription factor binding sites

• DNase-seq to determine DNase hypersensitivity sites indicative of open chromatin regions69

• bisulphite conversion approaches to map DNA methylation70,71

• transcriptional assays to determine gene and non-coding RNA expression72,73.

While these efforts highlighted the complexity of non-coding regulatory elements that show vari-

able activity across cell-types and developmental stage, they have been tremendously useful in

determining relevant biology for GWAS signals.

Genomic annotations can be used for global GWAS analysis to identify relevant non-coding annota-

tions, biological pathways and causal variants74,75. A number of studies have shown enrichment of

GWAS regions in cell-type-specific enhancer regulatory elements which highlighted the importance

of distal regulatory elements and may indicate disease-relevant tissue for future studies76–82. For in-

stance, as described in more detail in Chapters 3-5, T2D GWAS variants were found to be enriched

in human pancreatic islet stretch and active enhancers regions as well as islet-relevant transcription

factor binding sites83–86, thus, prioritising these variants for follow-up experiments in human islets

or human islet cell models. Similarly, BMI-related GWAS regions were found to be enriched in

promoter and enhancer regions of neuronal tissues87.

The identification of functional variants through overlap of regulatory annotation is particularly

useful at GWAS loci with multiple-disease-associated variants due to LD. For instance, Harismendy

et al 2011 used an integrative analysis combining sequencing, bioinformatic data and biological

assays to determine potential molecular mechanisms involved in coronary artery disease (CAD) at

the 9p21 locus. This region harbours 8 significantly associated CAD or other cardiovascular disease

loci, thus, making it difficult to determine the causal CAD variant. After sequencing the region,

they found two variants rs10811656 and rs10757278 in high LD (r2>0.8) with the GWAS lead

SNPs at which the risk allele disrupted STAT1 binding in an active enhancer element in HeLa cells

based on chromatin signatures and the activity in luciferase reporter experiments. Additional ex-

periments including expression analysis and chromatin capture in human vascular endothelial cells
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revealed that the risk alleles of rs10811656 and rs10757278 prevent not only interferon-gamma-

dependent STAT1 binding at the enhancer but also modify long-range chromatin interactions and

expression of several neighbouring genes88. Although these results did not provide full evidence

that rs10811656 and rs10757278 are the causal variants at this locus, this study clearly demon-

strated how the combination of GWAS signals with non-coding annotations could be useful to

indicate functional regulatory variants as well as novel biological mechanisms. Similar efforts of

combining regulatory information with genetic data to highlight regulatory mechanisms have been

performed for T2D relevant datasets and the analysis in Chapter 5 will describe the results of such

an integrative approach in more detail.

1.3.4 Importance of GWAS data to highlight disease-relevant tissue

which for T2D GWAS loci points towards pancreatic beta-cells

The results from GWAS have also provided certain useful insights into the pathophysiological

mechanisms underlying the genetic susceptibility of T2D and other diseases. For instance, the

aforementioned enrichment of BMI GWAS variants in non-coding regulatory elements in neuronal

tissues indicates an important role of the central nervous system in governing the genetic suscep-

tibility of obesity87. Also, large-scale efforts that combined T2D GWAS data with measures of

insulin processing, secretion and resistance across a large number of individuals have shown that

defects in insulin secretion are likely the primary driver of the genetic susceptibility of many T2D

GWAS signals. In contrast, only a small number such as PPARG, KLF14, IRS1 and ADAMTS9 are

associated with insulin resistance18,19.

Further support for the role of the islet-cell in T2D susceptibility was provided by the fact that

several T2D GWAS regions are adjacent to genes with a known role in monogenic forms of dia-

betes. These include genes such as GCK, GCKR, HNF1A, HFN1B, HNF4A, INSR, KCNJ11, LMNA,

SLC2A2 and WFS1 of which the majority is associated with beta-cell function rather than insulin

resistance39,40. Thus, T2D GWAS results clearly suggest that the pancreatic beta-cell responsible

for insulin secretion is one of the key disease-relevant tissues through which genetic variants exert

their effect on T2D susceptibility. Considering the importance of non-coding regulatory elements in
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GWAS signals and the cell-type specific nature of these elements, knowledge about disease-relevant

tissues is critical to infer biological mechanisms from GWAS data.

This is exemplified by the FTO locus that is the most strongly associated BMI GWAS locus and

through its correlations with obesity is also associated with T2D in GWAS studies. A recent

study89 overlapped GWAS risk variants at the FTO locus with regulatory information from 127

different cell types and found a unique long enhancer domain in adipocyte progenitor cells with

strong haplotype-dependent regulatory activity in human adipocytes. Shorter enhancer regions in

other tissues such as brain did not show any genotype-dependent effects.

Further experiments involving chromatin capture techniques in preadipocytes identified down-

stream target genes with long-range chromatin interactions that influenced gene expression of

IRX3 and IRX5 in a genotype-dependent manner. Consistent with the developmental regulatory

role of IRX3 and IRX5 these genotype-correlated differences in expression were not observed in

whole-adipose tissue indicating a cell-type specific effect in preadipocyte cells. Through further

experiments including CRISPR genotype modifications, this study identified a causal mechanism

governing obesity risk at this locus. The risk allele of the variant rs1421085 was found to disrupt

the Transcription Factor (TF) motif of a highly expressed adipocyte TF ARID5B thereby inhibit-

ing the repressive effect of ARID5B on IRX3 expression. Overexpression of IRX3 was found to

decrease mitochondrial function and thermogenesis in human adipocytes while an anti-obesity

phenotype including increased energy expenditure was observed in Irx3 whole-body knockout mice.

The effect on energy expenditure was shown to be tissue-specific to adipose cells since differences

in energy regulation were only observed when knocking Irx3 out in adipose cells but not in the

hypothalamus.

In summary, this study determined a causal FTO GWAS enhancer variant at which the risk allele

modified in a tissue-specific manner IRX3 and IRX5, gene expression via modified ARIDB5 TF

binding. This led to a shift in adipocyte development that affected energy expenditure via thermo-

genesis. Thus, these data highlighted molecular pathways at the FTO GWAS locus that influence

obesity risk and may ultimately lead to the development of new anti-obesity drugs targeting these

pathways89. This study clearly showed the importance of interrogating disease-relevant tissue;

however, it can not rule out the existence of alternative molecular mechanisms influencing obesity
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risk at the FTO locus. For instance, a previous study identified genotype-dependent IRX3 expres-

sion changes in human cerebellum90 suggesting that neuronal factors may also govern genetic

susceptibility of obesity at the FTO locus.

1.4 Genome regulation and causal mechanisms at GWAS

loci

1.4.1 Challenges of defining causal GWAS variants

GWAS were very successful in identifying a large number of regions associated with disease and

quantitative traits. However, the identification of causal variants and exact molecular mechanisms

governing T2D or other disease risk has proven more challenging. The lack of understanding how

GWAS signals contribute to biology has hindered the translation of genetic results into clinical

practice.

There are several challenges associated with the identification of causal functional mechanisms at

T2D GWAS loci.

1. the LD patterns and haplotype structures exploited by GWAS to identify associations make it

difficult to actually determine the causal variant. That is, the SNPs tested for association with

disease traits on array platforms were selected to tag LD blocks of several kb in size contain-

ing a large number of variants. These LD patterns do not allow to statistically distinguish

between multiple variants equally associated with the disease trait.

2. small effect sizes of GWAS variants may translate into small biochemical effects that could

require large numbers of samples to establish statistical significance.

3. once biochemical assays indicated variants of potential upstream functional significance, the

downstream gene targets regulated by the variant and the biological mechanisms causing

the disease associations still remain unclear. Since the majority of GWAS hits are found

in non-coding regulatory regions near genes that often do not represent obvious candidate
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genes establishing the link between upstream functional variant and downstream gene target

remains difficult. While GWAS loci are usually named according to the nearest gene this

does not indicate that this gene plays a role in the susceptibility of a disease74,75.

Due to the aforementioned reasons the causal variants and downstream effector transcripts for most

GWAS hits are still not fully understood. However, recent research has definitely improved our

understanding and highlighted potential causal evidence at a number of GWAS loci, including T2D

loci74,75.

1.4.2 Using Fine mapping to establish causal variants

The success of GWAS was largely dependent on the existence of extended LD patterns. These pat-

terns allowed for the design of efficient genotyping platforms that interrogated the whole-genome

by assaying common tag SNPs (Minor Allele Frequency >5%) in these LD blocks. While this

approach facilitates the discovery of large GWAS regions spanning several kilobases, it is at dis-

advantage when trying to pinpoint causal variants and to distinguish multiple association signals

at a locus. To overcome these limitations, fine-mapping approaches have been developed that aim

to reduce the size of genomic intervals and variant sets at GWAS regions. In contrast to GWAS

arrays, fine-mapping requires the creation of extensive variant sets to be certain the causal variant

is likely genotyped or imputed. This is followed by statistical analysis that breaks down the LD

pattern since functional analysis of the identified variants would often not be feasible (although

recent technological advances, such as massive parallel reporter assays, have substantially improved

the ability to perform high-throughput functional experiments91). Resequencing is one of the most

accurate ways to catalogue common and rare variants in GWAS regions; however, the large sample

size required to detect small effect sizes observed in T2D GWAS makes this method prohibitively

expensive for T2D case-control studies. Thus, customised genotype arrays providing high-density

coverage in GWAS regions that can be imputed in publicly available large-scale sequencing panels

such as 1000G have been established as cost effective alternative for fine-mapping92. For instance,

the Metabochip array93 contains approximately 200,000 variants at GWAS loci of cardiovascular

and metabolic traits including T2D and has recently been successfully used to create credible vari-
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ant sets of 49 distinct association signals of GWAS loci using a Bayesian factor analysis83. These

credible variant sets can be interpreted in a similar way to a confidence interval determined from

frequentist approaches. For each variant in the set, an estimate is derived from the fine-mapping

data that represents the Posterior Probability (PP) for a variant to drive the GWAS signal at a given

locus (assuming a single causal variant). The 99% credible set represents the variants that collec-

tively capture 99% of the PP at the locus. Overlap with disease-relevant tissue regulatory annota-

tions can then be used to further refine the causal variant or to highlight the causal mechanism92.

For instance, using metabochip, a recent study showed that at 10/49 distinct association signals

(at 39 established T2D GWAS loci) the number of 99% credible set variants was less than 10. At

the MTNR1B locus, the 99% credible set in fact contained only the single variant rs10830963 and

it was possible to show that the risk allele induced NEUROD1 binding and increased enhancer

activity leading to higher MTNR1B expression83.

An alternative approach to customised chips is trans-ethnic fine-mapping meta-analyses that exploit

differences in LD pattern across different ethnicities with the underlying assumption that the causal

variant is shared across populations. The haplotype diversity in the different populations is expected

to reduce the number of credible set variants to ones that are in high LD with the causal variant

across all trans-ethnic groups92. The advantages of trans-ethnic analysis were highlighted recently

when contrasting the results from European only and trans-ethnic meta-analysis. For almost all

investigated loci the number of variants in the credible set was reduced through the trans-ethnic

meta-analysis compared to the European analysis. The best improvement was seen at the JAZF1

locus at which the European analysis identified 9 credible set variants that spanned 76kb while the

trans-ethnic meta-analysis reduced the number to 4 SNPs within a region of 16kb63. One of the 4

remaining credible set SNPs mapped to an enhancer region, showed allelic imbalance in enhancer

activity in human islets and was associated with CREB5 expression94.

1.4.3 Functional methods to link disease regions to GWAS hits

As described fine-mapping represents a powerful approach to reduce the number of potential causal

variants, however, it does not provide any functional annotation. In the following sections various

attempts to ascribe function to GWAS loci and highlight potential molecular mechanisms involved
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in disease risk will be described.

1.4.3.1 DNA methylation

DNA methylation is an important heritable epigenetic mark that contributes to a number of biologi-

cal regulatory processes including development, X-chromosome inactivation, genomic imprinting

and regulation of gene expression. DNA methylation occurs in vertebrates predominantly at the 5’

position of cytosines adjacent to guanines defined as CpG sites most of which show high and stable

methylation levels in mammalian genomes. The self-complementary nature of CpGs allows for the

heritable propagation of the DNA methylation status through cell division by the maintenance DNA

methyltransferase enzyme DNMT1. In a process similar to the semi-conserved DNA replication

mechanism, the enzyme recognises hemi-methylated CpG sites in the genome and restores the

methylation state at the unmethylated CpG site. While the majority of the genome is highly methy-

lated, CpG-islands (CGI) are mainly unmethylated. CGIs represent very CpG-dense regions which

are predominantly found in 5’ promoter regions.95. While DNA methylation is largely influenced

by methyltransferase activity, recent studies showed that the genetic code may also influence DNA

methylation levels in the form of methylation Quantitative trait loci (mQTL)96–104. mQTLs are de-

fined as genetic variants at which the genotype is strongly correlated with nearby CpG-methylation

levels, and these genotype-methylation associations are often tissue-specific105.

Given the important regulatory role of DNA methylation, it is not surprising that an ever increasing

number of both monogenic and complex diseases has been associated with changes in DNA methy-

lation. Imprinted regions are highly susceptible to be involved in clinical disorders since genes in

this regions only have one active copy; thus, the loss of a single functional allele due to genetic

and/or epigenetic mutations can have severe consequences. Several imprinting diseases have been

identified which are at least partially caused by changes in CpG-methylation pattern at imprinted

regions106. These include Prader-Willi Syndrome107,108 and Angelman syndrome109 associated

with deletions on chromosome 15 in the imprinted region 15q11 .

There is also accumulating evidence for a role of DNA methylation in the aetiology of complex

disease phenotypes. GWAS regions associated with complex disease phenotypes are predominantly
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found in non-coding regions with little knowledge regarding the precise molecular mechanisms

driving disease association; it has been suggested that some GWAS loci may mediate their effect

on the disease phenotype via methylation. This idea has been supported by several observations.

Firstly, the addition of methyl groups to CpG sites renders them much more susceptible to DNA

mutations thus, creating mutation hotspots in the genome95. Secondly, GWAS regions associ-

ated with complex diseases were found to be enriched in disease differentially methylated regions

(DMRs), which differ between healthy and affected individuals, as well as genetic mQTL variants

associated with DNA methylation of nearby CpG-sites110. For instance, adipose and fetal brain

mQTLs were previously linked to distal regulatory elements associated with metabolic disease100,

bipolar disorder111 and schizophrenia96 GWAS regions. Studies also found enrichment for mQTLs

and DMRs in T2D GWAS regions, and these are discussed in more detail in Chapter 3. While lim-

itations of defining directional causality also apply to these studies, the integration of genetic and

epigenetic data provides still useful information to prioritise potential genetic upstream effector

variants and downstream gene targets105. An adipose tissue study investigating metabolic disease

identified a significant mQTL SNP rs713586 that was a lead BMI GWAS variant and correlated

with DNA methylation in an enhancer element near the ADCY3 gene which was previously linked

to obesity. The variant rs713586 was also in high LD with the SNP rs6749422 which was present in

multiple transcription factor binding sites (TFBS), thus providing a potential molecular mechanism

that may be responsible for the genetic association100. Despite the usefulness of combining genetic

and epigenetic data to understand GWAS signals of complex disease phenotypes, these studies

still remain complicated since epigenetic regulatory regions are often highly tissue-specific. For in-

stance, Ziller et al 2013 showed that tissue DMRs, which are highly cell-type-specific methylation

regions, are mutation hotspots and strongly enriched in distal regulatory elements such as enhancers

and TFBS. In addition, these tissue DMRs also represent mutation hotspots and are highly over-

represented near GWAS hits112. Based on these data it can be concluded that the interpretation of

GWAS signals using epigenetic context requires knowledge about and access to disease-relevant

tissue which may not be possible for all complex diseases. Further information about human pan-

creatic islet DNA methylation, the identification of hypomethylated regulatory elements in human

islets and the role of these elements in T2D genetic susceptibility will be provided in Chapter 3.
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1.4.3.2 Chromatin structure and transcription factor binding

Chromosomal DNA in eukaryotic genomes is always associated with chromatin. That is, about

147bp of DNA are periodically wrapped around histone protein subunits (H2A, H2B, H3 and H4)

that form octameric structures termed nucleosomes which are separated by about 50bp of linker

DNA and a linker histone named H1113. Both histone and nucleosomal structures influence DNA

accessibility and broadly split the genome into accessible and transcriptionally active euchromatin

and in inactive heterochromatin, thereby regulating cell-type specific transcription, splicing, re-

sponses to DNA damage and overall chromatin structure. Dynamic changes of histones in the

form of posttranslational modifications (PTMs) of amino acid tails such as methylation, acetyla-

tion and phosphorylation influence the chemical properties of histones and their affinity for DNA

or other DNA-binding proteins such as transcription factors (TFs)114,115. Active euchromatin

is associated with high levels of acetylation at H3K27 and trimethylation of H3K4, H3K36 and

H3K79, while heterochromatin is marked by low acetylation of H3K27 and increased methylation

of H3K9, H3K27 and H4K20116,117. These PTMs are controlled by a large number of enzymes

that can either add or remove certain types of PTMS and are generally described as histone writers

or erasers. Histone writers include methyltransferases and histone acetyltransferase (HAT) that

increase methylation and acetylation levels, respectively, while histone erasers represent histone

demethylases (HDAC) reducing methylation and histone deacetylases decreasing acetylation mod-

ifications. PTMs are often altered during transcription through transcriptional co-activators with

HAT domains or corepressors that have HDAC domains113,117,118. Recently it was also suggested

that the main transcriptional machinery including RNA polymerase II could recruit HDACs and

HATs to actively transcribed regions to regulate these genomic segments119. In addition to his-

tone PTMs, nucleosomes also influence chromatin structure and DNA accessibility, particularly,

at Transcription Start Sites (TSS) to regulate initiation of transcriptional activity by providing ac-

cess to TFs and other DNA-binding proteins. Removal of nucleosomes from the TSS is associated

with increased gene expression while the accumulation of nucleosomes at the TSS leads to de-

creased transcription120. This process of chromatin remodelling is controlled by large complexes

which cause ATP-dependent restructuring or destabilisation of nucleosomes. Different types of

remodelling complexes exist that have marginally different roles in the regulation of chromatin

structure113,121.
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Similarly to DNA methylation, chromatin also has an important regulatory role and thus, is critical

for both monogenic and complex diseases. For instance, altered histone modifications are asso-

ciated with Rubinstein-Taybi syndrome. It is a genetically heterogeneous autosomal dominant

neurodevelopmental disease characterised by intellectual disability, facial abnormalities, heart

defects and increased tumour risk. In the majority of cases Rubinstein-Taybi syndrome is caused

by dysfunction of the HAT activity of the cAMP-response element binding protein (CPD)122,

thus, leading to disturbed histone acetylation in the genome which in some cases can be treated

by HDAC inhibitors106. Defects related to chromatin structure are also associated with neurode-

velopmental disease. The X-linked alpha-thalassemia mental retardation (ATRX) syndrome is a

clinically heterogeneous disease with affected individuals showing severe intellectual disability

and a range of other symptoms. ATRX is caused by mutations in the ATRX gene which encodes

a chromatin remodeler localised to pericentromeric heterochromatin. On the molecular level mu-

tations in ATRX are associated with a range of epigenetic abnormalities including modifications

in imprinting, abnormal methylation and downregulation of alpha-globin106. In addition to being

involved in monogenic disease, chromatin accessibility and histone modifications are also useful

for understanding complex disease biology by annotating the genome as described before in more

detail.

Next generation sequencing techniques such as ChIP-seq and DNase-seq, which assay DNA bind-

ing proteins and open chromatin, have provided the opportunity to systematically annotate an ever

increasing number of tissues for histone modifications and chromatin accessibility. However, these

studies were often limited to providing a static view of the epigenomic landscape of rare primary

tissues since high cell numbers (in the range of millions of cells) were required for these assays118.

With the development of a novel more efficient approach such as ATAC-seq123, which requires

much fewer cells (about 10,000-50,000), future studies will be able to provide more detailed insight

into the variability of chromatin elements across individuals and dependent on disease status (for

a more in-depth comparison of biochemical chromatin assays see Chapter 4). For instance, recent

studies have identified in certain tissues chromatin QTLs (chQTL) which are genetic variants at

which the genotype is associated with chromatin accessibility potentially through modifying a TF

binding event. A recent study showed that chQTLs identified from lymphoblastoid cell lines using

DNase-seq modified the position of nucleosomes and were enriched for TFBS and GWAS SNPs124.
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Assessment of chQTL in (often rare) disease relevant primary tissue using an efficient method like

ATAC-seq could provide valuable insight into disease pathophysiology. Chapter 4 will describe the

analysis of human islet and iPSCs ATAC-seq open chromatin data to improve understanding of islet

function and development and in Chapter 5 the islet ATAC-seq data will be used to identify highly

T2D-associated variants with allelic imbalance in open chromatin to provide potential functional

mechanisms at T2D GWAS loci.

1.4.3.3 Transcription and expression of genes

While DNA found in all tissues encodes the full information required to generate any type of pro-

tein, it is not directly translated into protein. DNA is initially transcribed in a tissue-specific manner

into RNA, which later on is translated into protein. Hence, measuring RNA levels through either

microarray technologies or RNA-sequencing provides valuable information on the expression and

activity of genes in a given tissue. Since gene expression is highly heritable, it provides a powerful

tool to link genetic variation to regulatory function through the identification of expression QTLs

(eQTLs). eQTLs refer to genetic variants at which the genetic status is correlated with the expres-

sion of nearby genes (cis-eQTLs which are often defined to be within 1Mb of a gene) or distant

genes (trans-QTLs which can be associated with the expression of any gene in the genome)125.

Cellular context plays an important role for these associations which are often tissue-specific126–128

. In addition to regulatory information on a given variant, eQTLs also link genetic variants to gene

products and, hence, have been suggested to be extremely useful in elucidating the role of GWAS

variants in complex diseases129. In recent years the GTEX project has been established to collect

RNA-seq data on 60 tissues across 900 individuals to provide a resource database on the interaction

between genetic variation and gene expression130. Consistent with the regulatory role of GWAS

SNPs, eQTLs of disease-relevant tissue were found to be enriched in GWAS SNPs. While eQTLs

are a highly useful tool to interrogate the regulatory role of GWAS variants, LD across multiple

variants makes it difficult to pinpoint a causal variant. Additionally, eQTLs do not necessarily in-

dicate a causal relationship between the genetic variant and gene expression, thus, experimental

follow-up of these interactions is required to determine causality129.
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1.4.3.4 Integration of genetic, epigenomic and transcriptomic data

While the previous parts of the introduction have described a number of epigenetic (DNA methy-

lation), epigenomic (chromatin accessibility and histone modifications) and transcriptomic an-

notations as individual entities, the reality is much more complex considering that none of these

genomic annotations are acting in isolation. In fact, the majority of these annotations is highly in-

terconnected and correlated in the genome. In a recent study, Ernst et al developed a software tool

called chromHMM which represents a multivariate Hidden Markov Model (HMM). It was applied

to 9 chromatin marks across 9 cell types to segment the genome into 15 types of regulatory states.

This approach drastically reduced the possible number of combinations of investigated chromatin

marks and identified poised and active promoters, weak and strong enhancers as well as transcrip-

tionally active, insulator, repressed and inactive regions of the genome. Active regulatory states

such as promoters and enhancers were found to be highly cell-type-specific and their activity cor-

related with gene expression of nearby genes. As described before, enhancers of disease-relevant

tissue were enriched for GWAS hits confirming their relevance for complex disease biology76.

Similarly, the Epigenome Roadmap Project investigated DNA methylation, chromatin accessibil-

ity and a large number of histone PTMs across 111 tissues and using chromHMM predicted up

to 50 chromatin states by combining up to 24 histone marks in the model. Through this approach,

they also investigated the co-occurrence of histone marks with open chromatin and DNA methyla-

tion. In general, active regulatory elements were found to be associated with H3K4me, H3K4me1,

H3K27ac, open chromatin and either low-intermediate methylation (enhancers) or very low methy-

lation levels (promoters). Although DNA methylation levels across different annotation varied

according to the differentiation state of cell types, it was found that the activity of distal regulatory

enhancer elements correlated with lower DNA methylation levels and higher levels of the histone

mark H3K27ac. In accordance with previous results, this study also found that active regulatory

elements and in particular, enhancers showed enrichment across GWAS traits and can be used to

highlight disease-relevant tissue82. In addition to identifying disease-relevant regulatory states and

tissues, another study investigating cardiac QT interval and QRS duration GWAS loci found that

functional prioritisation of enhancer elements using a combination of histone marks, DNA methy-

lation and open chromatin can be used to identify novel disease-relevant loci that have not passed

genome-wide significance131. Overall these results indicate the importance of such integrative
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approaches to uncover and understand biological mechanisms governing genetic susceptibility to

complex diseases. The work in Chapter 5 will integrate newly generated and existing epigenomic

human pancreatic islet datasets to refine islet chromatin states and identify likely causal T2D risk

variants.

1.4.4 The contribution of rare strong effect size variants and copy

number variants in disease

GWAS has been highly successful in identifying large numbers of loci associated with T2D, how-

ever, by design GWAS has mainly focussed on common variants with a minor allele frequency

(MAF) >5%. Based on GWAS results the common-variant common-disease hypothesis has been

used to describe the genetic architecture of common diseases. That is, a large number of common

variants, each with small effect size contribute to common disease risk132,133. However, common

genome-wide significant GWAS Single Nucleotide Variants (SNVs) identified to date only explain

a portion of the estimated heritability and, hence, the rare variant hypothesis was proposed. Consid-

ering that rare variants collectively are very common throughout the genome, it was suggested that

rare alleles with strong effect size contribute most to common disease risk134–136. However, recent

evidence indicates that common variants with small effect size (often not passing genome-wide

significance) explain most of the genetic susceptibility of common diseases or traits137,138. In the

field of T2D, a recent genetic study investigating more than 100k T2D case-control samples using

a combination of whole-genome sequencing, whole-exome sequencing and exome chip genotyp-

ing found that the genetic susceptibility of T2D is mainly explained by common variants and that

low-frequency and rare variants likely do not explain a large portion of genetic T2D susceptibil-

ity. These results do not rule out though the existence of rare variants with strong effect size in the

population that may provide useful insights into disease biology64.

Protein truncating variants (PTVS) represent one type of strong effect size variants that perturb

gene activity. PTVs are often also referred to as Loss of function (LoF) variants; however, this

term is ambiguous since LoF on the gene level may cause Gain of function (GoF) on the protein

level (e.g. when an inhibitory domain is affected). Hence, throughout this thesis, the term PTV
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will be used. These variants may be used to evaluate the effect of reduced gene function in vivo

since they are almost equivalent to human gene knockouts (in homozygous state) which may pro-

vide clinically relevant information139. For instance, PTVs of CCR5 are associated with reduced

susceptibility to HIV140, reduced function in the gene CASP12 decreases the risk of sepsis141 and

PTVs of PCSK9 are associated with reduced Low-density lipoprotein levels and protection against

atherosclerosis. Notably, mutations leading to enhanced protein function in PCSK9 are associated

with severely increased cholesterol defined as familial hypercholesterolaemia. These observations

initiated drug development aiming to inhibit and replicate the positive effect of PCSK9 PTVs which

led to the development of PCSK9 inhibitor drugs that have been shown to reduce atherosclerosis

risk.

This highlights that strong effect size variants provide useful insight into the physiological rele-

vance of genes and may indicate new drug pathways. However, these variants are almost always

rare and not well detected using current technologies and annotation approaches. SNVs, which only

represent a subset of potential PTVs, can be detected with high accuracy nowadays; however, small

insertions and deletions (indels) and larger Copy Number Variants (CNVs) or Structural Variants

(SVs), which can also act as PTVs, remain difficult to detect using next-generation sequencing

(NGS) technologies. Differences in read depth and the use of short reads makes it difficult to iden-

tify these indels and CNVs confidently. Once potential PTVs are identified, it remains challenging

to annotate the variants correctly. In particular, due to the existence of different gene annotation

datasets and tools that may provide contradicting results with respect to the location of a variant in

a gene. Accurate information about the location of a variant in a gene is important for functional

predictions on gene function. In addition to accurately identifying and annotating variants, deter-

mining the effect of the variant on protein function is even more challenging due to several reasons.

Firstly, transcription levels of affected genes which are often simple to obtain for most tissues, may

not necessarily correlate with protein levels due to post-translational regulatory mechanisms142.

Secondly, due to the existence of multiple transcripts which are the results of alternative splicing,

only some isoforms may be affected by an identified variant. Thirdly, compound heterozygous or

other modifier mutations may modify the effect of a variant across individuals143.

This thesis will mainly focus on CNVs which are one type of major impact variants. These repre-
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sent regions of the genome at which gains or losses in copy number lead to duplications or dele-

tions, respectively, and can affect several kb or even Mb in the genome. In particular, CNVs affect-

ing the coding regions can act as PTVs (although this terminology may not be suitable for CNVs

and hence, the term Protein Duplicating Variant (PDV) will be used together with PTVs to describe

these variants better). In recent years it could be shown that CNVs frequently occur in the human

genome and contribute significantly to human genetic variation and disease144. CNVs can be distin-

guished into two types. Recurrent CNVs generally are of similar size and often share breakpoints

while non-recurrent CNVs vary in size, have different breakpoints and often show only partial

overlap. Three main processes are involved in the generation of CNVs. Firstly, non-allelic homol-

ogous recombination occurs in regions of the genome with a large number of duplicated segments

which can lead to misalignment and unequal crossing over during cell division and, thus, create

often recurrent deletions or duplications. Secondly, non-homologous end-joining can result in dele-

tions after a double strand break occurs in the DNA and the separated strands are ligated together.

Thirdly, fork-stalling and template-switching may lead to the generation of CNVs during DNA

replication when the replication fork comes to a standstill, and the lagging strand becomes disat-

tached. When the disattached strand comes in contact with an upstream or downstream replication

fork, this can lead to a deletion or duplication, respectively145 .

While CNVs represent a form of genetic variation in healthy individuals, CNVs have also been

associated with a variety of diseases, in particular, monogenic forms of disease. Syndromic dis-

orders such as DiGeorge/Velocardiofacial syndrome146 or Williams-Beuren syndrome147 often

involve relatively large de-novo microdeletions or microduplications with high penetrance and in-

tellectual disability or congenital abnormalities as clinical phenotypes. However, in recent years it

was discovered that CNVs also cause highly variable disease phenotypes. For instance, CNVs at

16p11.2 are associated with varying clinical features ranging from reduced intellectual ability, lan-

guage impairment, autism, seizures and obesity or underweight depending on the CNV and affected

region148,149.

In addition to monogenic forms, CNVs have been suggested to play a role in the development of

complex diseases. Studying CNVs in complex diseases may lead to the identification of novel

GWAS hits that contribute to the missing heritability, and may potentially provide causal mech-
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anisms at already established GWAS loci150. While for neuropsychological disorders such as

schizophrenia and autism, CNVs may contribute substantially to genetic disease risk151, it was

shown in 2010 that common CNVs likely do not have a major impact on the genetic susceptibil-

ity of most complex diseases. However, these studies did not rule out the existence of rare CNVs,

especially those in the coding region that may influence common disease risk152. Thus, novel ap-

proaches to study rare coding CNVs are needed to shed more light on the role of these variants in

common disease pathophysiology. Chapter 6 will analyse the contribution of coding CNVs to T2D

susceptibility and describe a novel pipeline for deletion detection from exome chip array data.

1.5 Aims of this thesis

• Characterising the whole-genome DNA methylome of human pancreatic islets using WGBS

and determining the role of islet DNA methylation in T2D genetic susceptibility

• Exploring the open chromatin landscape of human pancreatic islets and induced Pluripotent

Stem Cells (iPSCs) using ATAC-seq to refine the location of T2D risk alleles at T2D GWAS

loci and improve the understanding of beta-cell development and function

• Integrating different types of genomic datasets with T2D genetic association data and testing

highly associated variants overlapping enhancer states for allelic imbalance in islet open

chromatin to define likely causal mechanisms at T2D GWAS loci

• Characterising the role of rare coding CNVs in T2D and obesity genetic susceptibility
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CHAPTER 2

General Methods

2.1 Human islet tissue databank

Human adult pancreatic islets were isolated from deceased donors that have provided full ethical

consent at either the Oxford islet isolation facility in OCDEM, University of Oxford, UK, or at

the Alberta Diabetes Institute in Edmonton, Canada, through a collaborative effort with Dr Patrick

McDonald. DNA was obtained from 100-150 hand-picked human pancreatic islets per sample to

assay DNA methylation (Chapter 3), to interrogate the open chromatin landscape (Chapter 4) of

human pancreatic islets and to integrate these datasets with other previously generated epigenomic

data (Chapter 5). Sample details and characteristics are provided in the relevant Chapters 3-5.
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2.1.1 DNA extraction from human pancreatic islets for bisulphite pro-

cessing and DNA methylation analysis

DNA extraction was performed by one of the members of the Prof Mark McCarthy and Prof Anna

Gloyn laboratory using one of the following methods.

2.1.1.1 DNA extraction based on phenol-chloroform extraction

DNA for all whole-genome bisulphite sequencing (WGBS) samples (n=10) and for a subset of the

450k samples (n=18) was extracted from a phenol-chloroform fraction that remained after RNA

was extracted from human pancreatic islets (for other purposes) using a method named guanidinium

thiocyanate-phenol-chloroform extraction153. A short description of the preceding RNA extraction

follows below:

After isolation, islets were pelleted by centrifugation, washed using phosphate buffered saline (PBS,

Sigma Aldrich) and lysed with Trizol. The lysate was transferred to a new tube and mixed with

200µl chloroform to separate the organic and aqueous phase. The latter containing the RNA was

removed (and processed separately) while the remaining fraction (including DNA) was stored

at -20°C for DNA extraction at a later point. After storage of the DNA-containing fraction (up

to several weeks), the DNA was precipitated by addition of 300µl of 100% ethanol to the thawed

solution. Next, the solution was incubated for at least 30minutes. In order to create a DNA pellet,

the solution was centrifuged at 4000g for 5minutes at 4°C. Following removal of the supernatant,

0.1M trisodium citrate (Sigma Aldrich) in 10% ethanol was used to wash and incubate the pellet

for 30 minutes at room temperature. The centrifugation, wash and incubation step was repeated

and followed by another wash step using 75% ethanol. Subsequently, the pellet was air-dried for

10 minutes to allow removal of any residual ethanol and resuspended in at least 100µl 8mM NaOH

(Sigma Aldrich) using a heated (50°C) plate mixer set at 400g for 1h.
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2.1.1.2 DNA extraction using spin columns

Phenol-chloroform extracted DNA, as described above, often did not provide enough high-quality

DNA for bisulphite conversion. Hence, additional islet DNA, used for the Illumina 450k array

(Oxford islets n=13, Edmonton islets n=10, the latter were sent on dry ice), was extracted using

the ReliaPrep gDNA Tissue Miniprep system (Promega) according to the instructions provided

by the manufacturer. Specifically, islet tissue was initially digested with Proteinase K followed by

cell lysis. Subsequently, RNase was added to the solution to remove RNA, and the samples were

extracted using a spin-column.

2.1.2 Quality control (QC) of extracted DNA for bisulphite conver-

sion

After extraction, the DNA was stored at -80°C. Before processing the DNA for bisulphite conver-

sion, I performed DNA quality control. Specifically, the quality and quantity were assessed through

spectrometry, picogreening and the use of the Agilent Bioanalyser (Agilent).

2.1.2.1 Spectrophotometer analysis

A ThermoScientific NanoDrop spectrophotometer was set to analyse dsDNA, and after blanking

with nuclease-free water (1µl), 1µl of DNA from each sample was added to the pedestal. Subse-

quently, the absorbance was measured at wavelengths of 260nm and 280nm. The purity of the

DNA was determined by the 260/280 ratio, and DNA was defined as pure if the 260/280 ratio fell

between 1.8 and 2.1.

2.1.2.2 Picogreening of DNA

A DNA standard was prepared to range from 1000pg/µl to 25pg/µl by twofold serial dilution of

DNA activated type XV standard (Sigma Aldrich). Picogreen dsDNA reagent (P7589 Component

A, Quant-iT, Invitrogen) was diluted 1 in 200 in Tris-EDTA (TE, Sigma Aldrich) buffer. For each
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DNA sample 50µl of 1 in 100 diluted DNA (in TE) were transferred into a well of a black assay

plate (Optiplate 96F, from PerkinElmer) and combined with 50µl of diluted picogreen reagent.

After adding picogreen reagent, the plate was covered and allowed to mix for 6 minutes. The flu-

orescence signal of the picogreen associated DNA was then measured using a laser implemented

in the Cytofluor machine (Multi-well plate reader Series 4000, Perspective Biosystems). The final

DNA concentration (representing double stranded DNA) was calculated using linear regression

parameters derived from the standard DNA dilution series.

2.1.2.3 Agilent Bioanalyser run to test DNA integrity

The Agilent DNA 12000 chip was used in combination with the Agilent ABI 2100 Bioanalyser to

determine the integrity of genomic DNA according to manufacturer instructions using 1µl of DNA

per sample. Proprietary software of the Bioanalyser estimated concentrations and peaks of DNA

using a dye that bound to the DNA and created a fluorescence signal when passing through a laser.

Samples were used for the bisulphite conversion if no DNA was detected below a size of 1000bp.

2.2 Bisulphite conversion of human islet DNA

Bisulphite conversion is among the most common techniques to study DNA methylation. Treatment

of DNA with bisulphite triggers the conversion of unmethylated Cytosines into Uracils while 5’

methyl-Cytosines are unaffected. Following Polymerase Chain Reaction (PCR) amplification

Uracils are converted into Thymine (Fig2.1) and based on the number of Cytosine to Thymine

conversions in the genome the methylation levels for individual Cytosines can be detected by

sequencing or microarray analysis.

2.2.1 Whole-genome bisulphite sequencing

400ng of DNA per human islet samples (n=10) were sent as part of a collaborative effort to Prof

Vardhman Rakyan at the Blizard Institute, Queen Mary University, London, UK and bisulphite-
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converted using the Ovation Ultralow Methyl-Seq DR Multiplex System 1-8 (Nugen). In short,

the DNA was fragmented using sonication to 200-300 bp followed by end-repair to generate blunt

ends and allow for adaptor ligation. The adaptor-ligated DNA was then bisulphite-converted and

PCR-amplified (10 cycles) to produce the bisulphite-converted library for sequencing. The libraries

were purified using Agencourt AMPure beads (Beckman Coulter) and sequenced as described in

Chapter 3.

2.2.2 Illumina 450k array bisulphite conversion

18 samples were bisulphite-converted and processed as part of a collaboration with Prof Stephan

Beck by members of his lab at the UCL Cancer Institute, University College London, London,

UK. The remaining 21 samples were processed in OCDEM, University of Oxford, Oxford, UK, by

myself. For both types of samples, the EZ DNA Methylation Kit (Zymogen) was used to perform

the bisulphite conversion according to the instructions from the manufacturer. In detail, 1µg of

DNA was used per sample in a volume of maximum 45µl and combined with a dilution buffer

inducing DNA denaturation. Then the CT conversion buffer was added to the denatured DNA and

the solution was incubated overnight for the bisulphite conversion. Following the conversion, the

bisulphite-converted DNA was purified using a spin column extraction method provided by the kit.

The bisulphite-converted DNA was then processed by the UCL or Oxford sequencing core using

the Illumina 450k array beadchip according to the instructions provided by Illumina.
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Figure 2.1: Bisulphite treatment of methylated and unmethylated Cytosines. Bisul-
phite treatment leads to the conversion of unmethylated Cytosines (C, purple) into Uracils
(U, light purple) which upon PCR amplification are converted into Thymine (T, red). In
contrast, 5’ methyl-Cytosines (C purple with grey diamond) are unaffected by the bisul-
phite treatment and remain unchanged.
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2.3 Assay for Transposase-Accessible Chromatin with high

throughput sequencing (ATAC-seq)

As described in more detail in Chapter 4, ATAC-seq dramatically reduces the cell number require-

ments for studying open chromatin. This is based on the use of a transposase that binds preferen-

tially to open chromatin and the basic principle is shown in Fig2.2.

ATAC-seq was performed on 50,000 cells as described in Buenrostro et al 2013 and 2015123,154.

After picking cells by hand, they were transferred into 500µl CMRL, washed and lysed. The DNA

from the lysed cells was then transposed using a Nextera Tn5 Transposase (Illumina) and purified

using a PCR Minelute kit (Qiagen). Subsequently, the transposed DNA was PCR-amplified using

customised Nextera primers provided by Buenrostro et al 2013 (primer 1 AD-noMX and one of

AD2.1-2.6 as primer 2 to multiplex samples) for 11 cycles on the PTC-225 Peltier Thermocycler

(MJ Research) machine and purified into 20µl using a PCR Minelute kit. Then another round

of purification with Agencourt AMPure XP magnetic beads (Beckman Coulter) was performed

according to the manufacturer’s instructions to reduce primer dimers. The resulting libraries were

then quantified using a library quantification kit for next-generation sequences (Kapa Biosystems)

on an Applied Biosystems 7900HT system in accordance with the instructions provided by the

manufacturer. The quantified libraries were then submitted for sequencing as described in Chapter

4.
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Figure 2.2: ATAC-seq interrogates open chromatin. The transposase (purple) is charged
with primers (red and blue) and has a preference for open chromatin (regions with lack of
nucleosomes (N) which are shown in grey) where the primers are inserted into the DNA
(black). The primers are then used for PCR amplification which leads to the generation of
a large number of fragments that can be sequenced123.
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2.4 CNV in vitro genotyping validation using qPCR

As part of the exome chip deletion analysis in Chapter 6, Quantitative real-time PCR (qPCR) using

TaqMan copy number assays (according to manufacturer’s instructions) was performed on up to 96

selected Oxford-based UK T2D case-control DNA samples, to determine the copy number status at

selected gene deletion regions.

The experiment was conducted in either duplicates or triplicates per deletion region using a reaction

volume of 10µl per replicate including:

• 5µl of TaqMan Genotyping Mastermix

• 0.5 µl of TaqMan Copy number assay (depending on gene deletion region, see Table 2.1 for

probes labelled with FAM fluorescence dye)

• 0.5 µl of TaqMan Copy number Reference RNaseP assay (labelled with VIC fluorescence

dye)

• 2µl of DNA (total amount 10ng)

• 2µl of nuclease-free H2O

The qPCR plate was thermocycled and fluorescence analysed on an ABI 7900 HT machine using

the "Absolute Quantification" method with the following cycle conditions

• 10 minutes at 95°C

• 40 cycles of 15 seconds at 95°C and 60 seconds at 60°C.
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The resulting data was exported and analysed by applying the ∆∆Ct (cycle threshold) analysis

method using customised R scripts. After determining the mean Ct of the multiplexed target FAM

(C̄t iFAM) and reference RNaseP VIC (C̄t iV IC) assay for each sample (i) the ∆Cti sample values were

calculated. Subsequently, ∆∆Cti values per sample were calculated by subtracting the median ∆Ct

value of predicted diploid samples from individual sample ∆Cti. ∆∆Cti was then used to determine

the relative copy number (CN) state. Specifically, the following formulas were used:

∆Cti = C̄t iFAM −C̄t iV IC

∆∆Cti = ∆Cti−median(∆Ctdiploidsamples)

CNi = 2(−∆∆Cti)

Gene Assay Deletion Samples Diploid CN sample
ANKRD35 Hs00491482-cn 52 44
DOCK8 Hs00572743-cn 21 75
KIF7 Hs01635981-cn 29 7
PTCHD3 Hs00913691-cn 22 74
TRIB3 Hs07209681-cn 37 69

Table 2.1: CNV in vitro genotyping TaqMan probes and samples. The gene, the Taq-
Man probe ID (Assay) and the number of deletion and diploid copy number (CN) samples
used for the CNV genotyping are shown.
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2.5 Genetics studies used in this thesis

2.5.1 GWAS datasets

DIAGRAM, ENGAGE and/or GIANT GWAS SNP summary level data (more information about

the consortia below) were used for the FGWAS enrichment analysis of hypomethylated regula-

tory regions (LMRs and UMRs) in Chapter 3, ATAC-seq open chromatin peaks in Chapter 4 and

refined chromatin states in Chapter 5. In Chapter 6, the summary level data was also used to deter-

mine whether genic CNVs associated with T2D or BMI were near known suggestive (P <5x10-6)

DIAGRAM T2D or ENGAGE BMI GWAS regions, respectively.

In addition, DIAGRAM and ENGAGE GWAS SNP summary level data were used in Chapter 3 to

compare the ability of 450k array and WGBS CpG sites to capture GWAS signal.

2.5.1.1 T2D DIAGRAM consortium

The DIAGRAM (DIAbetes Genetics Replication And Meta-analysis) consortium represents a

group of investigators that are interested in performing large-scale studies to characterise the ge-

netic basis of T2D primarily in individuals with European descent. Further details about the DIA-

GRAM consortium are provided at the website http://diagram-consortium.org. The GWAS

SNP summary level data were generated and provided by members of the DIAGRAM consortium

(Dr Robert Scott) and derived from 26,676 T2D cases and 132,532 controls of European descent

that were analysed on different types of GWAS SNP arrays and imputed up to the 1000 Genomes

March 2012 reference panel.

Also, DIAGRAM GWAS 99% credible set Posterior Probabilities (PP) were provided. These sets

contained the variants that combined capture 99% of the PP. The PP was an estimate for a variant

driving the GWAS signals and was derived from fine-mapping data.
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2.5.1.2 ENGAGE consortium

The ENGAGE (European Network for Genetic and Genomic Epidemiology) consortium seeks

to translate large-scale genetic and genomic epidemiology population datasets into information

relevant for clinical use to ultimately understand risk factors, disease progression and differences in

treatment response (more information on http://www.euengage.org/).

Publicly available BMI, Fasting Glucose (FG) and Total Cholesterol (TC) GWAS SNP summary

level results were obtained from the ENGAGE website (http://diagram-consortium.org/

2015_ENGAGE_1KG/). These were generated from 1000 Genomes imputed (June 2011 reference

panel) GWAS meta-analysis data which were derived from a range of SNP genotyping arrays of

a varying number of individuals (additional information can be found on the website and in the

relevant publications):

• 87.0k individuals for BMI155

• 46.7k individuals for FG155

• 62.2k individuals for TC156

In addition, BMI and FG 99% credible set data were also received from ENGAGE consortium

members (Dr Momoko Horikoshi).

2.5.1.3 Giant Height

The Genetic Investigation of ANthropometric Traits (GIANT) consortium aims to determine ge-

netic loci that affect anthropometric traits such as height and obesity (see website for more infor-

mation http://portals.broadinstitute.org/collaboration/giant/index.php/Main_

Page).

Publicly available Height GWAS SNP summary level data from 253k individuals138, which were

genotyped on a number of different SNP arrays and imputed into the Phase II CEU HapMap data,

was obtained from the GIANT website.
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2.5.2 Exome-sequencing and exome chip datasets for CNV calling

2.5.2.1 ExAC CNV calls

The Exome Aggregation Consortium (ExAC) is a coalition of scientists with the aim to aggregate

and harmonise large-scale exome sequencing data from a number of different projects and to pro-

vide summary level data for the wider scientific community. As part of the ExAC efforts, CNVs

were jointly called from exome sequencing data of approximately 60k individuals by members of

the ExAC consortium (Dr Douglas Ruderfer) as described in Ruderfer et al 2016157 and Chapter

6 Section 6.2.1.2 in more detail. Exonic CNVs calls for a subset of 14.5k T2D-case-control sam-

ples were provided for the analysis presented in Chapter 6. The exome sequencing data of these

14.5k samples was generated as part of the T2D-Genes (10.2k samples), GoT2D (2.7k samples) and

SIGMA (3.8k samples) consortia. The studies used in these consortia (which include additional

samples not used in the CNV analysis) are summarised in Table 2.2.

2.5.3 Exome chip CNV samples

For the exome chip CNV analysis, a subset of 11,686 UK exome chip samples were obtained

from Oxford-based UK T2D case-control samples (n=8178, comprising of UKT2D/GoT2D,

Young Diabetics Oxford (YDX), Oxford Biobank (OBB) and TwinsUK studies) as well as the

Genetics of Diabetes and Audit Research Tayside Study (GoDARTS, n=3508). For 11,414 un-

related samples, full phenotypic data for T2D-association testing was available and Table2.3

provides an overview of the samples used for association testing. These are part of a larger 82k

sample exome chip analysis and more information about the samples can be found here64 and at

http://www.type2diabetesgenetics.org.
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Consortium N Cases Ctrl Study Ethnicity
1026 500 526 Jackson Heart Study Candidate Gene Association Resource African American
1048 518 530 Wake Forest Study African American
1087 526 561 KARE and KNIH East Asian
1078 486 592 Singapore Diabetes Cohort Study and Singapore Prospective Study Program East Asian
861 506 355 Longevity Genes in Founder Populations (Ashkenazi) European

T2D-GENES 982 484 498 Metabolic Syndrome in Men Study (METSIM) European
490 272 218 San Antonio Mexican American Family Studies, Texas Latino

1453 749 704 Starr County, Texas Latino
1069 531 538 London Life Sciences Population (LOLIPOP) South Asian
1148 563 585 Singapore Indian Eye Study South Asian

Total T2D-Genes 10242 5135 5107 T2D-Genes Mixed Ancestry
958 472 486 Finland-United States Investigation of NIDDM Genetics (FUSION) European

GoT2D 187 97 90 KORAgen Study Helmholtz zentrum Mu_nchen (KORA) European
642 322 320 UK Type 2 Diabetes Genetics Consortium (UKT2D) European
921 478 443 PPP-Malmo-Botnia Study European

Total GoT2D 2708 1369 1339 GoT2D European only
1098 551 547 UNAM/INCMNSZ Diabetes Study (UIDS) Hispanic

SIGMA 968 509 459 Diabetes in Mexico Study (DMS) Hispanic
796 270 526 Mexico City Diabetes Study (MCDS) Hispanic
930 487 443 Multiethnic Cohort (MEC) Hispanic

Total SIGMA 3792 1817 1975 SIGMA Hispanic only
Total All 16742 8321 8421 All Mixed Ancestry

Table 2.2: Sample details about the consortia involved in ExAC. For each study, the
number of samples (N), divided into the number case and control (Ctrl) individuals, is
shown. Additionally, information about the contributing studies and sample ethnicity is
provided. Abbreviations: KARE: Korea Association Research Project, KNIH: Korean
National Institute for Health

Cohort N Cases Ctrl Ethnicity
Oxford-based UK T2D case-control 7906 2195 5711 European
The Diabetes Audit and Research in Tayside Scotland (GoDarts) 3508 1715 1793 European
Total 11414 3910 7504 European

Table 2.3: Sample details for the exome chip analysis. For each study, the number of
samples (N), divided into the number case and control (Ctrl) individuals, is shown.
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2.6 Computational analysis

2.6.1 FGWAS enrichment analysis

FGWAS (version 0.3.6)158 was used with standard settings to determine enrichment of islet LMRs

and UMRs (Chapter 3), ATAC-seq islet open chromatin (Chapter 4) and islet chromatin states

(Chapter 5) in DIAGRAM (setting "cc" was applied for use with T2D-case-control GWAS data),

ENGAGE and GIANT GWAS signal. Specifically, FGWAS applied a hierarchical model that

determined shared properties of loci affecting a trait. The FGWAS model used SNP-based GWAS

summary level data and divided the genome into windows (setting "k"=5000 which represents the

number of SNPs per window), which are larger than the expected LD patterns in the population.

The model assumed that each window either contained a single SNP that affected the trait or that

there was no SNP in the window that influenced the trait. The model estimated the prior probability

of a window to contain an association and the conditional prior probability that a SNP within the

window was the causal variant. These prior probabilities were variable, dependent on regional

annotations and estimated based on enrichment patterns of annotations across the genome using

a Bayes approach158. For each annotation, the model provided maximum likelihood enrichment

parameters and annotations were considered as significantly enriched if the parameter estimate and

95% confidence interval (CI) was above 0.

As described in Chapter 5 Section 5.2.3 the best (maximum likelihood) FGWAS model for multiple

annotations was determined by combining significantly enriched annotations followed by a cross-

validation approach. Based on the empirical estimates of the regional and SNP prior probabilities

of the best-fitted model a Bayes factor summarising the evidence of association was determined.

This information was then used to derive FGWAS Posterior Probabilities (PP) for both the window

and each SNP within a window being causal. The window and SNP PP were used to prioritise

likely causal variants at significant GWAS loci for testing of allelic imbalance in open chromatin in

Chapter 5.
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2.6.2 Enrichment analysis of islet annotations

Enrichment of hypomethylated regulatory regions (Chapter 3) and ATAC-seq open chromatin peaks

(Chapter 4) in the following publicly available genomic annotation datasets (for Chapter 4 all but

the islet mQTLs were used) was calculated through random permutation as described below.

• islet ChIP-seq TFBS predictions (FOXA2, MAFB, NKX2.2, NKX6.1 and PDX1) provided by

Dr Kyle Gaulton85

• significant islet eQTLs provided by Dr Martijn van de Bunt159

• genome-wide human CTCF sites from the CTCFBSDB 2.0 database160

• significant islet mQTLs and associated CpG-sites99

To calculate enrichment the true overlap between regulatory regions identified in this thesis (LMRs,

UMRs and ATAC-seq open chromatin peaks) and the above-mentioned annotations was deter-

mined. Subsequently, the regulatory regions (LMRs, UMRs and ATAC-seq open chromatin peaks)

were randomly shifted throughout the genome using bedtools shuffleBed function (1000 times)

and bedtools intersectBed function was used to determine the overlap between both permuted

and unmodified regulatory regions. By comparing the distribution of the permuted overlap to the

true overlap, a P-value (minimum P=0.001) could be derived based on how often the number of

overlapping random sites exceeded the number of overlapping true sites. The resulting P-values

were multiple testing corrected using Bonferroni correction. The fold enrichment was calculated

based on comparing the number of overlapping true sites to the mean number of permuted sites that

overlapped.

2.6.3 Overlap analysis of genomic annotations and genetic variants

For all chapters, the overlap of regulatory regions (CpG sites, LMRs and UMRs in Chapter 3,

ATAC-seq open chromatin Chapter 4 and islet chromatin states Chapter 5) and genetic variants

(CNVs in Chapter 6) identified in this thesis with previously generated genomic annotations (see
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Chapter 2 Section 2.6.2, Chapter 3 Section 3.2.4 and Chapter 4 Section 4.2.7) and/or GWAS sum-

mary level data (see Chapter 2 Section 2.5.1) was determined using the intersectBed function as

implemented in bedtools (version v2.21.0)161.

2.6.4 Visualisation of genomic annotations and genetic variants

For the visualisation of the location of regulatory elements (ATAC-seq open chromatin in Chapter

4 and islet chromatin states, LMRs and open chromatin in Chapter 5 ) and CNVs (Chapter 6) in the

genome, the UCSC genome browser162 was used.

2.6.5 Statistical analysis and figure generation

Statistical analysis including Wilcox-test, Spearman’s correlation, binomial test, Principal Compo-

nent Analysis (PCA), hierarchical clustering and multiple testing corrections (FDR and Bonferroni)

were all performed using R (version 3.0.2)163. To facilitate the analysis of large-scale data the R

package data.table (version 1.9.2)164 was used. Statistical significance was defined as P <0.05

unless stated otherwise.

The majority of figures in this thesis were generated using the R package ggplot2 (version 1.0.0)165.
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CHAPTER 3

DNA Methylation in human islets

3.1 Introduction to DNA Methylation

3.1.1 The regulatory role of DNA methylation

As described in Chapter 1, DNA methylation is an important epigenetic modification that is in-

volved in the regulation of the genome. Throughout life, most of the DNA methylome is stable

apart from a genome-wide epigenetic reprogramming phase during early development when

pluripotency is established. After global demethylation through both active (enzyme mediated

mechanisms such as oxidation of DNA methylation by TET enzymes) and passive (lack of DNA

maintenance) demethylation mechanisms, de novo methyltransferase including DNMT3A, DNMT3B

and DNMT3L re-establish high methylation levels across the vast majority of CpG sites (70-80%).

CpG-dense regions, defined as CpG-islands (CGI), are a notable exception and remain largely un-

methylated throughout the whole life by a set of proteins containing a CXXC DNA binding domain
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that prevent methyltransferases from adding methyl-groups to these sites95,166.

CpG-islands (CGIs) are CpG-rich short DNA regions (approximately 1kb in size) that are predom-

inantly found in promoter and 5’ regions of genes. At these CGI promoter regions, DNA methy-

lation is inversely correlated with gene expression and associated with silencing of transcriptional

activity as part of X-chromosome inactivation167 and imprinting168. The regulatory effects of DNA

methylation on gene expression have been linked to both active and passive mechanisms: on the

one hand, the presence of DNA methylation was shown to actively influence the binding of proteins

that are sensitive to methylation levels including transcription factors169 or Methyl-CpG Binding

Domain (MBD) proteins that mediate a repressive function170,171. On the other hand, transcription

factor binding or activity of the transcriptional machinery may influence local DNA methylation

levels suggesting a passive involvement of DNA methylation in the regulation of gene expression.

Such passive mechanisms have been proposed to act at distant enhancer regulatory elements which

are defined as low-methylated regions (LMR). These LMRs are created through transcription factor

binding which modifies local DNA methylation levels172. In contrast to promoter methylation, gene

body methylation was positively associated with transcriptional activity and may mark alternative

intragenic promoters and affect splicing (Fig3.1A). Similarly, the regions directly next to CGIs de-

fined as CpG-shores (up to 2kb away from CGIs) and shelves (located 2-4kb away from CGIs) have

also been suggested to be involved in tissue-specific gene expression and genome regulation173,

however, their exact role is not well understood yet.95,174.

Recent advances in array technology including the Illumina 450k HumanBead chip (450k array)175

and Infinium MethylationEPIC chip (850k array)176 as well as next-generation sequencing such

as Whole-genome bisulphite sequencing (WGBS)70,71 have allowed to study methylation levels

of single CpG sites compared to earlier methods that only provided regional level information

on methylation status. While the 450k and 850k arrays interrogate with (likely) higher accuracy

only about 485k and 850k CpG sites, respectively, the vast majority of which are found in CpG

island (CGI) and promoter regions, WGBS can, depending on read depth, provide comprehensive

methylation information on all CpG-sites in the genome (about 27 million in hg19).

The improvements in technology have allowed for the identification of methylation Quantitative

Trait Loci (mQTLs), which represent associations between genotype and methylation levels. Due to
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observed associations between transcriptional activity and both DNA methylation and genetic vari-

ants with the latter defined as expression QTLs, the following model assuming causal directionality

between these factors was proposed: genetic variants considered as (almost) unmodifiable over time

act as causal triggers inducing changes in DNA methylation that mediate changes in transcription.

However, the causal directionality between an epigenetic factor and a correlated phenotype can

not be derived without additional information since epigenetic information is not stable over time.

Thus, changes in DNA methylation could be the consequence of differences in cellular activity

influenced by either internal changes such as transcription factor binding or even external environ-

mental factors (Fig3.1B). Recent studies on the population level across three distinct tissues have

provided substantial evidence for more complex relationships including causal, consequential and

independent interactions between DNA methylation and gene expression101,105.

3.1.2 Role of DNA methylation in T2D diabetes and islet function

To date, a large number of studies have linked changes in DNA methylation to both monogenic and

complex forms of diabetes. For instance, imprinting defects associated with abnormal pancreatic

or diabetic phenotypes such as Beckwith-Wiedemann Syndrome near the IGF2 and KCNQ1 region

on chromosome 11178 or Paternal Uniparental disomy 6 at 6q24179 represent single gene disorders

at which changes in methylation and imprinting are associated with severe phenotypes including

early-onset syndromic forms of diabetes106.

In addition to being associated with monogenic diabetes forms, DNA methylation was also pro-

posed to influence T2D pathogenesis. Based on epidemiological observations it was found that

poor early growth is associated with increased T2D risk later in life180–182. For instance, low birth

weight due to poor nutrition levels as observed in the Dutch Hunger Winter cohort183 as well as

high birth weight caused by over-nutrition or hyperglycaemia during pregnancy is associated with

increased risk of T2D in later life184. DNA methylation was proposed to be influenced by an ad-

verse uterine environment and thus, the mechanism that transmits these metabolic memory effects,

which lead to a higher risk of T2D development in adult life185. Follow-up studies involving the

Dutch Hunger cohort have shown that six decades later the group with an adverse uterine envi-

ronment due to poor nutrition levels displayed differential blood methylation levels at the IGF2
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Figure 3.1: The complex role of DNA methylation in regulating gene expression. (A1)
Dynamic changes in DNA methylation have been suggested to influence chromatin reg-
ulatory states, such as enhancers (light blue), that may regulate gene expression. (A2).
DNA methylation in CpG islands (CGI) in or around promoter regions (dark red) is mostly
associated with silencing of gene expression. In contrast, gene body methylation (green)
is positively associated with gene expression and may also be responsible for alternative
splicing (red). Additionally, gene body methylation may also mark alternative intragenic
promoters (yellow). (A3) Genetic variants (blue), defined as mQTLs, have been shown
to correlate with the DNA methylation state of nearby CpG sites174. (B) In contrast to
interactions between SNP and phenotype, the directionality of interactions between the
epigenome, the transcriptome and non-molecular phenotypes can not be directly estab-
lished without additional evidence177.
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imprinted gene as well as several other genes linked to metabolic and cardiovascular function

compared to the group exposed to a normal uterine environment186,187. These results provided addi-

tional evidence that environmental conditions experienced early in life may have an impact on adult

life and influence metabolic disease risk.

Further evidence for the role of DNA methylation in T2D pathogenesis was provided by both

T2D case-control studies that identified T2D-associated differentially methylated regions. Since

blood is readily available, several studies linking DNA methylation to T2D risk have been per-

formed in blood cells188–192. For instance, Chambers et al 2015 performed one of the largest T2D

Epigenome-wide association studies to date including 2500 Indian Asian T2D-case-controls indi-

viduals and a replication cohort of approximately 1500 Europeans. Using the Illumina 450k array,

the study found CpG methylation levels near five genes (ABCG1, PHOSPHO1, SOCS3, SREBF1

and TXNP1) associated with future T2D risk. While these genes are plausible candidates involved

in pathways that may explain the risk of T2D or related metabolic defects, it remains unclear how

the observed differences in methylation are related to T2D onset191. Similarly, Yuan et al 2014

identified T2D-associated DMRs in whole blood in monozygotic twins discordant for T2D. The

most significant signal was in the promoter of MALT1 which is involved in glycaemia and insulin

pathways. The identified T2D DMRs also showed enrichment in T2D GWAS regions thus, high-

lighting the importance of integrating genetic and epigenetic mechanisms190.

While these studies support the role of DNA methylation in T2D development, the direction of

causality remains questionable, and these methylation changes may reflect only biomarkers that

are a consequence of T2D pathogenesis. In particular, since epigenetic effects are often tissue-

specific and hence, it is not clear how these T2D-associated methylation changes in blood could

be driving T2D disease risk. Since T2D is characterised by insulin resistance and beta-cell fail-

ure, studies investigating DNA methylation in disease-relevant tissue involved in the response

to insulin (e.g. skeletal muscle and/or adipose tissue)100,193–195 as well as insulin secretion (pan-

creatic islets99,196–198) are critical. The majority of T2D GWAS susceptibility loci is associated

with reduced beta-cell function; thus, this part of the introduction will focus on the role of DNA

methylation in human islet function and how this is related to T2D loci.

Genome-wide approaches, which studied human islet DNA methylation using the 450k array, found
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methylation changes at 1649 CpG sites and 853 genes associated with T2D status some of which

overlapped with genes near T2D and obesity GWAS loci. For instance, TCF7L2, KCNQ1 and FTO

showed T2D-associated methylation changes in human islets. While both TCF7L2 and KCNQ1

loci were previously associated with islet regulation or function, the role of islet DNA methylation

at the FTO locus in genetic susceptibility of obesity remains unclear. At 102 genes these disease-

associated methylation changes correlated with differential gene expression in vitro. Follow-up of

selected candidate genes in murine alpha- and beta-cells showed that differentially methylated and

expressed genes affect both glucagon and insulin secretion198. Using the same human islet dataset,

a later study found correlations between ageing and the islet methylation levels of 241 CpG sites of

which some were associated with islet gene expression and beta-cell function in in vitro assays. For

a subset of 139 CpG sites, age-associated methylation level changes were previously found in white

blood cells suggesting that blood, which is easier accessible compared to islets, may act as a sur-

rogate biomarker for these age-associated changes199. However, changes in cell-type composition

may affect blood-based biomarker methylation levels and bias the results of such a test. In addition

to islet methylation changes associated with T2D development, a recent study also characterised

the interactions between genetic variation, DNA methylation and transcription in human islets.

Olsson et al 2014 identified 36.8k human islet mQTLs at which the genotype is associated with

the methylation status of 11.7k CpG sites. A number of mQTLs have been previously implicated

in T1D and T2D GWAS loci including ADCY5, KCNJ11, HLADQA1, INS, PDX1 and GRB10. In

combination with gene expression and insulin secretion data, a subset of mQTLs was identified

that was associated with gene expression or insulin secretion; however, statistical causality using a

causal inference test could only be established at very few sites. Knockdown of selected genes such

as Gpx7, Gstt1 and Snx19 in murine INS1 beta-cells, at which expression changes were associated

with methylation status, had an effect on proliferation and apoptosis, thus, potentially highlighting

how changes in DNA methylation may affect gene expression and beta-cell function99.

While these studies provided useful insight into the role of DNA methylation in human islet bi-

ology, there were also several limitations. Firstly, the studies were restricted to the 485,000 CpG

sites on the 450k array that are primarily located in promoter and CpG islet regions. These CpG-

dense regions were found to be depleted of T2D-associated islet methylation changes and mQTLs

and show limited overlap with T2D GWAS signals enriched for distant non-coding regions. Sec-
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ondly, mQTL overlap with GWAS signals was reported mainly at the locus level without precisely

defining the location of the risk variant or the molecular mechanisms governing disease risk. In

particular, detailed information related to the haplotype structure at the GWAS locus as well as

information regarding the directionality of the methylation effect on disease risk and gene expres-

sion were missing. Thirdly, non-coding regulatory sites are often marked by multiple variable

and highly inter-dependent epigenomic factors (including chromatin, histone modifications, DNA

methylation and non-coding RNA). Thus, integration of different types of genomic annotations

is critical to fully understand molecular regulatory interactions. Fourthly, although the previous

studies identified associations between genetic, epigenetic and expression variation, inference of

causal directionality of epigenetic factors on phenotypic variation remains extremely challenging.

In particular, since a recent study showed that both active and passive relationships between DNA

methylation and gene expression exist101.

The analysis in this chapter aims to characterise the human islet methylome by generating WGBS

and 450k array methylation data and to determine the role of methylation in islet function and T2D

development. The main objectives of the chapter are:

• to compare the WGBS and 450k array methylation data to determine the ability of the two

methods to interrogate the islet methylome, in particular near T2D GWAS regions

• to identify hypomethylated islet regulatory regions using the WGBS islet methylation data

• to determine the involvement of these hypomethylated regulatory elements in the genetic

susceptibility of T2D

3.2 Methods

3.2.1 Human pancreatic islets

Human islets were retrieved from diseased donors from the Oxford DRWF Human Islet Isolation

Facility (n=34) and through collaborative work with Dr. Patrick McDonald at the Alberta Diabetes
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Institute in Edmonton in Canada (n=10). The purity of islet endocrine content was determined by

dithizone labelling, which is part of the quality control process performed by the islet isolation

facility. The obtained purity estimates were used to select only high purity islet samples (purity

>70%) for the WGBS and DNA methylation array.

3.2.2 Generation of WGBS data

Ten high purity (purity >70%) endocrine islet samples were used for whole-genome bisulphite

sequencing. DNA was extracted, the quality was assessed and the DNA was bisulphite converted as

described in Chapter 2 Section 2.1. Following the bisulphite conversion, libraries were sequenced

at the High-Throughput Genomics group which is part of the Wellcome Trust Centre for Human

Genetics, University of Oxford, Oxford, UK. Samples were sequenced as multiplex libraries across

3 HiSeq2000 lanes with 100bp paired-end read length to obtain high-coverage read data. To deal

with the low complexity libraries were sequenced together with a control lane and a PhIX spike-in

of 5%.

3.2.2.1 Processing of raw reads

Raw reads were obtained in FASTQ format and basic quality control regarding base quality scores

and duplication rate was performed using FASTQC200. To enhance mapping efficiency paired

reads were cut 10bp at the start and the second read in the pair was also cut 15bp at the end using a

customised python script (version 3.4.1 http://www.python.org).

3.2.2.2 Read mapping and estimating bisulphite conversion efficiency using Bis-

mark

The trimmed reads were aligned to hg19 using the software Bismark version 0.12.5201. In short,

Bismark determines the best alignment for bisulphite converted reads by performing C-T and G-A

conversion on bisulphite converted reads which are then aligned by bowtie2202 (version 2.2.0) to

an equally converted reference genome. Initially single-end alignment of the reads was performed
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with a reduced scoring function (L,0,-0.6) but otherwise standard settings to estimate several pa-

rameters. Firstly, mapping efficiency was calculated by determining the fraction of reads that could

be mapped to the genome for each pair separately. Secondly, insert and fragment size distribution

were estimated from the generated bam files by using samtools203 (version 0.1.19) and customised

python scripts. Thirdly, bisulphite conversion efficiency was determined by evaluating the percent-

age of CpG methylation (expected to be high >70%) and non-CpG methylation (expected to be low

<10%).

Subsequently, paired-end alignment of trimmed reads was performed and unmapped reads from

read 1 were realigned using Bismark and merged with the paired-end alignment using samtools in

order to increase mapping efficiency.

Coverage for the merged paired-end and realigned HiSeq read alignments was estimated for the

human mappable genome (NCBI hg19 2.8 billion base pairs excluding gaps and unmappable and

blacklisted regions according to UCSC and Encode) using bedtools161 (version v2.21.0) genome-

cov function (see Fig3.2)

3.2.2.3 Determining individual CpG methylation levels and variability across sam-

ples

CpG methylation levels, defined as beta, which is the ratio of unmodified C (methylated) and bisul-

phite converted T (unmethylated) alleles, were calculated using BiFAST (mentioned in Lowe et

al 2013204) by determining the number of reads at which either a C or T allele overlaps the C on

either strand. Let C be M and T be U and beta be ß then β = M/(M +U). This analysis provided

methylation estimates and read counts for each C in a CpG-pair for individual samples. High-pass

pooled WGBS data was generated by adding methylated and unmethylated read counts across indi-

vidual low-pass samples to then estimate the average beta methylation levels. All CpG sites with a

coverage of <10X were removed from the analysis.
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Figure 3.2: Average genome coverage per sample. Barplot of the mean coverage per
base (y-axis) across the mappable human genome (2.85x109bp) for each sample (x-axis,
different colours are used per sample). The actual coverage is also shown on top of each
bar.

53



3.2. METHODS CHAPTER 3. DNA METHYLATION IN HUMAN ISLETS

3.2.2.4 Identifying of hypomethylated regulatory regions using WGBS data and en-

richment analysis in GWAS regions

Islet regulatory regions were identified from the pooled WGBS data using the R package methylseek.

After removing CpG sites overlapping SNP markers and partially methylated domains (PMDs),

which represent highly heterogeneous methylation states determined by DNA sequence features205,

from the methylome, regions with low methylation (<50%) were predicted at an FDR of 5%. The

optimal methylation and FDR parameters were inferred from the WGBS data as suggested in the

methylseek workflow. The regions with low methylation levels were then separated into CpG-

rich UnMethylated Regions (UMRs) and CpG-poor Low-Methylated Regions (LMRs) based on

CpG number (threshold 30 CpGs). These sites were previously shown to correspond to promoters

(UMRs) and enhancer regulatory regions (LMRs)206. Both LMRs and UMRs were tested for global

enrichment in BMI, FG, T2D and Total Cholesterol (TC) GWAS signals by applying FGWAS as

described in Chapter 2 Section 2.6.1. Additionally, liver, adipose and pancreas WGBS data were

obtained from the Epigenome Roadmap Project to identify tissue-specific LMRs and UMRs as

described above and repeat the FGWAS enrichment analysis with non-islet regulatory regions to

determine tissue-specific enrichment in GWAS signal.

3.2.2.5 Identification of islet Variable Methylated Positions (VMPs)

To determine the most variable sites in the genome, the analysis was focussed on about 10 million

CpGs with a minimum coverage of 20X across at least 5 samples (coverage per sample at least 5X).

For each of these CpG sites the variance was estimated based on individual sample methylation

levels and the top 5% most variable sites were identified.
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3.2.3 Illumina 450k array analysis

3.2.3.1 Bisulphite conversion and data generation

41 islet samples were bisulphite converted using the EZ DNA Methylation Kit from Zymogen as

described in Chapter 2 Section 2.2.2. Twenty-three of the bisulphite converted samples were then

processed using the Illumina 450k assay by the WTCHG High-Throughput Genomics core while

the other 18 samples were processed as part of a collaborative effort with Prof Stephan Beck by the

sequencing core at University College London, London, UK.

3.2.3.2 Quality Control, Normalisation and extraction of methylation levels

The data was obtained as idat file and analysed using the R package minfi207 and custom R-scripts

(R version 3.0.2)163. To ensure high-quality data, CpG sites with a detection P-value >0.01 which

is indicative of a high background signal were removed from the analysis and samples with >1% of

CpG sites failing this threshold were also removed from the analysis. Also, samples were filtered

based on the results of the bisulphite conversion controls on the array.

Following separate quantile normalisation of signal intensities derived from methylated and un-

methylated Type I probes and Type II probes, methylation levels (ß) were estimated, based on

the intensities of the methylated (M) and unmethylated (U) signal in the following way: β =

M/(M+U ∗100)

3.2.4 Annotating WGBS and 450k array methylation data and enrich-

ment analysis across annotations

CpG sites or regions identified from the WGBS and/or 450k array data were annotated with CpG-

islands derived from the UCSC genome browser162, islet chromatin states86, islet transcription

factor binding sites85, genome-wide human CTCF sites160, islet mQTLs99 and eQTLs159 from

various sources.
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Enrichment analysis of LMRs and UMRs in these genomic annotations was performed by permuta-

tion as described in more detail in Chapter 2 Section 2.6.2. In short, enrichment was calculated for

both LMRs and UMRs, separately, based on comparing the true number of overlapping sites with

most of the above-mentioned annotations (all but CpG-islands and islet chromatin states) compared

to the mean number of overlapping sites derived from 1000 permutations (UMRs and LMRs were

randomly shuffled using shuffleBed function implemented in bedtools161). P-values were deter-

mined based on how often the random number of overlapping sites exceeded the true number of

overlapping sites (min P-value 0.001). The resulting P-values were Bonferroni-corrected to adjust

for multiple testing.

3.3 DNA methylation results

3.3.1 Characterising the DNA methylation landscape of human pan-

creatic islets using WGBS and the 450k array

3.3.1.1 The global methylome of human pancreatic islets

WGBS data was generated for 10 human pancreatic islet samples with a mean number of 830 mil-

lion reads per sample. On average 475 million of the reads per sample were successfully mapped to

the genome (hg19) which represents a median mapping efficiency of 58%. The mean coverage of

the samples across the mappable human genome was calculated at 13X and per sample between 5.1

million to 10.4 million CpG sites were detected with a minimum coverage of 10X. When compar-

ing the CpG methylation beta levels across samples, high-correlation (mean Spearman’s rho=0.71)

between the individual samples was observed (Fig3.3A). Such high levels of correlation are ex-

pected from DNA methylation data considering that most CpG sites are either fully methylated or

unmethylated with little variability across individuals112. Since the individual WGBS sample data

was low-pass, the data was pooled across samples to obtain a high-pass WGBS islet methylome

representing the average islet CpG methylation levels. In total, 23.3 million CpG sites (minimum

coverage 10X) representing the human islet methylome were identified.
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In addition to the WGBS data, methylation data was obtained for 41 human pancreatic islet samples

at approximately 485,000 CpG represented on the 450k array. After performing quality control

by removing probes with detection P-value >0.01 and samples with the number of failed probes

>1%, 450k array methylation data for a mean number of 480,000 CpG-sites and for 32 human islet

samples (these include 5 samples that were also processed for WGBS) remained. Across 450k array

samples, high correlation in islet CpG methylation levels was observed (mean rho=0.97, Fig3.3B).

Similar to the WGBS data, the 450k data was pooled across samples to obtain average islet 450k

methylation levels and the high-pass-pooled 450k and WGBS data at overlapping CpG sites were

compared.

High correlation between the 450k array and the WGBS methylation data at overlapping CpG sites

across all pooled samples was observed (Spearman’s rho=0.89 Fig3.4A) despite the fact that the

overlapping CpG sites had lower and more variable coverage in the WGBS data compared to the

450k array data (due to the array technology). As expected from previous studies the global DNA

methylome of human islets was bimodally distributed, and the 450k data was significantly more

hypomethylated (Kolmogorov-Smirnov (KS) test P <2.2x1016) compared to the WGBS methylation

data (Figure3.4B) due to the focus on lowly-methylated CpG regions on the array.To further delin-

eate these differences between the two methods, CpG methylation status and CpG number of the

450k array and WGBS data across different functional genomic domains based on islet chromatin

state (Fig3.5A) and CpG island annotations (Fig3.5B) were evaluated. Significant differences were

observed in the CpG methylation distributions across most states with the largest differences being

found across weak promoter (KS test D=0.56), transcriptional elongation (D=0.52), transcriptional

transition (D=0.39) and weak enhancer (D=0.39) chromatin states (Fig3.6A). Similarly significant

and substantial differences were also observed in CpG methylation distributions across CpG shelf

(D=0.39), open sea (D=0.35), shore (D=0.30) and even CpG island (D=0.21) regions (Fig3.6B).

Although a number of chromatin states only displayed small differences in the overall methylation

distribution between the 450k array and the WGBS data, for most chromatin states the CpG sites

captured by the 450k array only represented a minor fraction of the total number of WGBS CpG.

For instance, 450k array CpG sites only represent 10.4% (range 5.2-17.0%) of CpG sites in strong

enhancer states that were previously shown to be enriched for GWAS signals (Fig3.7). Overall

these findings show that the 450k array has only very partial and selective coverage outside of pro-
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moter and CGI regions, suggesting that the array is not well-suited to investigate the methylation

status near GWAS or distant regulatory regions.
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Figure 3.3: Correlation heatmap across individual WGBS and 450k samples. Spear-
man’s rho correlation of DNA methylation across individual (A) WGBS and (B) selected
450k samples on the x-axis and y-axis.
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(A) Correlation 450k VS WGBS methylation

KS_P < 2x10-16

(B) Genome-wide Methylation

Figure 3.4: Distribution of genome-wide methylation levels.(A) Spearman’s rho cor-
relation between the 450k array (x-axis) and WGBS (y-axis) at overlapping sites. (B)
Comparing the 450k array (red) and WGBS (blue) methylation levels (x-axis) of all CpGs
genome-wide assayed by either method (y-axis shows density). The P-value shown is
derived using a Kolmogorov-Smirnov (KS) test.
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Figure 3.5: WGBS and 450k methylation levels in regulatory domains (A)-(B) Distri-
bution of 450k (red, x-axis) and WGBS (blue, x-axis) methylation levels (y-axis) across
(A) islet chromatin state (obtained from Parker et al 201486) and (B) CpG-island annota-
tions.
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Figure 3.6: Differences in the methylation distribution in CGI annotation and islet
chromatin states. The differences in the 450k and WGBS methylation distribution mea-
sured as D statistic from the Kolmogorov-Smirnov test is shown for (A) chromatin states
and (B) CpG island annotations. Abbreviations: weak Promoter (wPro), Transcriptional
Elongation (TxElong), Transcriptional Transition (TxTrans), weak Enhancer (wEnh),
Heterochromatin (Het), Poised Promoter (PoisePro), Polycomb Repressed (PolyCRepr),
Insulator (Ins), Active Promoter (APro), Strong Enhancer (Strong Enhancer).
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Figure 3.7: 450k and WGBS CpG coverage per islet chromatin state. For each chro-
matin state (x-axis) the fraction of CpGs for the 450k array (red) in comparison to the
WGBS (blue) data is shown (WGBS is considered as the full set containing all CpG sites).
Abbreviations: weak Promoter (wPro), Transcriptional Elongation (TxElong), Transcrip-
tional Transition (TxTrans), weak Enhancer (wEnh), Heterochromatin (Het), Poised Pro-
moter (PoisePro), Polycomb Repressed (PolyCRepr), Insulator (Ins), Active Promoter
(APro), Strong Enhancer (Strong Enhancer).
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3.3.2 CpG coverage of WGBS and the 450k array in GWAS regions

To quantify the ability of the 450k array to interrogate methylation in GWAS regions, 99% credible

set variant data from the DIAGRAM consortium was used, which is one of the largest T2D GWAS

datasets to date. Additionally, FG and BMI GWAS credible sets were obtained from the ENGAGE

consortium (see Chapter 2 Section 2.5.1 for details). The credible sets were derived using fine-

mapping approaches that provide for each variant in the credible set a posterior probability (PP)

estimate for driving the GWAS signals. The credible sets contain the variants that collectively cap-

ture 99% of the PP at each locus. To estimate the PP captured by the 450k array and WGBS CpG

sites, the PP of all 99% credible set variants within 1000bp of a CpG site per locus was determined

considering that CpG methylation is highly correlated across short distances. For all investigated

GWAS traits, the coverage of the 450k array of likely causal GWAS variants was much lower com-

pared to the WGBS approach (450k array median PP per locus=0.14 VS WGSB median PP per

locus=0.99, Fig3.8A). The limited coverage of 450k array CpG sites in T2D GWAS regions is par-

ticularly represented by the ZMIZ1 T2D locus at which the 450k array CpG-sites captures only a PP

of 0.10 (Fig3.8B) compared to PP of 0.99 captured by WGBS CpG-sites.

Since Illumina recently developed a new methylation array named Infinium MethylationEPIC

850k array with 400,000 additional CpG sites compared to the 450k array, the PP captured by

the 850k array was also determined. While the coverage of causal GWAS variants by the 850k

array improved compared to the 450k array, the coverage is still substantially lower compared

to WGBS (850k median PP per locus=0.36 vs WGBS median PP per locus=0.99). These results

show that WGBS interrogates the methylation status more comprehensively, particularly around

GWAS loci, compared to the currently available 450k and 850k methylation array technologies.

This observation is driven by the selection bias of the array CpG probes, in particular of the original

450k probes found on both arrays, towards promoter and CGI regions.
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Figure 3.8: GWAS Posterior Probability distribution captured by WGBS and 450k
CpG-sites. (A) Distribution of GWAS Posterior Probabilities (BMI, FG and T2D) cap-
tured by CpG sites on the 450k array (read), 850k array (green) and WGBS (blue and
black narrow boxplot). (B) LocusZoom208 plot showing CpG density and credible set
SNPs. SNPs are shown with P-values (dots, y-axis left), recombination rate (line, y-axis
right) and chromosome positions (x-axis) while CpG and gene annotations are shown be-
low. These annotations include CpGs identified from WGBS (black stripe) and 450k CpG
density (red stripes) and gene overlap (ZMIZ1 label). At the very bottom is the region size
shown in Megabases (Mb).
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3.3.3 Identification of islet regulatory regions using WGBS and their

role in T2D and FG GWAS regions

3.3.3.1 Identification of hypomethylated regulatory regions from WGBS data

To explore the role of DNA methylation in human islet function and T2D development, hypomethy-

lated regulatory elements were identified from the pooled high-pass WGBS data and classified into

CpG-poor LMRs and CpG-rich UMR regions. LMRs and UMRs were previously shown to corre-

spond to distal regulatory elements such as enhancers and proximal regulatory elements including

promoters, respectively206. In total, the analysis detected 37.1k LMRs (median CpG number 5 per

region with a region being defined as a continuous stretch of hypomethylated CpGs, see Section

3.2.2.4 for further details) and 13.6k UMRs (median CpG number 106 per region, Fig3.9A). Con-

sistent with previous observations, the identified LMR and UMR regions demonstrated substantial

overlap with previously described chromatin state enhancer (82% of LMRs) and promoter (96% of

UMRs) regions (derived from Parker et al 2012 and Pasquali et al 201485,86 ), respectively.

These regulatory regions were characterised further by overlapping them with different islet anno-

tations that have been identified in previous studies. LMRs and UMRs were tested for enrichment

in various islet annotations including previously described islet expression QTLs159, genome-

wide CTCF binding sites160 and relevant human islet ChIP-seq transcription factor binding sites

(TFBS) including FOXA2, MAFB, NKX2.2, NKX6.1 and PDX185. These islet TFBS were shown

to represent important cis-regulatory regions in islets enriched for T2D GWAS signals. In addition,

publicly available islet mQTLs and associated CpG-sites with correlated methylation status were

obtained from a study that used 450k methylation data from 89 human pancreatic islet samples

for the mQTL detection99. Since these mQTL SNPs and associated CpG-sites were derived from

450k array methylation data they likely represent only a subset of all islet mQTL SNPs and corre-

lated CpGs. This is due to the limited number of CpG sites represented on the 450k array and the

depletion of mQTLs in CpG-dense region primarily interrogated by the 450k array.

Islet LMRs and UMRs were significantly enriched (adjusted P <0.05) in islet eQTL (LMR FE=2.2,

UMR FE=6.4), mQTL SNPs (LMR FE=2.6, UMR FE=3.9) and CpG sites (LMR FE=4.3, UMR
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FE=14.1) as well as islet TFBS (LMR FE=17.2-24.3, UMR FE=5.4-14.8) compared to randomised

sites (Fig3.9B). In addition, LMR and UMR enrichment was also determined for Variable Methy-

lated Positions (VMPs) defined here as showing high deviations from the mean CpG methylation

across at least 5 individual WGBS islet samples (see Section 3.2.2.5). Significant enrichment of

LMRs and depletion of UMRs was found in the top 5% VMPs (LMR FE=2.3, UMR FE=0.6) rep-

resenting the most variable sites in the genome (Fig3.9B). Although technical biases related to

coverage may increase variability at sites of intermediate methylation, these findings, which are

consistent with previous results, suggest that LMRs are more variable than UMRs. In summary,

these results indicate that WGBS methylation data can be used to successfully identify LMRs

and UMRs that represent important distal and proximal regulatory domains, respectively, and are

strongly enriched for several types of islet annotations.

3.3.3.2 Enrichment of WGBS hypomethylated regulatory region in T2D and FG

GWAS signal

Considering the regulatory role of these hypomethylated LMRs and UMRs, these regions were

tested for enrichment in T2D and FG GWAS regions. To determine whether the enrichment was

islet-specific, WGBS Epigenome Roadmap data from different tissues including adipose and

liver, which have also been proposed to play a role in T2D susceptibility, were obtained. Also,

Epigenome Roadmap WGBS whole pancreas data of which only a small fraction ( 1%) represents

endocrine islet cells, was accessed. For each Epigenome Roadmap tissue LMRs and UMRs were

determined separately using the R package methylseek and the identified LMRs and UMRs from

all tissues were tested independently for enrichment in GWAS regions by applying a hierarchical

modelling approach described as FGWAS. In contrast to using PP, FGWAS determines enrichment

based on the association statistics of all genetic variants independent of genome-wide significance.

Islet LMRs showed significant enrichment in T2D (log2FE=3.2, Confidence Interval (CI)=2.3 to

3.9) and FG (log2FE=3.9, CI=2.3 to 5.1) GWAS regions while no enrichment was found across

other likely non-islet mediated GWAS traits such as BMI (log2FE=-24.4, CI=-44.4 to 3.2) and

TC (log2FE=-24.4, CI=-44.4 to 2.0, Fig3.10A). While the enrichment of islet LMRs (log2FE=3.2,

CI=2.3-3.9) was only slightly stronger compared to enhancer regions predicted from ChIP-seq
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histone marks (Strong Enhancer1 log2FE=2.8 CI=1.8-3.5, Weak Enhancer2 log2FE=2.5, CI=1.8-

3.2, only T2D results shown Fig3.10B), this highlights the importance of DNA methylation in

identifying T2D- and FG-associated regulatory regions.

When testing the non-islet LMR regions for enrichment across GWAS traits (Fig3.10A), enrich-

ment signals for T2D and FG GWAS enrichment in Epigenome Roadmap whole pancreas LMRs

was detected (T2D log2FE=2.4, CI=1.1-3.2 and FG log2FE=3.0, CI=1.1-4.3), while adipose and

liver LMRs were not enriched in T2D or FG GWAS regions. The shared enrichment of whole pan-

creas and islet LMRs is likely the result of shared methylation marks during development consider-

ing that whole pancreas and islets are derived from the same embryological root. Liver LMRs were

also found to be enriched in TC GWAS regions (log2FE=2.1, CI=0.4-3.7) which is in accordance

with the fact that the liver is crucial for controlling lipid levels considering its role in cholesterol,

phospholipids and lipoproteins synthesis209.

In contrast to LMRs and consistent with previous studies, we did not find any enrichment of

promoter-like UMRs in T2D or FG GWAS signal across any tissue; however, UMRs across all

tissues were enriched for BMI GWAS signal (log2FE=3.6-3.8). This is consistent with previous ob-

servations that regions near promoters are enriched for BMI GWAS signal in certain cell-types158

and that CpG-methylation levels at promoters are associated with BMI GWAS variants210. Overall

these finding highlight the importance of islet LMRs to understand islet-mediated GWAS traits

such as T2D and FG.
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Figure 3.9: LMR and UMR methylation status and enrichment in regulatory regions
(A) Methylation levels in percent (y-axis) and log2 CpG density (x-axis) of UMR and
LMR regulatory regions with the dashed line indicating the CpG-number (30 CpGs) that
distinguishes LMRs and UMRs.(B) Enrichment of LMRs and UMRs in different types
of regulatory regions including islet relevant TFBS (PDX1, NKX6.1 NKX2.2, MAFB,
FOXA2) from85, significant expression QTLs159 and significant islet mQTL SNPs and
associated CpG sites obtained from99 as well as regions near (within 1000bp) Variable
Methylated Positions (VMPs) derived from the islet WGBS methylation data.
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Figure 3.10: Enrichment of hypomethylated regions in T2D GWAS regions (A) FG-
WAS log2 Fold Enrichment (log2FE, x-axis) of LMRs and UMRs identified from adipose,
islet, liver and pancreas tissue in various GWAS traits (BMI, FG, T2D, TC). (B) Compar-
ing the FGWAS log2FE (x-axis) of islet LMRs to previously identified ChIP-seq enhancer
chromatin states (y-axis) from86.
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3.4 Discussion

The main findings of this chapter were:

• the comparison between the 450k and WGBS islet methylation data showed that WGBS

is important to fully characterise the islet methylome considering the selective and partial

coverage of the 450k array, in particular, around GWAS regions

• based on the overlap with known islet regulatory regions the results demonstrated that

WGBS methylation data can be used to identify hypomethylated regulatory regions cor-

responding to promoters (UMR) and enhancers (LMR)

• the FGWAS analysis determined enrichment specifically for islet enhancer-like LMRs in

T2D and FG GWAS signal while no enrichment was observed in other GWAS traits

This chapter has characterised for the first time the whole-genome human pancreatic islet methy-

lome at single base-pair resolution. The human islet WGBS data described in this chapter showed

that genome-wide DNA methylation information is critical to fully characterise the role of DNA

methylation in islet regulation.

A comparison between methylation chip array technology (450k and 850k array) and the WGBS

data clearly highlighted the differences in the ability of these methods to capture the DNA methyla-

tion status of human islets globally and near T2D GWAS regions. While the 450k array accurately

determines DNA methylation at 480,000 interrogated CpG-sites, the design bias of the 450k array

probes (found on both arrays) towards promoter and CpG-island regions limits the use of the 450k

array to accurately characterise the methylation status across the genome, in particular, near distal

regulatory regions. Also, the methylation arrays provide only selective coverage of GWAS regions,

and they are not well-suited to study the functional role of methylation at GWAS loci. These obser-

vations are consistent with previous studies that have shown that most distal enhancers are enriched

for GWAS signal while proximal regulatory elements such as promoters are not strongly associated

with GWAS regions76,82,84–86.
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Subsequently, the whole-genome islet DNA methylation data described here was used to deter-

mine non-coding regulation annotations defined as LMRs and UMRs. These regulatory LMRs and

UMRs showed consistent overlap with enhancers and promoters, respectively, and were found to

be enriched in several other relevant genomic islet annotations, thus, suggesting that hypomethy-

lated LMRs and UMRs represent important regulatory regions in the genome. Global enrichment

analysis of these annotations in GWAS association data from various diseases found that enhancer-

like islet LMRs showed strong enrichment specifically for T2D and FG GWAS signal. In addition

to islet LMRs, pancreatic LMRs were also found to be enriched for T2D and FG GWAS regions

suggesting shared methylation marks across these developmentally similar tissues. In contrast,

promoter-like islet UMRs did not show enrichment in T2D-related traits which is consistent with

the lack of coverage in GWAS region observed for the methylation array probes that focus on

promoter regions. Overall these results are consistent with previous data that have found that tissue-

specific methylation regulatory domains are critical for tissue function and enriched in GWAS

signal112.

While these data clearly highlighted that the WGBS provides a more comprehensive analysis of

the islet DNA methylome, in particular, around GWAS regions, this study provided only limited

information on the extent of variation in DNA methylation. The generation of large human pan-

creatic islet WGBS datasets is generally limited by the availability of these samples and the high

costs associated with whole-genome sequencing. Thus, associations between DNA methylation

changes, genetic variation and disease status represented by mQTLs and disease DMRs, could not

be elucidated in this dataset. With sequencing costs decreasing over time, future studies should

focus on accumulating larger numbers of high depth WGBS islet methylomes of both healthy and

diabetic individuals in order to shed further light on the regulatory role of DNA methylation in hu-

man pancreatic islets and T2D development. Our research group is currently generating additional

WGBS data for human islets to further improve understanding of the epigenetic DNA methylation

mechanisms governing islet regulation and T2D development.

In conclusion, the data presented in this chapter provides a comprehensive view of the human

pancreatic islet DNA methylome, identifies and characterises hypomethylated regulatory regions

and links these regions to T2D-related GWAS traits, thus, highlighting the usefulness of WGBS
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data in understanding islet regulation. The integration of islet epigenetic DNA methylation data and

other islet epigenomic data to further characterise the biological mechanisms acting at T2D GWAS

regions will be described in Chapter 5.
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CHAPTER 4

Determining the role of open chromatin in islet regulation and

at T2D GWAS loci

4.1 Introduction to open chromatin

As described in Chapter 1, DNA is associated with histone protein complexes which are collec-

tively referred to as chromatin and determine DNA accessibility for DNA-binding proteins. Highly

accessible DNA is usually found in active and transcribed regions in the genome while inacces-

sible chromatin is associated with inactivity. Changes in histones and chromatin structure play a

significant role in cell regulation and are involved in development, DNA replication, transcription,

cell-type specificity, and disease.
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4.1.1 Approaches to assay the open chromatin landscape of cells

Recent advances in next-generation sequencing have facilitated large-scale approaches to investi-

gate histone PTMs and other DNA-binding proteins and provided valuable insights into genome

function. Chromatin Immunoprecipitation followed by next generation sequencing (ChIP-seq68)

is one the most common methods used. It involves cross-linking of DNA and associated proteins

followed by immunoprecipitation of proteins of interest using antibodies. The DNA is then purified

from these DNA-protein complexes, PCR-amplified and sequenced. Accumulation of reads when

analysing read density across the genome is indicative of histone marks or bound protein118,211.

Until recently Formaldehyde-Assisted Isolation of Regulatory Elements followed by sequencing

(FAIRE-seq,212) or DNase hypersensitivity followed by sequencing (DNase-seq69) were the most

commonly used methods to directly study chromatin accessibility. While FAIRE-seq makes use

of formaldehyde to cross-link DNA to proteins followed by sonication and phenol-chloroform

extraction to releases nucleosome-free DNA, DNase-seq applies DNase which preferentially di-

gests nucleosome-free DNA leading to an enrichment of nucleosome-depleted fragments. After

DNA isolation, both FAIRE-seq and DNase-seq involve PCR amplification of the isolated DNA

and sequencing of the amplified fragments to identify open chromatin regions in the genome en-

riched for sequenced reads. While all these technologies provide highly useful information on the

location of histone marks, DNA-bound proteins or open chromatin regions, the large numbers of

cells (100,000 to 10 million depending on the method) required for the experiments hinder the use

of these methods in primary cell types. Investigating variability across individuals is particularly

challenging using these technologies since primary tissue samples are often hard to collect in large

numbers118,211.

A novel method termed Assay for Transposase-Accessible Chromatin using sequencing (ATAC-

seq) has partially overcome these limitations and requires only between 500-50,000 cells, thus,

allowing researchers to study primary tissue samples from single individuals. ATAC-seq uses a

Tn5 transposase charged with primers that are preferentially integrated into nucleosome-free open

chromatin regulatory regions. After the transposition reaction, the open chromatin regions are PCR-

amplified using the inserted primers and sequenced. ATAC-seq provides similar sensitivity and

specificity in terms of signal compared to DNase-seq. However, it is much more time efficient and
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requires much lower cellular input. Thus, ATAC-seq is highly useful for assaying primary tissue

and determining variability in open chromatin across both healthy and diseased tissue123.

4.1.2 The role of chromatin regulation in islet development, islet func-

tion and T2D

The application of these next-generation sequencing approaches, to fully differentiated human

pancreatic islets and developmental pancreatic precursor cells, has shown that epigenetic factors

contribute significantly to the development and mature function of pancreatic endocrine cells. Pan-

creatic tissue is derived from the endodermal germ layer that also gives rise to the gastrointestinal

tract and the respiratory system. The progression from early endoderm into fully differentiated

organs is stepwise through the induction of specific lineage TFs that regulate stage-specific gene

expression programmes. While the TFs involved in the differentiation process are quite well charac-

terised, the associated chromatin changes were not well understood until recently213.

Early work in mouse Embryonic Stem Cells (ESCs) revealed that promoter regions can be marked

by both active histone marks (H3K4me3) and repressive marks (H3K27me3). These promoters are

described as being in a "bivalent state" and predominantly found near developmental regulatory

genes which are inactive in ESCs but in a "poised" state prepared for later activation214. During

developmental progression, H3K27me3 is removed from these bivalent domains leading to nearby

gene activation (Fig4.1A). At the same time, the addition of H3K27me3 to active regions leads

to inactivation, thereby, providing a flexible system of chromatin regulation that controls lineage-

specific gene expression programmes215.

Recent advances in in vitro pancreatic endocrine differentiation protocols have provided the op-

portunity to map the epigenome throughout the whole development of induced Pluripotent Stem

Cells (iPSCs) into pancreatic endoderm. Through this approach, epigenetic chromatin changes

can be tracked across multiple stages of development. Using these novel protocols, Xie et al 2013

confirmed that H3K27me3 regulates both activation and silencing of key endodermal regulators

such as SOX17 during pancreas development216.
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Figure 4.1: Regulation of bivalent promoters and enhancers (A) Bivalent promoters are
marked by both active (H3K4me3, green) and inactive (H3K27me3, red) that leave these
sites in a bivalent state poised for later activation. In hESCs (grey), developmental regula-
tors for Definitive Endoderm (DE) and Pancreatic Endoderm (PE) are in a bivalent state
marked by both H3K4me3 and H3K27me3. In the DE (light blue) stage, DE regulators
become active by removal of H3K27me3 while PE regulators remain in the bivalent state.
Upon transition to the PE stage (dark blue), PE regulators become active through loss of
H3K27me3 while DE regulators are turned off again by addition of H3K27me3 (for sim-
plicity not all developmental intermediates are shown)216. (B) Upon transition from DE
(light blue) into Gut tube (GT, medium blue) inactive unmarked enhancers acquire devel-
opmental competence through accumulation of the mark H3K4me1 (blue) which allows
pioneering transcription factors (FOXA, purple) to bind creating poised enhancer states. In-
ductive pancreatic signalling then leads to binding of lineage specific transcription factors
(e.g. PDX1, green) at these poised sites which then create active enhancer states marked
by H3K27ac (purple triangle). These active enhancer region then induce gene expression
programmes that initiate the formation of PE (dark blue)217
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As for poised promoters, recent studies also showed that, during both pancreatic and hepatic differ-

entiation, poised chromatin marks accumulate at enhancers to provide developmental competence

for cells. That is, lineage-specific enhancers become poised prior to lineage induction to provide

cells with the ability to respond appropriately to environmental signals that initiate developmental

progression of cells. In a sequential fashion, these enhancer regions first transition from unmarked

chromatin to poised histone marks such as H3K4me1 and these poised enhancers are then bound

by pioneer TFs including the FOXA family of TFs. Finally, lineage-specific endodermal TFs in-

cluding PDX1 accumulate at these poised sites to mediate activation of enhancers (characterised

by H3K27ac marks) and target gene expression217 (Fig4.1B). Apart from early pancreatic develop-

ment, chromatin state changes are also critical for the differentiation into the different pancreatic

cell types. For instance, modifications of histone acetylation levels through inhibition of histone

deacetylases (HDAC) influence commitment to differentiate into endocrine tissue as well as into

endocrine islet cell subtypes (differentiated based on their hormone production) such as alpha

(glucagon-producing), beta (insulin-producing), delta (somatostatin-producing), polypeptide (pan-

creatic polypeptide-producing) and epsilon (ghrelin-producing) cells213,218.

In addition to enhancing the understanding of pancreatic development, these studies may also

improve iPSC-to-pancreatic-endoderm differentiation protocols that could be used to generate

physiologically- and disease-relevant islet cell models. As described in the introduction of the

thesis, GWAS has placed pancreatic islets at the centre stage of T2D pathophysiology; however,

current rodent and human cellular (EndoC-ßH1) beta-cell models are still functionally limited com-

pared to human primary islet cells. While current in vitro protocols have advanced to the extent

that they yield reasonable levels of islet-like cell types219,220, late stage cell populations are often

relatively heterogeneous and have immature function compared to human beta-cells. Epigenomic

modifications may be responsible for these differences between mature human islets and in vitro

generated islet models derived from iPSCs. For instance, Xie et al 2013 found that cells differen-

tiated in vitro retained abnormal H3K27me3 repression signatures at important endocrine genes,

such as INS and GLP1, compared to in vivo matured cells. Consistent with these abnormal chro-

matin marks, in vitro generated cells are functionally less mature compared to in vivo differentiated

cells216. The source of these differences and of the variability in these iPSCs is still debated. Some

studies show an individual’s genotype to be the primary driver of transcriptional and epigenetic pro-
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files (and differentiation capacity) when comparing iPSCs derived from multiple tissues of the same

donor221–223. However, a body of work also supports an ’epigenetic memory’ in mouse and human

iPSCs224–226. That is, pluripotent iPSCs maintain, in particular at low passage number, epigenomic

(and transcriptomic) signatures of the original donor cell including gene expression, methylation

profiles, histone modifications, and areas of open chromatin. For instance, previously collabora-

tors generated iPSCs (defined as BiPSCs) from human beta-cells and found that these cells were

reprogrammed based on pluripotent marker expression and the ability to differentiate into all 3

germ layers224. However, a comparison of these BiPSCs derived from human beta-cells with iPSC

derived from fibroblasts (FiPSCs) and human ESCs suggested that BiPSCs retained an epigenetic

memory: histone H3 tail acetylation-ChIP-qPCR showed that the promoters of islet TFs PDX1

and INS were significantly more open in BiPSCs, which was also reflected by hypomethylation of

promoters for islet-relevant genes including PDX1. This translated into an enhanced capacity of

these cells to differentiate down the endocrine pancreas lineage (versus FiPSCs and hESCs)224.

Characterising these epigenetic differences during differentiation and development could be used

to improve from ’iPSC to endocrine’ pancreas differentiation protocols and enhance understanding

of T2D development. For instance, using RNA-seq on cells from several stages of an iPSC-derived

pancreatic endodermal developmental model, a recent study has shown stage-specific gene ex-

pression at more than half of the known T2D GWAS loci. This observation could indicate that

these developmentally active genes may play a role in the genetic susceptibility of T2D227 and

that beta-cell development is linked to T2D pathogenesis. Further support is provided by the fact

that T2D-loci were observed to be enriched in cell cycle genes18. Furthermore, the efficient in

vitro generation of islet cells could also lead to the development of novel therapeutic approaches

either directly through transplantation of functional cells or indirectly by using these cells as drug

development platform.

Assays to investigate open chromatin have also been successfully used in adult islets to improve

the understanding of islet regulation and T2D development. Gaulton et al published in 2010 the

first high-resolution FAIRE-seq open chromatin map of adult human pancreatic islets to identify

islet-specific regulatory regions84. These regions were found to be enriched for islet-specific TFs

and to form clusters of distal open regulatory elements that are critical for islet gene expression
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and biology. Additionally, Gaulton et al found allelic imbalance at the known T2D GWAS TCF7L2

variant rs7903146 that modifies enhancer activity in cellular models, thus, highlighting potential

molecular mechanisms governing T2D risk at this locus84. Parallel studies, which characterised the

role of distal enhancer clusters in pancreatic islets and T2D development in more detail through the

integration of ChIP-seq and open chromatin marks, are described in Chapter 5 Section 5.1.2. The

development of novel technologies such as ATAC-seq has provided new opportunities to study rare

primary tissue cell types that could previously not be investigated. A recent study took advantage

of the low cellular input requirement of ATAC-seq and combined ATAC-seq open chromatin with

RNA-seq expression data of human alpha and beta-cells to identify chromatin and gene signatures

specific to either of these endocrine cell types and linked these regions to T2D GWAS variants228.

In conclusion, determining the chromatin landscape of pancreatic developmental and adult cell

types provides an efficient way of characterising both developmental and mature molecular pro-

cesses involved in pancreatic endocrine and islet biology. However, most islet chromatin maps only

represent a very static view due to the high cellular input required for both ChIP and FAIRE-seq.

The work in this chapter is divided into two main parts with the following aims:

• to generate and analyse human islet ATAC-seq open chromatin data from 29 individual

human islet samples and link open chromatin regions to T2D development

• to use ATAC-seq to characterise the epigenomic landscape of human BiPSCs and FiPSCs

samples to identify differential open chromatin sites (DOCS) that may explain the enhanced

ability of BiPSCs compared to FiPSC to differentiate into insulin producing cells, and ulti-

mately may be used to develop better endocrine differentiation protocols.
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4.2 Methods

4.2.1 Samples processed for ATAC-seq

4.2.1.1 Human pancreatic islets

Human pancreatic islets (n=29) were retrieved from deceased donors from the Oxford DRWF

Human Islet Isolation Facility and stored for 1-3 days in CMRL or UW. The latter were reactivated

in CMRL for 1h before processing them further. Approximately 50 good quality islets (representing

about 50,000 islet cells) per sample were hand-picked into 1.5ml Eppendorf tubes containing

CMRL and immediately processed for ATAC-seq as described in Chapter 2 Section 2.3. These

islet samples were used to characterise the open chromatin landscape in human pancreatic islets and

near T2D GWAS loci.

4.2.1.2 iPSC sample generation and characterisation

As part of a collaborative effort, 5 BiPSCs from 3 donors were generated from human pancreatic

islets by Liraz Shenhav at Tel Aviv University, Israel. Human pancreatic islets were received 2-4

days following isolation, dissociated into single cells, labelled for beta-cell lineage tracing and

cultured as described229. Labelled Beta-Cell-Derived (BCD) cells were sorted using a FACS Aria

cell sorter (Becton Dickinson, San Jose, CA). BiPSCs were generated as previously described224

with the following modification: sorted BCD cells were expanded to passage 8-16 and transduced

with a polycistronic lentiviral vector containing the 4 reprogramming TF OCT4, SOX2, KLF4 and c-

MYC (a gift of Gustavo Mostoslavsky). ES-like colonies emerged 3-7 weeks following transduction.

Five of these colonies, originating from three different human donors, were isolated and expanded

for further analysis. The beta-cell origin of iPSC clones was validated by DNA PCR analysis of the

recombined reporter cassette as previously described224.

Liraz Shenhav also obtained 5 FiPSC from 2 donors through the IMI/EU sponsored StemBANCC

consortium via the Human Biomaterials Resource Centre, University of Birmingham and were

generated as described in227.
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Characterisation and quality control of all these iPSCs in terms of pluripotency and karyotyping

was performed by Liraz Shenhav at Tel Aviv University. The generated and quality controlled

iPSCs were then processed using ATAC-seq as described in Chapter 2 Section 2.3 . The process

up until the transposition reaction was performed by Liraz Shenhav at Tel Aviv University. The

tagmented and purified DNA was then sent to OCDEM, University of Oxford, Oxford, UK on dry

ice for further processing including PCR amplification, purification and QC of ATAC-seq DNA

sequencing libraries.

4.2.2 Sequencing of ATAC-seq samples

Following the ATAC-seq processing in Israel (DNA isolation and tagmentation performed by Liraz

Shenhav) and Oxford (PCR amplification, purification and QC performed by myself), libraries were

sequenced at the High-Throughput Genomics group which is part of the Wellcome Trust Centre for

Human Genetics, University of Oxford, Oxford, UK. Samples were sequenced as 4-6plex libraries

across 1-3 Hiseq2500 lanes with 50bp paired-end read length.

4.2.3 Processing of reads

Raw FASTQ reads were processed with an in-house pipeline (first described in230 and on the fol-

lowing website231). Specifically, library and sequencing quality was checked with FASTQC200

and reads were mapped to the human genome hg19 via bowtie (version 1.1.0,232) with default

settings but -m 2, and maxins 2000 which allows mapping of reads with a maximum number of 2

alignments and a maximum insert size of 2000bp. For reads that could not be aligned the first time,

adapters were removed with Trim Galore233 at the 3 prime end (settings -length 10, -qualFilter

20) to enhance the chance of mapping. The resulting trimmed reads were then mapped again with

bowtie. Any remaining unmapped and trimmed reads were processed with FLASH (version 1.2.8

settings -m 9 -x 0.125,234). Since overlapping paired-end reads can often not be mapped by align-

ment software, FLASH combines the read pair and reconstructs a read pair without overlap. These

are then realigned a third time using bowtie. PCR duplicates are then removed from the mapped

81



4.2. METHODS CHAPTER 4. ATAC-SEQ IN HUMAN ISLETS

bam files using samtools rmdup function203. Additionally, all reads overlapping any of the "unmap-

pable" UCSC Duke blacklisted hg19 regions are also removed from the final bam file.

4.2.4 Peak calling and read normalisation

Peaks were called from filtered bam files using MACS2 (settings FDR <0.01, –nomodel, -g hs)235

to identify regions of open chromatin. Then peaks were merged for each cell type separately (hu-

man pancreatic islets, FiPSCs and BiPSC) using bedtools mergeBed function and used to normalise

read depth across peaks by applying the bamnormalise and bamsummary function of the software

package deeptools (using standard settings). PCs and Spearman’s rho were calculated from nor-

malised reads using R to compare samples across all peaks independent of cell types.

4.2.5 GWAS enrichment analysis of islet open chromatin peaks

As described in the main methods section ATAC-seq open chromatin regions were tested for en-

richment in T2D, FG, BMI and TC GWAS regions. Open chromatin peaks were then split into

likely islet enhancers and promoters based on distance to the TSS of expressed genes (obtained

from Nica et al236). Proximal promoter regions were defined as within 2500bp upstream and 500bp

downstream of the TSS while the remaining regions were classified as distal enhancers.

4.2.6 Identification of differentially open chromatin regions (DOCS)

in BiPSCs and FiPSCs

Identification of DOCS was performed using the perl software diffReps237 (standard settings were

used with a defined fragment size of 50bp,) which normalised the distribution of reads for each

sample. The software then applied a 1000bp sliding window with a 100bp step size throughout

the genome to test each of these windows for differences in normalised read number between

BiPSCs and FiPSCs using a negative binomial test. After analysing the whole genome, overlapping

windows with a significant difference in normalised read depth (predefined as P<0.0001) were
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merged together and the merged region were retested. Multiple testing correcting using an FDR

approach was performed based on the number of merged and retested regions.

4.2.7 Regulatory chromatin state and TFBS information used for DO-

CS enrichment analysis

Expanded 18-state chromatin states from the Epigenome Roadmap data repository82 were obtained

for 98 cell types. Predefined endodermal weak enhancer and FOXA2 binding sites were down-

loaded from publicly available resources217. Islet TFBS (FOXA2, NKX2.2, NKX6.6, PDX1 and

MAFB) were processed by Dr Kyle Gaulton as described in Chapter 2 Section 2.6.2 and non-islet

TF (erythrocyte POLR2A (GEO:GSM935462), hESC BCL11A (GEO:GSM803396) and hESC

SP1(GEO:GSM803377) were obtained from Encode65.

4.2.8 Enrichment calculations for DOCS

Enrichment of DOCS in chromatin states was calculated by estimating the sum of log2 Fold

Chance (log2FC) for each chromatin state separately based on true DOCS. This value was then

compared to the mean of the sum of log2FC for each chromatin state derived from 1000 permu-

tations of shuffled sites (true sites were shuffled using the shuffleBed function implemented in

bedtools). For each state and each of the 98 cell types, P-values were calculated based on how often

the shuffled sum of log2FC was higher compared to the true sum of log2FC (minimum P-value

0.001). For each of the 6 germ layer/pluripotent cell types (Ectoderm, Endoderm, Mesoderm, ESC,

iPSC and Others) and for each chromatin state separately, the average P-value was calculated across

all cells of a given type and chromatin state. These averaged P-values were FDR corrected and used

for the analysis.

For the other datasets (including endodermal weak enhancer and FOXA2 TFBS, islet and non-islet

TFBS) enrichment was calculated as described in the Chapter 2 Section 2.6.2. In short, enrichment

was estimated based on comparing the true number of overlapping sites with any given annotation

compared to the mean number of overlapping sites derived from 1000 permutations (tested sites
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were randomly shuffled using shuffleBed function). P-values were calculated depending on how

often the random number of overlapping sites exceeded the true number of overlapping sites (min

P-value 0.001). The resulting P-values were adjusted for multiple-testing.

4.2.9 Gene and Pathway analysis of DOCS

Up- and downregulated DOCS were analysed separately using the software "Genomic Regions

Enrichment of Annotations Tool" (GREAT)238 with standard settings. To identify genes associated

with DOCS, the ’basal+extension’ method was used, which determined for each gene a regulatory

domain. That is, each gene was assigned a region near its TSS (basal domain 5kb up and 1kb down-

stream of TSS) which was independent of the location of any other genes. The gene regulatory

domain was then created by extending the basal domain near the TSS up to the next basal regula-

tory domain of a different gene (with a maximum extension of 1000kb). Once DOCS were linked

to genes based on the overlap with a gene regulatory domain, DOCS were split into Bi-DOCS

(more open in BiPSCs) and Fi-DOCS (more open in BiPSC). For each (Bi-DOCS and Fi-DOCS)

two types of enrichment tests were performed with the whole genome as background. A binomial

test determined the probability of an annotation to be assigned a random genomic region. This test

was based on the probability of a part of a genomic region overlapping a gene regulatory domain

compared to the total size of the genome. In addition to the binomial test a hypergeometric test

was also performed determining gene set enrichment. A test gene set (including all genes at which

test regions overlap the gene regulatory domain) was tested for enrichment in any given annotation

compared to the whole genome gene set. Pathway and GO terms with a minimum binomial region

fold enrichment and hypergeometric gene enrichment >2 and binomial and hypergeometric FDR

<5% were reported with the associated genes.

In addition to evaluating enrichment of all Bi-DOCS and Fi-DOCS, the enrichment of Bi-DOCS

and Fi-DOCS overlapping specific hESC chromatin states (derived from hESC H1 cell line) was

determined by defining the foreground set as chromatin states overlapping DOCS while as back-

ground set all hESC-H1 chromatin states (of a given type) were used. The performed enrichment

analysis was similar to the gene hypergeometric tests: the foreground set corresponded to the test

set and enrichment in any given annotation was calculated compared to the background set (gene
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enrichment >2 and FDR<0.05 was considered significant).

4.2.10 In silico validation of DOCS

Sample labels were randomised, mixed (group 1: 3 BiPSCs and 2 FiPSCs vs group2: 3 FiPSCs

and 2 BiPSCs) and re-analysed using diffReps as described above to evaluate tissue of origin and

genotype effects by comparing the number of true vs random DOCS.

To determine whether differences in karyotype largely influence the results, samples with abnormal

karyotypes were removed (BiPSC-D.1, BiPSC-D.2) and the diffReps analysis was repeated in the

same way as before. Correlation between DOCS identified in all samples and DOCS identified in

karyotypically normal samples was calculated using Spearman’s rho.

4.3 Results

4.3.1 Characterising the open chromatin landscape in human pancre-

atic islets using ATAC-seq

4.3.1.1 Identification of open chromatin regulatory regions

Twenty-nine, human pancreatic islet samples were processed using ATAC-seq and a median num-

ber of 205 million reads was obtained per sample (Fig4.2). Per sample a median number of 179

million reads (median mapping efficiency=88.1%) could be mapped to the genome (hg19). After

filtering duplicated reads and reads within unmappable regions, the median number of reads per

sample was reduced to 112 million. The large number of reads that were filtered out was related

to the high percentage of mitochondrial PCR duplicates ranging from 4.4-60.7% (median=21.8%)

which are generated during the ATAC-seq process: mitochondrial DNA is not associated with

chromatin in the cell and is thus, easily accessible for the transposase.

Next, open chromatin regions were predicted using the software MACS2 which identifies regions
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Figure 4.2: ATAC-seq read numbers per sample. (A) Distribution of the total (dark
blue) and mapped (dark red) number of reads (y-axis) per sample in million. (B) Distri-
bution of percentage (y-axis) of fully mapped reads before ("Mapped", green) and after
("Mapped_filtered", red) filtering by removing PCR duplicates compared to total number
of reads per sample. In addition, the distribution of the percentage of reads belonging to
the mitochondria genome before ("MT", blue) and after filtering by removing PCR dupli-
cates ("MT_filtered", purple) reads compared to total number of all reads per sample.
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enriched for ATAC-seq reads ("peaks") that are indicative of accessible DNA regulatory regions

such as promoters and enhancers. Per sample between 5-148k peaks (median=71k) were identified

at an FDR <1% (Fig4.3). Based on low peak number and low signal to noise ratio, one sample

was removed from the analysis (Fig4.3). After filtering, overlapping sample peaks were merged

to create a set of union islet peaks for the remaining analysis. This approach identified a total of

247.2k merged islet peaks present in at least one of the samples.

This merged dataset was then used to determine overlap with known promoter and enhancer re-

gions from previously published islet regulatory studies. The large majority of ATAC-seq peaks

overlapped either enhancer (59% of peaks) or promoter (15% of peaks) chromatin states obtained

from86 or85. Furthermore, the peaks were tested for enrichment in additional publicly available

islet regulatory regions including islet eQTLs159, genome-wide CTCF binding sites160 and islet-

relevant TFs (FOXA2, MAFB, NKX2.2, NKX6.1 and PDX1)85 of which the latter play an important

role in both islet development and mature function. Consistent with the involvement of open chro-

matin regions in islet regulation, the merged peaks were found to be significantly enriched (Bon-

ferroni corrected P <0.05) in islet eQTLs, CTCF binding sites and all tested islet TFBS (log2FE

ranging from 3.3-3.9, Fig4.4) compared to randomised regions (see Chapter2 Section 2.6.2). Over-

all, these results show that ATAC-seq is able to accurately identify regulatory regions associated

with high DNA accessibility. This is consistent with previous studies that found that the majority of

DHS sites were located distal of the TSS and were strongly enriched for TF binding events239,240.

Considering the high overlap with several other islet regulatory elements, Chapter 4 will describe

the integration of the ATAC-seq data with various epigenomic annotations (including DNA methyla-

tion and ChIP-seq marks) to refine existing chromatin states.
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Figure 4.3: Peak number and quality. (A) Scatter-plot showing read number (y-axis)
and peak number (x-axis) for each sample. Samples with a very low number of peaks
compared to all samples are removed from the analysis (red dot). The median peak number
is indicated (black dashed line). (B) Genome-browser view of the ATAC-seq read density
distribution (green and red) around the GCK locus (65kb region) in islets. One sample
each of high quality (top, green), medium quality (middle, green) and bad quality (bottom,
red) based on signal to noise ratio are shown. The bad quality sample was removed from
the analysis which also corresponds to the failed sample with the low number of peaks.
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Figure 4.4: Enrichment of merged ATAC-seq open chromatin peaks in islet regula-
tory regions. Log2 Fold Enrichment (FE, x-axis) of merged ATAC-seq peaks in different
genome annotations are shown (y-axis). From top to bottom these include islet eQTLs,
genome-wide CTCF TFBS and islet relevant TFBS such as PDX1, NKX6.1, NKX2.2,
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.

89



4.3. RESULTS CHAPTER 4. ATAC-SEQ IN HUMAN ISLETS

4.3.1.2 Determining the relationship between ATAC-seq islet open chromatin and

T2D-associated GWAS regions

Since previous studies have found that distant highly accessible islet regulatory regions are enriched

in GWAS signal for T2D-related traits83,85,86, I next determined whether ATAC-seq open chromatin

peaks show similar enrichment. The software FGWAS, which uses a linear hierarchical model

(details in Chapter 2 section 2.6.1), was applied to estimate the enrichment of islet ATAC-seq

open chromatin regions in T2D and FG GWAS signals. In agreement with results from former

studies, all merged islet open chromatin regions were highly and significantly enriched in T2D-

(log2FE=3.1, CI=2.4-3.8) and FG-associated (log2FE=3.4, CI=2.2-4.7) GWAS regions (Fig4.5, left

panel).

To determine whether the enrichment was specific to T2D-related traits, FGWAS was applied to

GWAS data from likely non-islet mediated traits such as Height and Total Cholesterol (TC). Islet

open chromatin regions also showed no enrichment in Height (log2FE=2.7, CI=-0.96-0.82) and

borderline significant enrichment in TC (log2FE=1.4, CI=0.1-2.2, Fig4.5, left panel) GWAS sig-

nal. To further dissect the contribution of these open chromatin peaks to the enrichment in GWAS

traits, the regions were split into proximal (within 2000bp upstream and 500bp downstream of ac-

tively transcribed TSS in publicly available islet RNA-seq data236) or distal regions (non-proximal

regions) and the enrichment analysis was repeated. Consistent with previous results, proximal pro-

moter regulatory regions were not enriched in islet-mediated traits (T2D log2FE=2.7 CI=-20.0-4.2,

FG log2FE=-6, CI=-50-3.3, Fig4.5, right panel) while distal islet regulatory elements, likely corre-

sponding to enhancers, were strongly enriched (log2FE T2D=3.0 CI=2.2-3.6, FG=3.5 CI=2.3-4.7,

Fig4.5, middle panel). In contrast to the T2D-related traits, distal islet elements did not show any

significant enrichment in Height (log2FE=0.05 CI=-1.20-0.77) nor TC (log2FE=0.8 CI=-2.43-

1.85) GWAS signal. Proximal islet regulatory regions were strongly enriched in TC (log2FE=2.5

CI=1.1-3.5) GWAS data while no significant enrichment was observed for Height (log2FE=1.05,

CI=-20-2.19). The increase in enrichment for regions near the TSS in TC GWAS signal suggests

that the enrichment is driven by promoter or gene regions, which is consistent with a former study

that found TC enriched for coding regions158. ATAC-seq reads were also found to capture nucleo-

some structure and due to the nucleosomal patterns in the genome, fragment sizes of approximately
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180bp, 360bp, 540bp are indicative of mono-, di- and tri-nucleosomes, respectively123. Since these

nucleosomal regions may influence enrichment in GWAS signal, reads were filtered based on

fragment size (reads with a fragment size >140bp were removed) for all samples and macs2 peak

calling and the FGWAS enrichment analysis was repeated as before; however, no relevant differ-

ences in enrichment were detected for all samples combined (log2FE "All_reads"=3.11, CI=2.37-

3.85, log2FE "Short_reads"=3.12, CI=2.36-3.79, Fig4.6). In contrast, when testing the peaks of

2 individual samples for enrichment in T2D GWAS signals, separately, without merging, shorter

reads showed higher levels of enrichment (log2FE Sample_1=3.57, CI=2.71-4.26, log2FE Sam-

ple_2=3.65, CI=2.19-3.79) compared to all reads (log2FE Sample_1=3.57, log2FE Sample_2=3.65

Fig4.6). This indicates that nucleosomal reads in individual samples decrease GWAS enrichment

because these do likely not correspond to distal regulatory elements which showed the strongest

enrichment. However, after merging open chromatin peaks, no difference in GWAS enrichment

between peaks derived from short- or all-fragment-sized reads could be detected which suggests

that merging overlapping peaks across samples increases to some extent the noise in the signal.

Fig4.7 provides an example genome browser view of a peak overlapping the T2D-associated

CDC123 lead variant rs11257655 which is described in more detail in Chapter 5 Section 5.3.4

in the context of allelic imbalance in open chromatin.

Overall these data clearly show the importance of open chromatin regulatory regions in helping to

understand GWAS data, in particular, indicating the role of islet regulatory regions in T2D-related

traits. Additional analysis aiming to integrate different types of epigenomic data and to identify

potential molecular mechanism at specific T2D-related GWAS hits is described in Chapter 5.
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Figure 4.5: Enrichment of merged ATAC-seq open chromatin peaks in GWAS re-
gions. Log2 Fold Enrichment (log2FE, x-axis) of merged ATAC-seq peaks in different
GWAS traits (y-axis). Peaks are split into different categories dependent on location to ac-
tive islet promoters based on publicly available RNA transcription levels. "All": all 247.1k
ATAC-seq peaks independent of location, "Proximal": 15.4k of peaks within 2000bp up-
stream and 500 downstream of the Transcription Start Site (TSS); "Distal": 231.7k non-
proximal peaks more distant from the TSS than 2000bp up and 500bp downstream. Ab-
breviations: Type 2 Diabetes (T2D), Body Mass Index (BMI), Fasting Glucose (FG). To
improve visualisation the y-axis does not extend beyond -6.
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Figure 4.6: Enrichment of ATAC-seq peaks derived from all reads or nucleosome free
short reads. Log2 Fold Enrichment (log2FE, x-axis) of ATAC-seq peaks across either all
samples ("all_merged", peaks were merged across all samples) or 2 individual samples
(y-axis) in T2D GWAS signal. Peaks are split into 2 different categories dependent on the
filtering of reads before peak calling: "All_reads" (red circle): contains all reads including
nucleosomal-associated reads with longer fragment size. "Short_reads" (blue triangle):
excludes reads with a fragment size above 140bp to remove any nucleosomal-associated
reads.
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Figure 4.7: Peak overlapping T2D-associated CDC123 GWAS lead variant
rs11257655. GWAS lead variant rs11257655 at the CDC123 locus (RefSeq gene shown in
blue) overlaps an islet open chromatin peak in representative samples (green, shown is the
averaged ATC-seq read density over 300bp windows).

94



4.3. RESULTS CHAPTER 4. ATAC-SEQ IN HUMAN ISLETS

4.3.2 Comparing the epigenomic landscape of beta-cell and fibroblast

derived iPSCs

As described in the introduction of this Chapter, previous work from a collaborator (Prof Shimon

Efrat) has shown that BiPSCs retained more open chromatin at islet relevant genes compared to FiP-

SCs which was associated with an enhanced ability to differentiate into insulin producing cells224.

The retention of epigenetic marks related to the original cell type ("epigenetic memory") is one

potential explanation for the enhanced differentiation ability of BiPSC.

This part of the chapter used ATAC-seq to characterise the epigenomic differences of these two

iPSC cell lines and contrast their open chromatin profile with islet ATAC-seq data. Since several

factors such as donor genotype221–223 or differences in passage number225 between BiPSCs (mean

passage number=11) and FiPSCs (mean passage number= 23, Table4.1A) may influence the epige-

nomic landscape of these iPSCs, it remains unclear whether epigenetic memory is the primary

driver of the observed epigenomic differences. Nevertheless, characterising these epigenomic dif-

ferences between iPSC subtypes, which differ in their differentiation potential, can still provide

relevant biological clues about improving "iPSC to endoderm" in vitro differentiation protocols.

4.3.2.1 Generation and QC of BiPSC and FiPCS

Through a collaboration, five FiPSC lines from two independent non-diabetic donors and five

BiPSC lines from three independent non-diabetic donors were generated, assessed for pluripotency

and quality controlled by Liraz Shenhav at Tel-Aviv University (Table4.1A). Specifically, the work

of Liraz Shenhav showed the following:

• all lines were fully pluripotent based on the expression of key pluripotent genes (NANOG,

OCT4, TRA-1-60, REX1, DNMT3B and SOX2) and the capacity to spontaneously differenti-

ate into all three germ layers;

• BiPSCs had an enhanced ability to differentiate into the endodermal lineage in vitro com-

pared to FiPSCs while no signs of lineage-specific commitment were observed for FiPSCs

which is consistent with previous data224;
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• based on G-banding or an Illumina array all lines were karyotypically normal with the excep-

tion of lines BiPSC-D1 and D2 which both had 48 chromosomes (Table4.1A, the subsequent

analysis will show that the effect of the abnormal karyotype was minimal).

Tissue of origin Donor ID Sample ID Passage Number Karyotype
Fibroblast derived Individual A FiPSC_A.1 25 46XX
Fibroblast derived Individual A FiPSC_A.2 24 46XX
Fibroblast derived Individual A FiPSC_A.3 26 46XX
Fibroblast derived Individual B FiPSC_B.1 21 46XX
Fibroblast derived Individual B FiPSC_B.2 18 46XX
Beta-cell derived Individual C BiPSC_C.1 12 46XX
Beta-cell derived Individual C BiPSC_C.2 10 46XX
Beta-cell derived Individual D BiPSC_D.1 10 48XX+20
Beta-cell derived Individual D BiPSC_D.2 10 48XX+12+20+add22
Beta-cell derived Individual E BiPSC_E.1 11 46XX

(A) iPSC sample characteristics

Sample Purity
ISL_1 80%
ISL_2 70%
ISL_3 50%
ISL_4 50%
ISL_5 60%

(B) Islet characteristics

Table 4.1: iPSC and islet sample characteristics (A) Characteristics of iPSC samples
including tissue of origin, donor individual, sample ID (which indicates donor), Passage
Number and Karyotype. (B) Islet samples used for comparison with iPSCs with purity
estimates.
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4.3.2.2 Mapping the open chromatin landscape of BiPSCs and FiPSCs

ATAC-seq was performed on these iPSCs lines to map the epigenomic landscape in both BiPSCs

and FiPSCs and to identify DOCS between these iPSC lines that may explain the differences in

their lineage commitment. In addition, the iPSC ATAC-seq data was compared to open chromatin

ATAC-seq information from 5 human pancreatic islet samples, of which a large fraction represents

beta-cells, to identify shared open chromatin characteristics between BiPSC and islets. For each

iPSC sample, 60-334 million reads (median=151 million) were obtained of which 28-180 million

mapped and filtered reads (median mapped and filtered read number=74 million) remained after

processing. Using the software MACS2, between 17.3k-123.9k open chromatin peaks per sample

at an FDR of 1% were identified (Fig4.8A). For the human islet samples, which represent a mix

of 5 islets with varying read depth and peak number, 76-186 million mapped and filtered reads

were obtained per sample and 32-80k peaks (FDR <1%) were identified by MACS2 (Fig4.8A).

Subsequently, peaks were merged according to cell type which identified 127.3k BiPSC, 138.8k

FiPSC and 94.4k islet merged peaks. A large fraction of merged peaks (80% of BiPSC and 75%

of FiPSC peaks) was found in both iPSC cell types while a lower number was shared with human

islets (30% of BiPSC and 29% of FiPSC peaks, (Fig4.8B).

Similarly, a significant and high correlation (median Spearman’s rho=0.85) of normalised ATAC-

seq read depth across all merged open chromatin peak regions (irrespective of donor cell type) was

observed for all iPSC lines. In contrast, the correlation between iPSCs subtypes and human islets

was considerably lower (median Spearman’s rho=0.11 compared to within islet correlation with a

median Spearman’s rho=0.59, Fig4.9A). Principal component analysis (PCA) showed that the iPSC

subtypes did not cluster according to donor genotype which was suggested previously to largely

influence the transcriptomic and/or epigenomic profile of iPSCs221–223. Additionally, both FiPSC

and BiPSC samples clustered separately from primary human pancreatic islet and based on the

variance explained by PC1 and PC2 were more similar to each other compared to primary tissue

(Fig4.9B).

These results confirm that both FiPSCs and BiPSCs largely share epigenomic features at the chro-

matin level that clearly distinguish them from primary human islets.
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Figure 4.8: iPSC and selected islet samples read and peak number. (A) Peak number
(y-axis) and read number (x-axis) for BiPSCs (red) , FiPSC (green) and selected islet
samples (blue). (B) Venn Diagram indicating overlap of peaks merged according to cell
subtype (BiPSCs: red, FiPSC: green and Islets: blue).
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Figure 4.9: Correlation and PCA analysis across all merged peak regions. (A) Spear-
man’s rho correlation heatmap of read depth across all merged open chromatin peaks for
all iPSC and islet samples with the colour indicating the correlation level. (B). Principal
component analysis (PCA) was performed on read depth across all peak regions for each
sample and samples are plotted along PC1 (x-axis) and PC2 (y-axis). Colours indicate cell
type: (BiPSCs: red, FiPSC: green and Islets: blue).
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4.3.2.3 Identification of differential open chromatin regions (DOCS) between BiP-

SCs and FiPSC

Despite the similarities of the iPSC subtypes, DOCS between BiPSCs and FiPSC could be de-

tected using a genome-wide sliding window approach and negative binomial test as implemented in

diffReps. In total, 8.3k significant DOCS (FDR< 5%) with a minimum absolute log2 fold change

(log2FC) of 0.5 were identified. These include 4.8k (58%) sites that were characterised by in-

creased open chromatin in BiPSCs compared to FiPSC (defined as Bi-DOCS) while the remaining

3.5k sites were more open in FiPSCs (defined as Fi-DOCS, Fig4.10A). As expected PCA and

hierarchical clustering of normalised ATAC-seq read depth showed that DOCS clearly separate

FiPSCs from BiPSCs. Consistent with the increased endodermal differentiation potential of BiPSC,

across DOCS, BiPSCs were more similar to human islets than to FiPSCs (Fig4.10B and 4.10C). In

addition, samples were not found to cluster according to donor genotype suggesting that genetic

variation across samples is likely not the main factor driving the differences in open chromatin in

this analysis.
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Figure 4.10: Identification of DOCS between BiPSC and FiPSC. (A) Volcano plot of
differential open chromatin analysis between BiPSC and FiPSC. Log2FC are on the x-
axis (positive indicates more open in BiPSCs compared to FiPSCs) and -log10 P-value
on the y-axis. Horizontal red line indicates FDR of 0.05 while vertical black line indicate
log2FC threshold of +/- 0.50 (B). Principal component analysis (PCA) was performed on
read depth across all significant 8.3k DOCS for each sample and samples are plotted along
PC1 (x-axis) and PC2 (y-axis). Colours indicate cell type: (BiPSCs: red, FiPSC: green and
Islets: blue). (C) Dendrogram showing hierarchical clustering of samples based on read
depth across DOCS.
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4.3.2.4 DOCS are enriched for chromatin states involved in the regulation of devel-

opment and stem cell function

To further understand the role of DOCS within the genome of the two iPSC subtypes, 18 prede-

fined chromatin states from 98 Epigenome Roadmap cell types were obtained (website http:

//egg2.wustl.edu/roadmap/web_portal/chr_state_learning.html#exp_18state) pro-

vides more information about the relevant states). These states were derived from Chromatin

Immunoprecipitation (ChIP) sequencing marks by the Epigenome Roadmap consortium in a

systematic manner and are indicative of regulatory elements in the genome76,82. After grouping

Epigenome Roadmap samples according to type of germ layer (for mature cells and tissues) and

type of pluripotent cell (for iPSCs and ESCs), the chromatin states from each Epigenome Roadmap

sample were overlapped with DOCS and the total log2FC for each chromatin state was estimated

separately. Comparing these estimates to the total log2FC of randomised regions via permutation

showed that, across all germ layers and stem cell types, DOCS were significantly (mean FDR

adjusted P-value across all cell types of a given chromatin and germ layer/stem cell state <5%)

enriched in regulatory chromatin states (highlighted in bold in Fig4.11A). These enriched states

include active enhancers, active and bivalent promoters, weak and bivalent enhancers, flanking

TSS sites, polycomb-repressed regions and one type of a gene enhancer (state "gene enhancer 2"

which is characterised by H3K27ac, H3K4me3 and H3K36me3 chromatin marks). Analysing the

magnitude of the significantly enriched states showed that the following ESC and iPSC states had

the highest level of enrichment compared to the other cell types/germ layers (states are bold and

underlined in Fig4.11A):

• active (ESC/iPSC log2FE=2.7-3.5) and gene enhancer (type 2 ESC/iPSC log2FE=2.3-2.7)

• bivalent (ESC/iPSC log2FE=2.9-3) and weak (ESC/iPSC log2FE=2.2-2.5) enhancer

• Flanking Transcription Start Sites (TSS, ESC/iPSC log2FE=2.1-2.8)

• active promoter (ESC/iPSC log2FE=2.0-2.1) and

• weak polycomb-repressed region (ESC/iPSC log2FE~1.2)
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These results suggest that the identified DOCS may have an important regulatory function and thus,

may help understand the differences in differentiation capability between FiPSCs and BiPSC.

To determine whether Bi-DOCS and Fi-DOCS have different regulatory roles, the analysis was

specifically focused on significantly enriched (highlighted in bold in the previous Fig4.11A) chro-

matin states that showed differential enrichment between Bi-DOCS and Fi-DOCS. Across all

tissues it was observed that Bi-DOCS (compared to Fi-DOCS) were most enriched (log2 Ratio of

FE BI-DOCS VS Fi-DOCS >0) for the following states (highlighted in bold in Fig4.11B):

• bivalent enhancers (log2 Ratio FE=0.82-2.8)

• weak enhancers (log2 Ratio FE=0.3-0.8)

• Flanking TSS downstream (log2 Ratio FE=0.2-0.62)

• polycomb-repressed regions (log2 Ratio log2FE=1.0-2.0)

• bivalent promoters (log2 Ratio FE=0.8-1.5)

iPSC and hESC bivalent enhancers (ESC/iPSC log2 Ratio FE=2.3-2.8) showed the strongest dif-

ferential enrichment (Bi-DOCS vs Fi-DOCS) compared to bivalent enhancers in any of the 3 germ

layers (none ESC/iPSC log2 Ratio FE =0.8-1.6) indicating that these iPSC and hESC bivalent

enhancers were highly accessible in BiPSCs.

None of the significantly enriched all DOCS states (highlighted in bold in the previous Fig4.11A)

showed enrichment for Fi-DOCS across all tissue types. However, Fi-DOCS showed high enrich-

ment (indicated by a log2 Ratio of Bi-DOCS VS Fi-DOCS FE < 0) in hESC and iPSC active and

gene enhancer chromatin states (ESC/iPSC Ratio FE=-0.5 to -2.0) compared to Bi-DOCS (all

Fi-DOCS hESC/iPSC enriched states are underlined in Fig4.11B).

Bivalent promoters, bivalent enhancers, polycomb-repressed regions and weak enhancers were

previously shown to regulate developmental competence and differentiation, in particular for en-

doderm development and the endocrine pancreas lineage216,217,241. Thus, the enrichment of these

regions in Bi-DOCS suggests that BiPSCs may be more primed for developmental differentiation
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compared to FiPSCs. Similarly, the higher enrichment of Fi-DOCS in hESC and iPSC active en-

hancer regions indicates more stem-cell-like behaviour for FiPSC which may be explained by the

extended passaging of FiPCS (compared to BiPSCs, see Table4.1A ). In agreement with the ob-

served highly stem-cell-like state of FiPSCs, higher passage number was previously found to be

associated with increased stem-cell-like features and reduced levels of epigenetic memory225.
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Figure 4.11: Enrichment of DOCS in Epigenome Roadmap chromatin states. (A)
Log2FE of all DOCS (x-axis) in chromatin state regions (y-axis) derived from Epigenome
Roadmap. States highlighted in bold indicate states that were enriched across all germ
layer or pluripotent stem cell states (indicated by the colour). Underlined states indicate
that ESC/iPSCs showed highest enrichment compared to other germ layers. (B). log2 Ra-
tio of FE (x-axis) of Bi-DOCS VS Fi-DOCS across chromatin states (y-axis) enriched in
plot (A). log2 Ratio of FE >0 indicates Bi-DOCS enrichment while log2 Ratio of FE <0
indicates Fi-DOCS enrichment. Bold states are enriched for Bi-DOCS while states un-
derlined are enriched for Fi-DOCS in hESC and iPSC lines compared to any other germ
layer/cell type.
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4.3.2.5 Enrichment of Bi-DOCS in regions involved in endodermal development

To further define the regulatory role of Bi-DOCS, the overlap with regions known to be involved in

endodermal development was determined. Previously generated and publicly available ChIP-seq

weak enhancer states (based on H3K4me1 histone mark) and FOXA2 TFBS217 were obtained for

several stages of an experiment differentiating hESC into pancreatic endoderm. Specifically, these

stages included HSC (Human Stem Cell, weak enhancers only), Definitive Endoderm (DE), Gut

Tube (GT), Fore Gut (FG) and Pancreatic Endoderm (PE). FOXA family TFs are important for

endodermal development including the pancreas and represent a group of pioneer factors that prime

regulatory regions and facilitate other TFs to bind. DOCS were overlapped with these regulatory

states and found to be significantly enriched (Bonferroni-corrected P <0.05) in both weak enhancer

(log2FE for different stages ranged from 2.6-3.7) and FOXA2 TFBS (log2FE for different stages

ranged from 2.3-2.4) across all developmental stages compared to randomised sites (Fig4.12A).

Consistent with the hESC and iPSC Epigenome Roadmap results, it was observed that Bi-DOCS

were significantly more enriched in endodermal weak enhancer states (log2 Ratio Bi-DOCS VS Fi-

DOCS (log2 Ratio FE)=0.8-1.5) and FOXA2 TFBS (log2 Ratio FE=0.9-1.2) compared to Fi-DOCS

(Fig4.12B).
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Figure 4.12: Enrichment of DOCS in weak enhancer and FOXA2 binding sites identi-
fied during endodermal development. (A) Log2FE of DOCS (x-axis) in weak enhancers
(blue) and FOXA2 TFBS (red) across stages of endodermal development (y-axis). (B).
log2 Ratio of FE (x-axis) of Bi-DOCS VS Fi-DOCS across weak enhancers and FOXA2
TFBS identified during different stages (y-axis) of endodermal development. log2 Ratio
of FE >0 indicates Bi-DOCS enrichment while log2 Ratio of FE <0 indicates Fi-DOCS
enrichment. HSC (Human Stem cell for weak enhancer only), Definitive Endoderm (DE),
Gut Tube (GT), Fore Gut (FG) and Pancreatic Endoderm (PE).
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4.3.2.6 Bi-DOCS enrichment is specific to endodermal developmental regions

To determine whether the enrichment of Bi-DOCS is specific to endodermal regulatory annotations,

erythroblast (POLR2A) and hESC H1 TFBS (BCL11A and SP1) from the ENCODE project were

obtained. In addition, publicly available TFBS that are active in mature human islets (FOXA2,

MAFB, NKX2.2, NKX6.1 and PDX1) were also used for the analysis to determine whether the effect

is restricted to endodermal developmental regions. DOCS were overlapped with these TFBS from

three different tissues to evaluate the enrichment of DOCS in these sites (Fig4.13). Significant

enrichment (Bonferroni-corrected P<0.05) of DOCS across TFBS of all tissues (log2FE=1.3-4.65)

was observed consistent with the fact that the DNA at these TFBS is, in general, more accessible

compared to random regions (Fig4.13A). However, only TFBS in hESC (BCL11A and SP1) were

differentially enriched between Bi-DOCS and Fi-DOCS with Bi-DOCS showing depletion in hESC

TFBS (BCL11A log2FE Ratio= -2.6 and SP1 log2FE Ratio= -2.0). The enrichment of Fi-DOCS in

hESC TF is consistent with the enrichment of Fi-DOCS in hESC and iPSC Epigenome Roadmap

active enhancer chromatin states described in the previous section. In contrast, no strong difference

in enrichment between Bi-DOCS and Fi-DOCS could be found in human islet and erythrocyte

TFBS (log2FE=-0.04 to 0.5, Fig4.13B).

These data indicate that Bi-DOCS were specifically enriched in regulatory regions associated with

endodermal lineage commitment, such as endodermal weak enhancers and FOXA2 binding sites,

whereas no Bi-DOCS specific enrichment was found in mature endodermal islets. Furthermore,

Fi-DOCS showed depletion in stem cell active enhancer regions. These observations are in con-

cordance with the aforementioned results that showed BiPSCs preferentially differentiate into

endoderm during spontaneous differentiation in-vitro while Fi-DOCS show more stem cell-like

characteristics.
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Figure 4.13: Enrichment of DOCS in islet and non-islet TFs. (A) Log2FE of DOCS
(x-axis) in erythroblast (red), hESC-H1 (green) and islet (blue) TFBS (y-axis) compared to
random sites. (B). log2 Ratio of FE (x-axis) of Bi-DOCS VS Fi-DOCS across erythroblast
(red), hESC-H1 (green) and islet (blue) TFBS (y-axis). log2 Ratio of FE >0 indicates Bi-
DOCS enrichment while log2 Ratio of FE <0 indicates Fi-DOCS enrichment.
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4.3.2.7 Gene and Pathway analysis for DOCS

To understand which genes and pathways may be influenced by DOCS, a pathway enrichment test

was performed using GREAT238. Bi-DOCS (4.8k sites) with more accessible chromatin in BiPSCs

were significantly enriched in 27 Gene Ontology (GO) Biological Process terms and 2 Molecular

Signatures DataBase (MSigDB) Pathway terms (GREAT Binomial and Hypergeometric FDR <0.05

and binomial region fold enrichment and minimum gene enrichment >2, Table4.2 and Appendix

Table1 for more information on associated genes). These include diabetes-relevant terms like

’Maturity-Onset Diabetes of the Young (MODY)’, capturing forms of monogenic diabetes caused

primarily by genes encoding TFs involved in endocrine pancreas development. Signalling terms

relating to WNT and NOTCH pathways were also enriched. These pathways are critical for the in-

duction of posterior endoderm and pancreatic progenitors, and pancreatic endocrine versus exocrine

fate choices242,243. There was also enrichment of multiple terms relating to neuronal development

which is consistent with shared characteristics between pancreatic endodermal and neuronal ec-

todermal tissue. Although these tissues are derived from different germ layers, previous studies

have shown that several developmentally active TFs are expressed in both tissues and that the tran-

scriptional profile as well as active chromatin marks between these cell types are similar244,245.

Additionally, beta and neuronal cells also share features on the physiological level with both cell

types being electrically excitable and able to respond to external stimuli with exocytosis246.

GREAT enrichment analysis following stratification of Bi-DOCS according to chromatin state

(using Bi-DOCS overlapping ESC bivalent promoters and enhancers, separately as foreground

and all ESC chromatin states of the same type as background set) revealed similar significantly

enriched terms (Hypergeometric FDR <0.05 and enrichment >2 compared to background) to those

identified in the ’all DOCS’ analysis (full list of associated terms shown in Appendix 2 while in

the main text only terms related to pancreas/islet function are shown). Notably, bivalent enhancer

(Table4.3) and promoter Bi-DOCS (Table4.4) were enriched for terms relating to glucose-sensing

and insulin metabolism and secretion, as well as those relating to endocrine pancreas fate decisions

and beta-cell development. These Bi-DOCS were linked to the aforementioned developmental

regulators FOXA2 as well as NKX6.1, NKX2.2, PXD1 and PAX6. Full loss of PDX1 is associated

with pancreatic agenesis while partial loss leads to beta-cell dysfunction, beta-cell death and dia-
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betes247. Similarly, both NKX6.1 and NKX2.2 were previously shown to be critical for beta-cell

development as well as mature beta cell function248,249. PAX6 deficiency is associated with pan-

creas and islet dysfunction during development and in the mature state. Pax6 null mice suffer from

reduced pancreatic endocrine cells while conditional knockout of Pax6 is associated with loss of

endocrine hormone expression and diabetes250. These findings suggest that Bi-DOCS are poised

for appropriate developmental signalling cues facilitating a faster induction of genes involved in

endocrine pancreas differentiation and mature function compared with FiPSCs.

Overall these data show that DOCS, which are more open in BiPSCs versus FiPSCs, are enriched
for pathways with known roles in pancreatic endoderm induction, as well as those regulating more
refined aspects of islet development and function.

Term Description Dir RE GE BBH-P HBH-P Type

Go neural tube pattern-

ing

Bi 3.3 2.7 8.7e-17 2.4e-05 Neurodevelopmental

Go positive regulation

of embryonic

development

Bi 4.8 3.2 1.0e-16 9.3e-03 Developmental

Go non-canonical Wnt

receptor signaling

pathway

Bi 3.5 2.1 2.4e-15 3.9e-02 WNT/NOTCH

signalling

Go hindbrain morpho-

genesis

Bi 2.8 2.3 4.1e-14 4.1e-04 Neurodevelopmental

Go branching involved

in mammary gland

duct morphogenesis

Bi 3.2 2.5 5.2e-14 3.0e-03 Developmental

Go cerebellum morpho-

genesis

Bi 2.9 2.4 4.9e-13 6.8e-04 Neurodevelopmental

Go mammary gland

duct morphogenesis

Bi 2.4 2.5 6.2e-12 1.8e-04 Developmental

Go mammary gland

epithelium develop-

ment

Bi 2.1 2.1 9.1e-12 1.4e-04 Developmental

Go dorsal spinal cord

development

Bi 3.4 2.6 1.4e-11 3.8e-03 Neurodevelopmental
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Go cerebellum develop-

ment

Bi 2.1 2.0 1.4e-10 1.1e-04 Neurodevelopmental

Go cerebellar cortex

morphogenesis

Bi 2.9 2.3 1.9e-10 6.6e-03 Neurodevelopmental

Go spinal cord asso-

ciation neuron

differentiation

Bi 3.8 2.7 5.6e-10 1.6e-02 Neurodevelopmental

Go dorsal/ventral neu-

ral tube patterning

Bi 3.0 2.8 2.0e-09 9.5e-04 Neurodevelopmental

Go negative regulation

of Notch signaling

pathway

Bi 3.7 2.5 1.1e-08 1.0e-02 WNT/NOTCH

signalling

Go cell differentiation

in spinal cord

Bi 2.1 2.8 1.1e-08 2.6e-09 Neurodevelopmental

Go cell differentiation

in hindbrain

Bi 2.6 2.6 2.4e-08 1.6e-03 Neurodevelopmental

Go cerebellar cortex

development

Bi 2.4 2.0 2.8e-08 8.8e-03 Neurodevelopmental

Go somitogenesis Bi 2.0 2.0 4.6e-08 4.1e-04 Developmental

Go white fat cell differ-

entiation

Bi 3.4 2.7 1.3e-06 4.5e-02 Developmental

Go embryonic axis

specification

Bi 2.1 2.0 2.0e-06 1.9e-02 Developmental

Go ventral spinal cord

interneuron fate

commitment

Bi 2.9 3.7 2.8e-06 3.1e-04 Neurodevelopmental

Go regulation of insulin

receptor signaling

pathway

Bi 2.4 2.0 5.0e-06 3.3e-02 Diabetes/Insulin

Go positive regulation

of focal adhesion

assembly

Bi 3.5 2.8 5.7e-06 1.9e-02 Other

Go cerebellar cortex

formation

Bi 2.5 2.4 6.4e-06 1.8e-02 Neurodevelopmental

Go regulation of Notch

signaling pathway

Bi 2.1 2.2 1.4e-05 1.0e-03 WNT/NOTCH

signalling

Go spinal cord dor-

sal/ventral pattern-

ing

Bi 2.3 2.5 4.3e-05 1.0e-02 Neurodevelopmental

Go ventral spinal

cord interneuron

differentiation

Bi 2.5 3.4 5.0e-05 4.1e-04 Neurodevelopmental
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MSigDB Wnt signaling

network

Bi 2.7 2.3 9.4e-08 2.8e-02 WNT/NOTCH

signalling

MSigDB Maturity onset

diabetes of the

young

Bi 2.1 2.4 3.0e-04 2.5e-02 Diabetes/Insulin

Go dendrite morpho-

genesis

Fi 2.2 2.2 6.4e-04 4.0e-02 Neurodevelopmental

Go long-term memory Fi 2.2 2.6 4.6e-03 1.4e-02 Other

Go positive regulation

of acute inflamma-

tory response

Fi 2.6 3.0 9.7e-03 6.1e-03 Other

Table 4.2: Enrichment terms associated with DOCS. Each row represents an enriched
term associated with DOCS. Columns indicate Term (Go Biological Process or MSigDb
term), Description, Direction (Dir with Bi indicating BiDOCs are associated while Fi indi-
cates FiDOCs are associated with this term), Regional enrichment (RE), Gene Enrichment
(GE), Binomial BH/FDR-adjusted P (BBH-P, for regional enrichment), Hypergeometric
BH/FDR-adjusted P (HBH-P, for gene enrichment) and Type categorising the enriched
term into broad biological classes.
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Term Description State FE HBH-P Gene

Go regulation of tran-

scription from RNA

polymerase II pro-

moter involved in

detection of glucose

BivEnh 6.2 0.002 FOXA2

Go negative regulation

of transcription by

glucose

BivEnh 6.2 0.002 FOXA2

Go negative regulation

of detection of

glucose

BivEnh 6.2 0.002 FOXA2

Go positive regulation

of transcription

from RNA poly-

merase II promoter

by glucose

BivEnh 6.2 0.002 FOXA2

Go negative regulation

of transcription

from RNA poly-

merase II promoter

by glucose

BivEnh 6.2 0.002 FOXA2

Go regulation of tran-

scription by glucose

BivEnh 6.1 0.002 FOXA2

Go detection of glucose BivEnh 4.3 0.002 FOXA2,

NKX6-1,

PDX1

Go regulation of insulin

secretion involved

in cellular response

to glucose stimulus

BivEnh 2.9 0.03 ADRA2A,

FOXA2,

PIM3,

TCF7L2

Go insulin catabolic

process

BivEnh 30.3 0.04 IDE

Go CD8-positive,

alpha-beta T cell

differentiation

BivEnh 3.7 0.04 PAX1

MSigDB Genes involved in

Regulation of gene

expression in beta

cells

BivEnh 3.8 0.001 FOXA2,

NKX2-2,

NKX6-

1, PAX6,

PDX1,

SLC2A2
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MSigDB Maturity onset

diabetes of the

young

BivEnh 2.6 0.03 FOXA2,

HES1,

NKX2-2,

NKX6-

1, PAX6,

PDX1,

SLC2A2

MSigDB Genes involved in

Regulation of beta-

cell development

BivEnh 2.3 0.05 FOXA2,

HES1,

NKX2-2,

NKX6-1,

ONECUT3,

PAX6,

PDX1,

SLC2A2

Table 4.3: Pancreas-related enrichment terms associated with bivalent enhancer
BIDOCS. Each row represents an enriched term associated with BiDOCS overlapping
ESC bivalent enhancer compared to all ESC bivalent enhancers. Columns indicate Term
(Go Biological Process), Description, Chromatin State (State), Regional enrichment (RE),
Hypergeometric BH/FDR-adjusted P (HBH-P, for gene enrichment) and Genes associated
with the term.
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Term Description State FE HBH-P Gene

Go detection of glucose BivPro 6.7 0.002 FOXA2,

NKX6-1

Go pancreas develop-

ment

BivPro 2.5 0.003 ALDH1A2,

FOXA2,

HES1,

IGF1R,

NKX2-2,

NKX3-2,

NKX6-1,

NKX6-

2, PAX2,

PAX6, SHH,

SLC2A2,

SMAD2,

SOX9, ZIC3

Go negative regulation

of detection of

glucose

BivPro 10.2 0.003 FOXA2

Go regulation of tran-

scription from RNA

polymerase II pro-

moter involved in

detection of glucose

BivPro 10.2 0.003 FOXA2

Go negative regulation

of transcription by

glucose

BivPro 10.2 0.003 FOXA2

Go negative regulation

of transcription

from RNA poly-

merase II promoter

by glucose

BivPro 10.2 0.003 FOXA2

Go positive regulation

of transcription

from RNA poly-

merase II promoter

by glucose

BivPro 10.2 0.003 FOXA2

Go regulation of tran-

scription by glucose

BivPro 9.7 0.004 FOXA2
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Go endocrine pancreas

development

BivPro 2.5 0.04 FOXA2,

HES1,

NKX2-2,

NKX6-1,

NKX6-

2, PAX6,

SLC2A2,

SOX9

Go response to glucose

stimulus

BivPro 2.3 0.04 FOXA2,

NKX6-

1, PAX2,

RAB11FIP2,

SMAD2,

SREBF1,

ZNF236

MSigDB Genes involved in

Regulation of gene

expression in beta

cells

BivPro 4.3 0.01 FOXA2,

NKX2-2,

NKX6-

1, PAX6,

SLC2A2

MSigDB Maturity onset

diabetes of the

young

BivPro 3.5 0.03 FOXA2,

HES1,

NKX2-2,

NKX6-

1, PAX6,

SLC2A2

Table 4.4: Pancreas-related enrichment terms associated with bivalent promoter
BIDOCS. Each row represents an enriched term associated with BiDOCS overlapping
ESC bivalent promoter compared to all ESC bivalent promoter. Columns indicate Term
(Go Biological Processes), Description, Chromatin State (State), Regional enrichment
(RE), Hypergeometric BH/FDR-adjusted P (HBH-P, for gene enrichment) and Genes asso-
ciated with the term.
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4.3.2.8 In silico validation of identified DOCS

As the iPSC lines from each of the two subtypes were not derived from the same individuals, sam-

ple labels were randomly permuted between the FiPSCs and BiPSCs (to create two separate groups

including either 2 Fi-DOCS and 3 Bi-DOCS or 2 Bi-DOCS and 3 Fi-DOCS) and the differential

analysis was repeated to control for effects driven by genotype. The number of DOCS identified

between the permuted samples was much lower than that observed in the original analysis (mean

random sites=2.4k compared to 8.3k in the original analysis, Fig4.14). This suggests that genetic

donor background is not the primary factor influencing the differential open chromatin analysis.

To control for any differences driven by the two lines harbouring 48 chromosomes, samples with

abnormal karyotypes (lines BiPSC-D 1-2) were removed, and the differential analysis was repeated

using diffReps (Fig4.15). These data showed strong correlation with the data obtained from all

iPSC lines (4.8k/8.3k DOCS overlapped with previous analysis and Spearman’s rho=0.91) and

(significant) DOCS were still associated with key pancreatic endodermal markers such as FOXA2,

NKX2-2, and PAX6.

4.3.2.9 Cellular validation of selected DOCS using ChIP-qPCR

A number of DOCS (n=5) were selected for in vitro follow-up and validated by Liraz Shenhav by

performing H3K4me3 ChIP-qPCR (a hallmark of open chromatin structure), using primers corre-

sponding to Bi-DOCS that were more open in BiPSCs compared to FiPSCs. All five BiPSC lines

showed higher chromatin enrichment levels in the promoter regions of PDX1, NKX2-2, FOXA2 and

INS, in comparison to the FiPSC lines (Fig4.16B). To highlight the open chromatin differences in

the ATAC-seq data, Fig4.16B visualises six distinct DOCS between FiPSCs and BiPSCs around the

FOXA2 promoter. Overall the validation results confirm the presence of DOCS at key endodermal

marker genes.
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Figure 4.14: Number of significant real iPSC DOCS vs randomly permuted DOCS.
Number of significant DOCS (FDR <5% and absolute log2FC >0.5 ,x-axis) from the real
dataset (blue) compared to the randomly permuted dataset (red) to investigate potential
effects of donor genotypes on DOCS analysis.
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(A) Volcano plot of karyotypically normal samples
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Figure 4.15: DiffReps analysis of karyotypically normal samples. (A) Volcano plot
showing log2FC (x-axis) and -log10 P-value (y-axis) of the diffReps analysis including
only karyotypically normal samples (B). Correlation between log2FC of overlapping
DOCS identified from the analysis including all samples (x-axis) and from the analysis
including only karyotypically normal samples (y-axis).
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Figure 4.16: Validation of selected DOCS. (A) ChIP analysis of histoneH3 tri-methyl
Lys4 (H3K4me3) in BiPSCs (n=5), FiPSCs (n=4). RT-PCR was performed on bound and
input DNA with primers recognizing FOXA2, NKX2.2, INS and PDX1 promoter loci and
are normalized to closed loci CRYSTALLIN and TEX15 (closed state was validated us-
ing ATAC-seq) . Enrichment of open chromatin was validated using primer recognizing
APRT promoter. Values are mean +/- SE and ∗ indicates P <0.05. In vitro validation per-
formed by Liraz Shenhav at Tel-Aviv University. (B). FOXA2 region comparing RPKM
normalised read depth of BiPSC (orange) and FiPSC (blue) samples. Black bars near the
bottom show 6 significant DOCS identified between the 2 iPSC sample types. The bottom
track indicates the genes in the region with FOXA2 being highlighted in bold.
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4.4 Discussion

4.4.1 Open chromatin landscape in human pancreatic islets

The research in the first part of the chapter has dealt with the use of ATAC-seq to expand existing

islet open chromatin information and to provide variable open chromatin maps for almost 30 indi-

viduals. These data will be used in Chapter 5 Section 5.3.4 for testing regions for allelic imbalance

in open chromatin based on genotype. The analysis in the second part of the chapter used ATAC-

seq to investigate open chromatin regions across iPSCs derived from both pancreatic beta-cells

and fibroblasts, which differed in their differentiation potential, to identify open chromatin regions

associated with enhanced endoderm differentiation. Specifically, the main results of this Chapter

were that:

• ATAC-seq islet open chromatin regions showed substantial overlap with known islet pro-

moter and enhancer regions and were enriched for islet eQTLs and TFBS.

• islet open chromatin regions, in particular, distal from the TSS, were substantially enriched

in T2D and FG GWAS regions (on a global level)

• ATAC-seq in BiPSCs and FiPSC identified DOCS that were strongly enriched in regulatory

regions involved in development

• Bi-DOCS were found to be associated with genes and TF related to early pancreatic de-

velopment, thus, providing potential information on how to improve "iPSC to endoderm"

differentiation

The observations for the human islet ATAC-seq data are in accordance with previous studies in

islets that have shown that islet open chromatin regions correspond to islet regulatory elements

such as enhancers and promoters and are strongly associated with islet-specific TF binding84–86.

However, compared to previous studies which only generated FAIRE-seq data for up to 2 sam-

ples84,85, the data presented here expanded the sample numbers considerably to up to almost 30

providing a more comprehensive view of islet open chromatin maps. Similar to islet studies, other
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studies performed in non-islet tissue also confirmed the importance of accessible DNA regions in

cell regulation82.

Consistent with the regulatory role of open chromatin regions in human islets, these highly accessi-

ble peak regions were also globally enriched for T2D and FG GWAS signal which was strongest for

distal elements (in relationship to the TSS) corresponding to enhancers. This is in accordance with

previous data that showed islet enhancer chromatin states with accessible DNA are highly enriched

for GWAS variants associated with T2D and other related traits83–86. To evaluate the enrichment

of open chromatin in T2D GWAS loci in more detail, the analysis in Chapter 5 integrated different

types of epigenomic marks to dissect the contribution of open chromatin, histone marks and DNA

methylation to the T2D GWAS enrichment.

While the enrichment of distal enhancer regulatory elements was specific to T2D-related traits, islet

open chromatin regions were also enriched in GWAS signal for TC which is a likely non-islet me-

diated trait. When dividing the regions into distal (likely enhancer) and proximal (likely promoter)

regions it was observed that proximal islet open chromatin regions near promoters were strongly

enriched for GWAS variants associated with TC. The enrichment for proximal open chromatin

regions near the TSS is consistent with the almost significant UMR (unmethylated promoter re-

gions identified from WGBS methylation data) enrichment in TC islet (and liver) GWAS data in

the Chapter 3 Section 3.3.3.2. Furthermore, these results are in accordance with a recent study that

found coding regions to be enriched in TC-associated GWAS variants158.

Overall the human pancreatic islet ATAC-seq data has highlighted that islet open chromatin re-

gions likely play a major role in islet regulation and the genetic susceptibility of T2D. While in

this chapter the global enrichment of islet open chromatin peaks in T2D-related traits was evalu-

ated, the analysis in Chapter 5 also explores the role of open chromatin at individual T2D GWAS

loci. Specifically, the individual islet open chromatin data is used to identify allelic imbalance at

GWAS variants to prioritise these variants for functional follow-up and provide potential molecular

mechanisms governing T2D risk at these loci.

The second part of this Chapter has systematically investigated sites of open chromatin across the

genome of iPSCs derived from both pancreatic beta-cells and skin fibroblasts. By overlaying this
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information with analogous data from primary human islets, it was shown that despite derivation

from different donor tissues, the open chromatin peaks in both iPSC subtypes cluster more closely

together than their original cell type of origin, confirming their overall stem cell behaviour. Despite

the global similarity in shared open chromatin peaks across both iPSC subtypes, DOCS between

BiPSCs and FiPSCs could be identified which were strongly enriched for certain regulatory ge-

nomic annotations. Bi-DOCS (regions more open in BiPSCs compared to FiPCS) were enriched for

endodermal weak enhancers, bivalent enhancers and bivalent promoters, confirming that they over-

lap regulatory motifs previously shown to facilitate ’developmental competence’ and to influence

endodermal lineage differentiation efficiency.

Through gene and pathway analysis Bi-DOCS were found to be enriched for GO terms relating

to early pancreatic endoderm signalling pathways and TFs, including the WNT and NOTCH path-

ways and FOXA2 signalling. Both WNT and NOTCH signalling are two of the major pathways

targeted by current protocols leading in vitro differentiation protocol219,220 while FOXA2 is one of

the master regulators of endodermal development. Along with FOXA1, FOXA2 has been shown to

regulate expression of both NEUROG3 and PDX1, with Foxa2-/- mice displaying abnormal islet

development and dying shortly after birth from severe hypoglycaemia251. FOXA2 binding sites are

enriched at weak endodermal enhancers, priming cells to receive extracellular cues signalling to

differentiate into the various organs of the endodermal lineage, including pancreas, liver, and intes-

tine217. Enrichment of FOXA2 motifs in BiPSC upregulated DOCS suggests that this iPSC subtype

retains ’memory’ of its original endodermal cell type, whereby lineage-relevant poised enhancers

are maintained. This is exemplified by the enhanced spontaneous differentiation potential of BiP-

SCs from embryoid bodies into both endoderm and pancreatic progenitors, compared with FiPSCs.

Bi-DOCS may provide clues for optimisation of pluripotent stem cell directed differentiation into

beta-like cells, for allowing robust differentiation of multiple cell lines from varied origins.

Maintenance of genomic ’bookmarks’ in reprogrammed iPSCs and the true extent of epigenetic

memory remains a subject of discussion within the field. It has been suggested that cell type of

origin, at least for low passage numbers, influences the genomic landscape and lineage-specific

differentiation efficiency of iPSCs, an effect also replicated in cloned animals where cell type of

origin was shown to influence transcriptional and epigenetic profiles as well as in vitro differenti-
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ation224–226. However, several studies suggest that donor genotype is the major influence on the

transcriptomic and epigenetic profiles and differentiation capacity of iPSCs. Culture conditions,

passage number, cell cycle phase, and reprogramming technology can also induce transcriptional

and epigenetic differences across iPSC types221–223. Additional work will be required to determine

whether the effect is truly dependent on the donor cell type, in particular, since the iPSC subtypes

analysed in this chapter differed substantially in passage number and prolonged passaging was

suggested to eradicate epigenetic memory effects225. Accordingly, the high passage number of FiP-

SCs may explain the observed enrichment of Fi-DOCS in ESC and iPSC active enhancer regions

and the lack of enrichment in chromatin states related to fibroblast/mesoderm function. However,

independent of the source of variation, the discovery of differences in open chromatin between

BiPSC and FiPSC that differ in their endodermal differentiation potential, was still shown to pro-

vide biologically-relevant insights into endodermal development.

Overall the work presented in this chapter provided a valuable resource for researchers that could

improve understanding of endodermal development and be used to generate enhanced islet cell

models as well as to develop novel therapeutic approaches for diabetes.
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CHAPTER 5

Integration of epigenomic annotation

5.1 Introduction to integration of epigenomic annotation

5.1.1 Interactions between epigenomic factors

As described in Chapter 1, DNA methylation, histone modifications, chromatin accessibility and

transcription are highly interconnected and correlated in the human genome. DNA methylation

found at CpG sites in the genome is generally associated with heterochromatin, transcriptional

silencing and imprinting which is often mediated via changes in chromatin structure and histone

PTMs118.

While the exact mechanisms and the directionality of these interactions remain unclear, it was

recently highlighted that integration of chromatin marks provides useful information for understand-

ing genome regulation and disease susceptibility. Several recent large-scale studies collected epige-
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nomic data to predict chromatin states from a large number of chromatin marks across multiple

human tissues and cell lines65,76,82,252. These studies highlighted distinct associations between cer-

tain histone modifications and various other genomic annotations including TSS, TFBS and open

chromatin regions. For instance, Ernst et al 201176 found that active enhancers and active promot-

ers are associated with RNA Polymerase II activity and nucleosome depletion. Active Enhancers

were also found to be enriched for tissue-specific TF binding events. Linking these enhancer and

promoter states to TSS of nearby genes identified cell-type-specific clusters highlighting relevant

biological terms and functions. An even larger study investigated chromatin states across up to 111

human tissue and cell types in combination with DNA accessibility and DNA methylation82. As

described in other Chapters and consistent with other recent studies131,239,240, the authors found that

DNA accessibility was usually associated with activity, binding of regulatory TF and active histone

marks while high levels of DNA methylation were associated with repression, compact chromatin

and inactive marks. In contrast, intermediate and low methylation strongly correlated with enhancer

and promoter histone marks, respectively, and were found in more open chromatin region. Con-

sistent with the increased DNA accessibility and intermediate DNA methylation states, enhancers

were enriched for TFBS motifs which specifically overlapped DNase footprints indicative of true

binding events82.

The co-occurrence of certain epigenomic factors suggests that DNA methylation and histone mod-

ifications are linked through shared biochemical pathways253. Proteins that bind to CpG regions

depending on DNA methylation levels play a critical role in governing these interactions. For

instance, MeCP2, a member of the MBD family, binds to methylated CpG sites and also asso-

ciates with histone deacetylases and methyltransferases to influence histone modifications such

as H3K9me254. Similar to DNA methylation, H3K9me3 is in general associated with repressed

heterochromatin states. In addition to interactions with H3K9, DNA methylation is associated with

H3K36 methylation, which is found predominantly in exonic regions and linked to increased lev-

els of DNA methylation255. In contrast to H3K36 and H3K9 methylation, other histone variants

such as H3K4me3 show strong negative correlation with DNA methylation potentially by blocking

access to DNA methyltransferases which likely reduces DNA methylation levels at promoter and

CpG-island regions253,256. These observations highlight the complexity of epigenomic patterns and

annotations that regulate the genome.
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Comparing genomic annotations across cell types and tissues can be highly useful to identify bio-

logically relevant connections across developmental lineages and tissues. In accordance with the

previous study, enhancer clusters were associated with cell-type specific functional modules: for in-

stance, one study found associations between stem cell enhancers and developmentally active genes

as well as immune cell enhancers and genes involved in the regulation of the immune system82. In

addition to providing improved understanding of tissue specificity and cell function, enhancers also

showed enrichment for GWAS signals specific to disease-relevant cell types (for more details see

Chapter 1). Overall, these studies highlighted the complex relationship between transcription, DNA

methylation, open chromatin and histone marks and showed that integrating these states is useful

for understanding tissue and cell function as well as disease susceptibility.

5.1.2 Integration of genomic annotation to understand islet function

and T2D development

Since pancreatic islets are central for T2D pathophysiology, several recent studies have focused on

integrating islet genomic data such as transcription, chromatin and TFBS information to improve

understanding of islet function and T2D genetic susceptibility. Parker et al 201386 combined his-

tone marks from 10 cell types including islets to identify chromatin states associated with promoter,

enhancer, insulator, transcriptional and repressive function. Across multiple cell types this approach

identified both short and long enhancer states ("stretch enhancer") of which the latter were highly

cell-type-specific. Integrating these stretch enhancers with RNA-seq data showed that they were

also strongly correlated with the expression of nearby cell-type-specific genes, thus, suggesting that

stretch enhancers are critical for cell identity and function. Across cell types these stretch enhancers

were also enriched for tissue-relevant GWAS traits and, in particular, islet stretch enhancers showed

strong enrichment in T2D and FG GWAS regions.

A parallel study85 combined chromatin states defined from histone marks with TFBS and transcrip-

tional data to improve understanding of the pancreatic islet regulome and T2D development. It was

found that 5 islet relevant TFs including FOXA2, MAFB, NKX2.2, NKX6.1 and PDX1 formed a

highly interconnected, cross-regulatory network with highly correlated binding sites throughout
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the genome. Integration with chromatin accessibility information (derived from FAIRE-seq and

H2AZ ChIP-seq data), CTCF binding sites and chromatin states derived from several histone marks

(H3K4me1, H3K4me3, H3K27ac) showed that TFs bound to highly accessible chromatin regions

in human islets. To further understand the function of these accessible states, the study investigated

the relationship between these chromatin accessible sites and the expression of nearby genes. While

islet promoter states were equally enriched for both islet-specific and non-specific genes, it could be

shown that active enhancers, which were enriched for multiple TFs binding events, were strongly

associated with islet-specific gene expression.

Consistent with the aforementioned studies86, these results highlighted the importance of these

active enhancer clusters (defined as "stretch enhancer" by Parker et al 2013) in regulating gene

expression linked specifically to islet function. In addition, the study also investigated the role of

these active TF bound enhancer states in the genetic susceptibility of T2D and found that the active

islet enhancer clusters were specifically enriched in T2D and FG GWAS signals. This enrichment

of islet enhancers in T2D GWAS signal remained even after removing known significantly associ-

ated T2D and FG GWAS loci, thus, suggesting that islet genomic annotations can also be used to

identify novel GWAS signals that have not reached genome-wide significance. Functional follow-

up of selected enhancer regions showed that the GWAS variant rs58692659 at the ZFAND3 locus

modified NEUROD1 binding by altering the TF motif, thus, providing a potentially functional

mechanisms explaining T2D GWAS risk85.

A follow-up study also combined genetic fine-mapping data with the epigenomic TFBS and chro-

matin state date to pinpoint likely causal T2D and FG GWAS variants and mechanisms governing

T2D susceptibility83. Gaulton et al 2015 found strong enrichment of fine-mapped credible set vari-

ants in islet FOXA2 ChIP-seq binding sites and identified a high PP variant in an FOXA2 bound

enhancer at the MTNR1B locus. Functional follow-up indicated allele-specific differences in NEU-

ROD1 binding activity associated with increased islet MTNR1B expression, thus, highlighting a

potential molecular mechanism at this locus that may explain the T2D GWAS signal.

Parallel to equivalent efforts for other tissues and diseases76,81,82,87,131,257, these islet studies have

clearly highlighted the power of combining different genomic islet datasets to enhance the identi-

fication of islet regulatory states, improve understanding of the islet regulatory network and help
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elucidate the role of GWAS variants in T2D development.

The work presented in this chapter aims to achieve the following

• to extend existing islet chromatin states by integrating different epigenomic datasets

• to combine refined islet chromatin states with genetic T2D and FG GWAS data and deter-

mine a maximum likelihood enrichment model combining multiple annotations

• to characterise the contribution of individual epigenomic factors to the islet chromatin state

enrichment in T2D and FG GWAS signal

• to use the combined model to prioritise highly likely causal variants for testing allelic imbal-

ance in open chromatin

5.2 Methods

5.2.1 ChIP-seq data processing for ChromHMM

Human islet ChIP-seq histone mark and TFBS raw data were obtained from various sources:

H3K4me1, CTCF and H3K27ac (from Pasquali et al 201485), H3K36me3 and H3K4me3 (from

Moran et al 2012258) and H3K27me3 (from Encode/Epigenome Roadmap consortium http:

//egg2.wustl.edu/roadmap/webportal/index.html82). The fastq files were aligned to hg19

using bowtie1 (version 1.1.1232) with modified default settings (-m 1 which removes reads with

more than 1 valid alignment and -n 1 which defines the maximum number of mismatches in seed )

and PCR duplicates were removed from the aligned bam files with Picard tools (v1.119,259). The

resulting reads were converted into bed format using the bedtools bamToBed function (version

v2.21.0)161 and extended by 200bp towards the 3’ end to account for fragment size.

130

http://egg2.wustl.edu/roadmap/webportal/index.html
http://egg2.wustl.edu/roadmap/webportal/index.html


5.2. METHODS CHAPTER 5. DATA INTEGRATION

5.2.2 ChromHMM state predictions

Binarised 200bp density maps from the bed files of the 6 ChIP-seq marks were created using a Pois-

son distribution implemented in the BinaryBed function of the ChromHMM software as described

in Ernst et al 2011 and 201276,260. From these epigenomic density maps, 11 ChIP-only chromatin

states were derived using a multivariate Hidden Markov Model implemented in the Learnmodel

function (standard settings, h19 genome) of the software ChromHMM260.

To generate additional sets of chromatin states based on ChIP-seq, ATAC-seq peaks and DNA

methylation status the following approach was used. From a subset of the islet ATAC-seq data

(n=17 available at the time of analysis) described in Chapter 4, open chromatin peaks were called

by applying a departmental pipeline230 that used sample-specific read depth and width parameters,

which were chosen based on the signal to noise ratio of a given sample, to identify peaks (see

website for details http://userweb.molbiol.ox.ac.uk/public/telenius/PipeSite.html).

The presence of ATAC-seq peaks was binarised over 200bp windows in the genome. Similarly,

whole-genome CpG methylation status (obtained from human islets in Chapter 3) was binarised

into hypermethylation and hypomethylation based on a threshold of 60% methylation across 200bp

windows of the genome.

These binarised 200bp ChIP-seq, ATAC-seq and DNA methylation maps were combined and used

to generate 3 sets of chromatin states derived from ChIP and DNA methylation data (ChIP-Meth),

ChIP and ATAC-seq data (ChIP-ATAC) or ChIP, ATAC-seq and DNA methylation data (ChIP-

ATAC-Meth) using the Learnmodel ChromHMM function. As suggested by Ernst et al 201176,

after evaluating models with up to 20 chromatin states, a 15 state model was chosen based on the

resolution provided by identified states (see Fig5.1A for details). Enrichment of these states in the

following genomic annotations was determined using the chromHMM OverlapEnrichment and

NeighborhoodEnrichment function in chromHMM: CpG-islands, intergenic regions (Genome),

Refseq gene and TSS regions as well as publicly available islet TFBS.
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Figure 5.1: Outline of ChromHMM and FGWAS analysis of ChIP, ATAC-seq and
DNA methylation.(A) Different combinations of epigenomic data (top) were combined
to generate different sets of refined chromatin states (11 ChIP-only and 15 ChIP-Meth,
ChIP-ATAC and ChIP-ATAC-Meth states, middle) using chromHMM. These sets of chro-
matin states were then tested for enrichment in T2D-related GWAS traits using FGWAS to
both compare individual states and the best multi-state enrichment model (derived using
cross-validation). However, chromatin states defined from a different set of epigenomic
marks (ChIP-only, ChIP-Meth, ChIP-ATAC and ChIP-ATAC-Meth) are not equivalent and
the enrichment can not be easily compared across models. Thus, in (B) a nested model
approach was applied. That is, ChIP-only chromatin states were generated and FGWAS
maximum likelihood models were defined using ChIP-only, LMR and/or ATAC-seq peak
regulatory regions. The combination of all these annotations represented a nested linear
model and the changes in maximum likelihood by adding/removing LMR and ATAC-seq
states could be statistically evaluated using a Loglikelihood Ratio Test (LRT).
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5.2.3 FGWAS enrichment analysis

As described in Chapter 2 section 2.6.1, FGWAS158 uses a hierarchical modelling approach to

determine the enrichment of annotations in GWAS signal. To determine the maximum likelihood

model the following approach suggested by Pickrell et al 2014158 was used for each set of chro-

matin states (ChIP-only, ChIP-ATAC, ChIP-Meth and ChIP-ATAC-Meth), separately. In accor-

dance with the author’s suggestion to test all significant annotations, hypomethylated LMRs (see

Chapter 3 section 3.3.3.1 for more details), were also evaluated in this approach (together with the

chromatin states) to determine the best FGWAS model.

1. A model was fitted for each annotation individually to identify all annotations that were

significantly enriched with the trait.

2. The annotation with the highest increase (and enrichment) in the maximum loglikelihood

was added to the model and the analysis is repeated with the additional annotation.

3. Annotations were added as long as they increase the maximum loglikelihood of the newly

tested model.

4. A 10-fold cross-validation approach is used after determining a penalty parameter based on

the maximum likelihood of a penalised log-likelihood function to avoid overfitting

5. Each annotation is dropped from the model and the maximum cross-validation likelihood is

evaluated. If a reduced model has a higher cross-validation maximum likelihood, additional

annotations are dropped until the model can not be further improved based on the maximum

cross-validation likelihood. This model is described as the best fitted model and used for the

remaining analysis.

5.2.4 Comparing the influence of open chromatin and DNA methyla-

tion on GWAS enrichment

Initially, similar enhancer chromatin states derived from the 4 different ChromHMM analyses

(ChIP-only, ChIP-ATAC, ChIP-Meth, ChIP-ATAC-Meth ) were compared. Similarity was deter-
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mined based on shared histone chromatin marks according to the chromHMM emission parameters

(approach visualised in Fig5.1A)

However considering that the chromatin states were derived from different sets of annotations

across different runs of the ChromHMM a direct comparison is not fully possible. Hence, a nested

model approach was used to further dissect the contribution of open chromatin and DNA methy-

lation to the enrichment (approach visualised in Fig5.1B) . Specifically, an FGWAS analysis was

performed that combined the ChIP-only chromHMM states with raw LMRs (representing DNA

methylation) and ATAC-seq peaks (representing open chromatin). After determining the best

maximum-likelihood cross-validation model (as described above) a log-likelihood ratio test was

used on the maximum log-likelihood of the nested models in order to allow a formal statistical

analysis. The following nested models were compared using FGWAS:

• a ChIP-only annotation model,

• a ChIP-annotation with hypomethylated LMRs model,

• a ChIP-annotation with ATAC-seq open chromatin peaks model

• a ChIP-annotation with both LMRs and ATAC-seq peaks model

5.2.5 Prioritising high posterior probability variants at significant loci

for testing of allelic imbalance in open chromatin

After determining the prior probability of association as described in Chapter 2 section 2.6.1, Pick-

rell et al 2014158 showed that this information can be used to derive a posterior probability (PP)

of association for both the region and the SNPs in a given region. Variants at significant GWAS

regions with a high FGWAS PP (PP >0.10) were selected to determine allelic imbalance in ATAC-

seq open chromatin data from heterozygous individuals. In addition to standard genome-wide

significance (P <5x10-8), significant GWAS regions were determined based on a regional PP of 0.9

(representing the sum of the PPs of all SNPs in a given region). Pickrell observed that a regional PP

of 0.9 or above can be used to identify sub-threshold GWAS loci.
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5.2.6 Allelic imbalance in open chromatin

For high PP variants at significant GWAS regions allele counts were obtained from 28 individ-

ual ATAC-seq islet sample bam files using samtools mpileup function203 and after filtering (only

variants present in at least 2 individuals, with a per sample read depth >9 and at least 5 reads per

allele were taken forward) the allelic imbalance was determined using a binomial test. Regions

with significant (FDR-adjusted P <0.05) allelic imbalance in the binomial test were identified and

followed-up using the software WASP (Version 0.2261) to deal with read-mapping and reference

allele bias, which can often lead to spurious results. To remove reads associated with mapping bias,

the WASP pipeline for mappability filtering (described at https://github.com/bmvdgeijn/

WASP/tree/master/mapping) was used. In short, reads of the unfiltered bam file (within 1Mb of

the high PP variant of interest) were identified that overlapped an SNP identified in 1000G data

(phase1 v3 November 2010)262. For each read overlapping an SNP, the genotype of that SNP was

changed to the alternative allele and the read was remapped. Any read that failed to realign in the

same position in the genome was discarded. Ultimately, PCR duplicates were filtered using the

WASP "rmdup_pe.py" script which removed reads independent of their mapping score to avoid any

bias.

5.2.7 Determining overlap with TF motifs

The tool "Fimo" implemented in the "meme" software package263 was applied to identify TF mo-

tifs that significantly (FDR <0.05) matched the sequence overlapping the SNP variant (20bp up

and downstream). Based on position-specific scoring matrices of a given motif, fimo calculated

a log-likelihood position score for each motif based on sequencing positions and converted these

scores into P-values using dynamic programming followed by multiple testing correction using an

FDR approach.
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5.3 Results

5.3.1 Integration of epigenomic factors to refine chromatin states

Recent studies have shown that DNA regulatory elements can be derived from DNA methylation,

chromatin accessibility or histone mark information and that there is substantial overlap between

these different epigenomic marks. Also, integration of all of these factors has been suggested

to significantly improve the enrichment of GWAS signals and help understand genetic disease

associations.

To refine islet chromatin states, I aimed to integrate different types of islet regulatory annotations,

such as DNA hypomethylation and ATAC-seq open chromatin regions. As described in Chapter 3,

WGBS DNA methylation data was used to determine hypomethylated regulatory regions termed

LMRs and UMRs that showed substantial overlap with promoters and enhancers, respectively. In

addition, in Chapter 4, ATAC-seq DNA accessibility information was used to determine highly

accessible open chromatin regions which also correspond to both promoters and enhancers. To

understand the link between islet DNA methylation and open chromatin, the overlap between

ATAC-seq open chromatin sites (n=141k derived from 17 human islet samples as described in

Section 5.2.2) and hypomethylated regulatory elements was determined. There was significant

enrichment of both LMRs (FE=13.9) and UMRs (FE=10.7) in ATAC-seq peaks (compared to

randomised region) and in total, 53% of LMRs (n=19.8k) and 98% of UMRs (n=13.3k) overlapped

16% (n=22.5) and 13% (n=18.5k), respectively, of all ATAC-seq peaks.

Due to the high interconnectivity, these different epigenomic regulatory data types were combined

using chromHMM. Specifically, previously generated pancreatic islet chromatin ChIP-seq histone

marks as well as ATAC-seq open chromatin peaks and WGBS hypomethylated regions (defined

as having <60% methylation levels) were integrated in the chromHMM model to extend existing

chromatin states (Fig5.2A). This analysis identified 15 chromatin states that could be broadly clas-

sified into promoter (H3K4me3 marks), transcribed (H3K36me3 mark), enhancer (H3K4me1 and

H3K27ac marks), insulator (CTCF mark), repressed (H3K27me) and inactive states (lack of histone

marks) based on the enrichment of histone marks. These broad classes could be further divided into
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subtypes depending on their activity level. For instance, promoters (marked by H3K4me3) could be

classified into active and weak (bivalent) promoters of which the former were associated with open

chromatin while the latter were associated with H3K27me3.

In addition, the analysis identified also several enhancer classes including 2 subtypes of strong

enhancers (usually marked by H3K4me1 and H3K27ac) and 3 subtypes of weak enhancer (usually

marked by H3K4me1 only) that can be distinguished based on ATAC-seq open chromatin and DNA

methylation levels. Specifically, the chromHMM model identified activated weak enhancers with

low methylation and open chromatin (state 7, n=38k), lowly-methylated weak enhancers (state 6,

n=78k) and weak enhancers (state 5, n=206k) with closed chromatin and hypermethylation as well

as activated strong enhancers (state 9, n=32k) with open chromatin and hypomethylation and strong

enhancers with closed chromatin and hypermethylation (state 8, n=110k, Fig5.2).

Consistent with previous studies the chromatin states were also associated with specific locations in

the genome (Fig5.3). For instance, promoter states were enriched for CpG-island, TSS, exonic and

genic regions while lowly-methylated transcribed, inactive heterochromatin and quiescent states are

enriched for intergenic ("Genome %") regions. Also, this analysis highlighted the regulatory role of

activated weak and strong enhancers, which are characterised by increased DNA accessibility and

low DNA methylation, in the islet genome. These activated enhancers were strongly enriched for

publicly available active islet TFBS (FOXA2, MAFB, NKX2.2, NKX6.1 and PDX1) while no such

enrichment was found for the remaining weak and strong enhancer regions.
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Figure 5.2: ChromHMM ChIP-ATAC-Meth states. (A) 15 chromatin states (y-axis)
were derived from ChIP histone marks, DNA methylation and ATAC-seq open chromatin
annotations (x-axis) using chromHMM LearnModel function and for each state the rel-
evant marks characterising the state are shown. The colour is based on the chromHMM
emission parameters and a darker colour indicates a higher frequency of a mark at a given
state. (B) Weak enhancers (marked by H3K4me1, top red) and strong enhancers (marked
by H3K27ac and H3K4me1, bottom green) were subdivided by the chromHMM analysis
according to methylation and ATAC-seq status. In total, 3 weak enhancer and 2 strong
enhancer subtypes were identified.
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1. Active Promoter !
2. Weak Promoter!
3. Transcriptional Elongation!
4. Low Meth and Transcripton!
5. Weak Enhancer!
6. Lowly-methylated Weak Enhancer!
7. Activated Weak Enhancer!
8. Strong Enhancer !
9. Activated Strong Enhancer !
10. Genic Enhancer !
11. Accessible chromatin!
12. Insulator!
13.Heterochromatin !
14. Polycomb Repressed!
15.Quiescent State 

Figure 5.3: Enrichments of chromatin states in genomic annotations. For each state
the enrichment in a given hg19 genome annotation is shown (darker colour indicates
higher enrichment). The annotations include the following (all regions but TFBS were
derived from UCSC genome browser): Intergenic (Percentage of Genome), CpG-island re-
gions, publicly available islet TFBS85 (FOXA2, MAFB, NKX2.2 (NKX2), NKX6-1 (NKX6)
and PDX1), RefSeq-exons, RefSeq-genes, RefSeq Transcription Start site (TSS) and 2kb
within a RefSeq TSS (RefSeqTSS2kb)).
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5.3.2 Enrichment of chromatin states in T2D and FG GWAS regions

Subsequently, the statistical modelling approach from FGWAS was used to determine the enrich-

ment of these refined chromatin states in T2D and FG GWAS regions. In short, all chromHMM

states were tested individually for enrichment (Fig5.4A) and the four significantly enriched chro-

matin states (activated strong enhancer, activated weak enhancer, strong enhancer and genic en-

hancer, shown in bold in Fig5.4A) were combined to find the model with the maximum likelihood

estimated using a cross-validation approach to avoid overfitting (see Section 5.2.3). Although the

chromatin states already included binarised methylation levels (above or below 60% methylation),

LMRs, which showed significant enrichment in T2D and FG GWAS regions in Chapter 3, were

also included in the cross-validation approach to determine the best enrichment model. This ap-

proach was chosen, since only 54% of all LMRs overlapped with the four significant enhancer

chromatin states and the inclusion of LMRs in the cross-validation analysis is in accordance with

the suggestion from Pickrell et al 2014158. The author recommended to include all enriched annota-

tions when determining the maximum likelihood model.

For T2D the maximum likelihood model combines activated strong enhancer (log2FE=3.7, CI=2.9

to 4.4, n=32k), activated weak enhancer (log2FE=3.5, CI=2.4 to 4.4, n=38k), strong enhancer

(log2FE=2.0, CI= -0.2 to 3.1, n= 110k) and LMRs (log2FE=1, CI=0.02 to 1.8, n=38k) of which all

but strong enhancers were significantly enriched (Fig5.4B , panel left). A very similar maximum

likelihood model was predicted for FG which combined the same regulatory annotations (Fig5.4B,

panel right): Activated strong enhancer (log2FE=4.8, CI=3.0-6.1, n=32k), activated weak enhancer

(log2FE=4.3, CI=1.5 to 5.8, n=38k), strong enhancer (log2FE=4.1, CI=2.4 to 5.5, n=110k) and

LMRs (log2FE=1.5, CI=-0.1 to 2.7, n=38k). Consistent with the single state enrichment analysis

(Fig5.4A), it was observed that both activated weak and strong enhancer states with hypomethyla-

tion and open chromatin showed the strongest enrichment in the combined model (Fig5.4B). The

increased enrichment is consistent with previous studies in both islet85 and non-islet tissues131

which found that additional epigenomic annotations can improve enhancer enrichment in GWAS

signal.

Notably, LMRs increased the (cross-validation) maximum likelihood of both the T2D and FG

enrichment models, despite the fact that the enrichment models already included chromatin states
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with DNA hypomethylation status. This suggests that LMRs, which only partially overlapped the

enhancer states, potentially include additional T2D-relevant regulatory regions that may not be fully

captured by the chromHMM enhancer states in the models.
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Figure 5.4: Enrichment of chromatin states in T2D and FG GWAS regions. (A) FG-
WAS Log2 Fold Enrichment including 95% CI (log2FE, x-axis) of all chromatin states
(y-axis) in T2D GWAS regions. Significantly enriched annotations are shown in bold.
(B) T2D (left) and FG (right) FGWAS maximum likelihood model determined through
cross-validation. log2FE and 95% CI (x-axis) of annotations included in the maximum
likelihood model (y-axis) are shown.
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5.3.3 Characterising the role of DNA methylation and ATAC-seq chro-

matin accessibility information in T2D GWAS regions

To further dissect the contribution of the newly integrated epigenetic marks (ATAC-seq DNA ac-

cessibility and WGBS methylation levels) to the enrichment in GWAS signals, the chromHMM

analysis was repeated with different combinations of epigenetic marks. Specifically, only ChIP-seq

marks (ChIP-only, excluding any methylation and ATAC-seq information) or ChIP-seq marks in

combination with either ATAC-seq (ChIP-ATAC) or hypomethylation information (<60% methy-

lation levels, ChIP-Meth) were used to predict chromatin states (Fig5.5A-5.5C). FGWAS was then

applied to compare the enrichment of individual enhancer states across all of these different chro-

matin state sets Fig5.6. ATAC-seq information was found to have the most substantial effect on

enrichment and increased T2D enrichment of gene enhancer (max log2FE for ATAC state (max

ATAC log2FE)=3.1 vs max log2FE for non-ATAC state (max non-ATAC log2FE)=2.7), weak en-

hancer (max ATAC log2FE=3.2 vs max non-ATAC log2FE=1.1) and activated enhancer states

(max ATAC log2FE=3.9 vs max non-ATAC log2FE=2.8) when comparing ChIP-ATAC and ChIP-

ATAC-Meth to ChIP-only and ChIP-Meth states. In contrast, methylation status only improved the

enrichment substantially for "Other Enhancers" (marked by H3K4me1, H3K27ac and H3K4me3),

marginally enhanced the enrichment of strong and weak enhancers and for gene enhancers even

decreased the enrichment (compared to the chromatin state sets).

In addition, the best (maximum likelihood) FGWAS enrichment model was determined for each

new set of chromatin states (ChIP-only, ChIP-ATAC, ChIP-Meth) by combining significant chro-

matin states and LMRs and are shown together with the ChIP-ATAC-Meth maximum likelihood

FGWAS enrichment model in Fig5.7. Similar to the comparison between chromatin state sets

(ChIP-only, ChIP-ATAC, ChIP-Meth, ChIP-ATAC-Meth) in Fig5.6, a comparison within each

chromatin state set (within each subplot) showed that ATAC-seq states often show the strongest

enrichment (e.g. activated strong and weak enhancer within ChIP-ATAC-Meth and ChIP-ATAC).

As for the single state analysis, methylation status contributed to the enrichment within chromatin

sets (LMRs or hypomethylated enhancers were significantly enriched across all chromatin sets),

however, is smaller compared to the ATAC-seq data.
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To formally evaluate the contribution of ATAC-seq and methylation information in T2D GWAS

signal enrichment, another maximum likelihood model using FGWAS was determined. Specifi-

cally, nested FGWAS T2D enrichment models which combine ChIP-only chromatin states with

raw ATAC-seq peaks and LMRs were created. The best model is shown in Figure 5.8 that included

gene enhancer (log2FE=2.4, CI=1.14-3.3), strong enhancer (FE=1.3, CI=0.5-2.0), ATAC-seq peaks

(FE=2.7, CI=2.0-3.4) and LMRs (FE=1.3, CI=0.4-2.0). Using a likelihood ratio test (LRT), the

contribution of ATAC-seq and methylation information was determined by comparing the maxi-

mum likelihood estimate of the full model to models without LMRs or ATAC-seq peaks. Consistent

with the single state analysis, it was found that both factors significantly improved the model based

on the maximum likelihood (LRT ATAC-peaks included P=6.6x10-7, LRT LMRs include P=0.02

compared to ChIP-only model), however, the ATAC-seq peak annotation had a much larger effect

on the maximum likelihood than the LMRs (Fig5.8B). These results highlight the usefulness of

integrating histone marks with both DNA accessibility and methylation regulatory states to refine

chromatin states and facilitate understanding of T2D GWAS loci.
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(A) ChIP-only states

1. Active Promoter !
2. Weak Promoter!
3. Transcriptional Elongation !
4. Weak Enhancer!
5. Activated Weak enhancer!
6. TSS Upstream Enhancer!
7. Strong Enhancer !
8. Activated Strong Enhancer!
9. Genic Enhancer!
10. Genic Strong Enhancer!
11. Accessible Chromatin!
12. Insulator!
13.Heterochromatin!
14. Polycomb Repressed!
15.Quiescent State

(B) ChIP-ATAC states

1. Active Promoter !
2. Weak Promoter!
3. Transcriptional Elongation !
4. Low Methylation!
5. Weak Enhancer!
6. Lowly Methylated Weak Enhancer!
7. Lowly Methylated TSS Upstream!
8. Enhancer!
9. Lowly Methylated Strong Enhancer!
10. Genic Enhancer!
11. Bivalent Enhancer!
12. Insulator!
13.Heterochromatin!
14. Polycomb Repressed!
15.Quiescent State

(C) ChIP-Meth states

Figure 5.5: Comparing the effect of DNA methylation and ATAC-seq on chromatin
state definitions. (A) 11 ChIP only chromatin states defined from histone marks and
CTCF by chromHMM. (B) 15 ChIP-ATAC chromatin states defined from histone marks,
CTCF and ATAC-seq data by chromHMM. (C) ChIP-Meth chromatin states defined from
ChIP histone marks, CTCF and Methylation data by chromHMM. The colour is based on
the chromHMM emission parameters and a darker colour indicates a higher frequency of a
mark at a given state.
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Figure 5.6: Comparing the enrichment in T2D GWAS regions of individual enhancer
states defined from different epigenomic marks . log2FE (x-axis) for different enhancer
states (grey panels) defined from different combinations of epigenetic marks (y-axis) in-
cluding ChIP-ATAC-Meth, ChIP-ATAC, ChIP-Meth and ChIP-only. Enhancers are de-
fined as follows: Strong enhancers are marked by both H3K4me1 and H3K27ac, weak
Enhancers are defined by H3K4me1 only, gene enhancers are marked by H3K4me1 and
H3K36me3, other enhancers are marked by H3K4me1, H3K4me3 and H3K27ac and are
often referred to as TSS upstream regions (only included in the best FGWAS T2D model
for ChIP-only and ChIP-Meth chromatin states).
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Figure 5.7: Comparing the enrichment in T2D GWAS regions of combined enhancer
state FGWAS maximum likelihood models defined from different epigenomic marks.
log2FE (x-axis) of enhancer state (y-axis) for different maximum likelihood FGWAS
enrichment models including chromatin states from ChIP-ATAC-Meth, ChIP-ATAC, ChIP-
Meth and ChIP-only. Enhancers are defined as follows: Strong enhancers are marked
by both H3K4me1 and H3K27ac, weak enhancers are defined by H3K4me1 only, gene
enhancers are marked by H3K4me1 and H3K36me3 and other enhancers are marked by
H3K4me1, H3K4me3 and H3K27ac and are often referred to as TSS upstream regions.
Activated strong and weak enhancers are additionally marked by open chromatin (and
hypomethylation if available).
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Figure 5.8: Effect of ATAC-seq and DNA methylation on T2D GWAS enrichment us-
ing a nested FGWAS model. (A) Maximum likelihood FGWAS nested model combining
ChIP-only, ATAC-peaks and LMR states (y-axis) showing log2FE enrichment (x-axis).(B)
Chi-square distribution with the indicated results of a maximum likelihood ratio test based
on the maximum likelihood difference between a model including LMRs or ATAC-seq
peaks compared to the ChIP-only model. The dashed line indicates significance (P-value
<0.05).
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5.3.4 Integrated epigenomic data facilitates identification of likely

causal variants at T2D GWAS loci through allelic imbalance

Detection of global enrichment signals provides a basis for evaluating both the significance and

functional impact of associated variants in GWAS regions, allowing variants that map into an-

notations that show global enrichment to be afforded extra weight. Hence, FGWAS was used to

estimate PP, which were based on both association statistic and overlap of functional regulatory

elements, to identify, at individual loci, potentially causal variants. The approach of performing

global enrichment analysis of genomic annotations followed by identifying regulatory mechanisms

at individual loci parallels the efforts by Gaulton et al 201583 that successfully analysed the role of

islet ChIP-seq TFBS in T2D susceptibility.

In total, 49 significantly associated T2D regions were identified based on standard genome-wide

significance (P <5x10-8) or having a regional reweighted FGWAS PP>0.9 (the latter threshold is

based on the data from Pickrell et al 2014158 who showed that this approach can be used to identify

GWAS loci that did not pass standard genome-wide significance). Variants at these significant

regions were prioritised for testing them for allelic imbalance in ATAC-seq open chromatin based

on the following criteria. Variants were selected for testing of allelic imbalance if they had a high

variant PP (reweighted PP >0.10) and overlapped with any of the 4 enriched regulatory states

(activated strong and weak enhancer, strong enhancer and LMRs) that were included in the FGWAS

T2D GWAS model (Fig5.4B).

In total, 46 high PP (PP>0.10) variants at 28 significant T2D GWAS regions (GWAS significance

P <5x10-8 or regional reweighted FGWAS PP>0.9) were identified for testing of allelic imbalance

(Fig5.9).

After further filtering based on the number of heterozygous samples (>2) and ATAC-seq read depth

(depth>9 and at least 5 reads for each allele), 11 variants were tested for allelic imbalance in open

chromatin as well as overlap for TF motifs. In total, 6 variants with significant allelic imbalance

were identified (FDR <0.05) of which 3 remained significant after correcting for mapping bias

using WASP (Table 5.1) suggesting that the others represented spurious results due to technical arte-

facts. For instance, at the ADCY5 locus this approach identified an activated weak enhancer with
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Figure 5.9: Identification of T2D GWAS loci and variants based on enhancer enrich-
ment for testing of allelic imbalance in open chromatin. Identification of T2D GWAS
loci and variants enriched for enhancer chromatin states using FGWAS PP. Per locus the
highest PP variant is shown (y-axis) and the number of variants with PP >0.01 (x-axis).
Loci with high PP variants (min PP >0.1, dashed horizontal line) that overlap one of the
enhancer states or LMRs (green) are highlighted and the high PP variants were tested for
allelic imbalance in open chromatin.
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decreased chromatin accessibility (unadjusted binomial P=8.24x10-4, Fig5.10A) for the rs11708067

risk A allele that is predicted to negatively affect HNF4A transcription factor binding by altering

an overlapping HNF4A binding motif (Fig5.10B). The reduction in open chromatin and in HNF4A

binding by the risk A allele is consistent with its previously identified effect on increased ADCY

gene body methylation99 (Fig5.10C) and decreased ADCY5 transcript expression227. These find-

ings combine previously and newly discovered regulatory effects at the ADCY5 GWAS lead variant

rs11708067 and provide a potential molecular mechanism of how the risk allele modifies a TFBS

motif within an enhancer which in turn affects DNA accessibility, DNA methylation and gene ex-

pression to influence T2D susceptibility. Allelic imbalance in open chromatin was also found at the

KLHDC5 rs10842991 (unadjusted binomial=2.50x10-4) and CDC123 rs11257655 (unadjusted bino-

mial P=5.52x10-8) variants that overlapped integrated enhancer regions (Table 5.1). Consistent with

higher chromatin accessibility the risk allele at the CDC123 variant was previously associated with

both enhanced binding of the important islet TF FOXA and increased expression of CAMKD1264.

To highlight the usefulness of annotating GWAS regions with integrated hypomethylated enhancer,

the remaining analysis focused on the KLHDC5 GWAS locus which only passed the PP signifi-

cance threshold (PP >0.9 but P <5x10-8). At this locus, no distinct lead variant can be identified

using fine mapping due to multiple variants (n=10) in high LD (r2=1) with the lead variant (based

on 1000G data262). It was observed that the top credible variant rs10771372 (DIAGRAM PP based

only on genetic data=0.05) and a neighbouring variant rs10842991 (PP=0.03) in full LD (r2=1)

overlap a highly-accessible strong enhancer regions (Fig5.11A) which increased the reweighted

PP for both rs10771372 (PP=0.32) and rs10842991 (PP=0.20). Thus, these variants were tested for

allelic imbalance in open chromatin and it was found that only the risk C allele of the rs10842991

variant showed increased chromatin accessibility (binomial P=2.50x10-4) at the chromatin state

enhancer region. The rs10842991 variant overlapped a FIMO predicted PAX6 TFBS motif and the

risk C allele was predicted to enhance PAX6 transcription factor binding (Fig5.11B). The absence

of enhancers at this rs10842991 variant in any other Epigenome Roadmap tissue (according to

haploreg v3265) strongly suggested that this regulatory effect may be islet-specific.

These data prioritised the ADCY5 variant rs11708067 and KLHDC5 variant rs10842991 for func-

tional downstream analysis and suggested a potential molecular mechanism at these loci involving
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modified transcription factor binding that may affect islet function and T2D susceptibility.

SNP Locus GWAS P FGWAS T2D PP AI effect size AI P (WASP) Direction of Effect
rs11708067 ADCY5 8.8x10-13 0.96 0.24 (11 A VS 34 G alleles) 8.24x10-4 risk allele A closed
rs11257655 CDC123 4.0x10-8 0.98 0.38 (204 C VS 330 T alleles) 5.52x10-8 risk allele T open
rs10842991 KLHDC5 7.3x10-7 0.20 0.60 (225 C VS 153 T alleles) 2.50x10-4 risk allele C open

Table 5.1: Variants with allelic imbalance in ATAC-seq open chromatin. For each vari-
ant, the ID, the Locus, the T2D GWAS P-value, the FGWAS T2D Posterior Probability
(PP), the Allelic imbalance effect (AI effect size), the AI P-value after removing mapping
bias with WASP and the direction of effect in terms of T2D risk is shown.
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Figure 5.10: ADCY5 rs11708067 regulatory effects (A)-(C) ADCY5 rs11708067 lead
variant overlapped a highly-accessible weak enhancer region with low methylation and
open chromatin as shown in the genome browser view (A) and the risk A/T allele was
associated with reduced open chromatin, a disrupted HNF4A binding site (the altered
site is highlighted by a purple box on the opposite strand) (B) and was associated with
increased methylation levels (y-axis, while genotypes are shown on the x-axis) (C).

152



5.3. RESULTS CHAPTER 5. DATA INTEGRATION

Enhancer

10 kb

KLHL42

KLHL42

rs10842991
rs10771372

DNA Methylation

1 -

0 _

DNA Methylation

KLHL42/KLHDC5

Enhancer Enhancer
rs10842991

rs10771372

10kb

(A) KLHDC5 Genome Browser view

(B) KLDHC5 PAX6 motif

Figure 5.11: KLDHC5 rs10842991 regulatory effect (A)-(B) KLHDC5 rs10842991
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matin (A) and shows allelic imbalance in islet ATAC-seq data which disrupts a PAX6 bind-
ing site (B). In addition another high PP variant (rs10771372) is shown that also overlaps
the enhancer region but did not show allelic imbalance in open chromatin)
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5.4 Discussion

The main results of this chapter are:

• islet ATAC-seq open chromatin and DNA methylation data help to refine islet chromatin

states leading to the identification of strong and weak enhancer subsets

• activated enhancer defined by open chromatin and hypomethylation showed stronger enrich-

ment in T2D and FG GWAS loci

• increased enrichment was driven by both ATAC-seq open chromatin and methylation sta-

tus, however, open chromatin data had a substantially larger effect on GWAS enrichment

compared to methylation

• allelic imbalance in open chromatin was found at 3 high PP variants at the T2D GWAS

loci ADCY5, CDC123 and KLHDC5 potentially highlighting novel molecular mechanisms

governing T2D risk at these loci.

The key challenge of understanding GWAS signals is to identify causal variants in regulatory DNA

elements to prioritise variants for downstream analysis and determine functional mechanisms gov-

erning the effects on the phenotype. This understanding will be critical to use human genetics to

characterise the biological networks responsible for disease pathogenesis and identify novel ther-

apeutic approaches. The results from this chapter demonstrate that the integration of epigenomic

islet annotations provides an effective way of refining islet regulatory states and highlighting po-

tential molecular mechanisms at T2D and FG GWAS loci. The analysis showed that integrated

chromatin enhancer states showed significantly higher enrichment in T2D and FG GWAS signals

compared to chromatin states defined from histone marks only. Investigating the contribution to

the enrichment in GWAS signal for DNA methylation and ATAC-seq DNA accessibility data sepa-

rately showed that DNA accessibility adds significantly more to the overall enrichment compared

to DNA methylation. However, the strongest enrichment was observed for chromatin enhancer

states combining all genomic annotations including histone marks, DNA methylation and open

chromatin, thus, indicating the advantage of an integrated analysis approach. Also, short and well-

defined LMRs were found to further improve the enrichment model despite hypomethylation being
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included in the chromHMM analysis. Thus, this data suggests that LMR may add additional infor-

mation to the model that is not captured by any of the chromatin states used in the model.

The T2D enrichment model derived from refined chromatin states was highly useful for increas-

ing the understanding of islet regulation and its role in T2D development. This is consistent with

previous studies that also observed increased enrichment in GWAS signals for enhancer chromatin

states that were combined with additional genomic annotations such as DNA accessibility or DNA

methylation. For instance, Wang et al 2016 observed that enhancer chromatin states overlapping

open chromatin and hypomethylated regions showed increased enrichment in GWAS loci asso-

ciated with cardiac intervals and could be used to identify potential sub-threshold GWAS hits131.

Similarly, increased enhancer enrichment in T2D GWAS loci was observed by Pasquali et al 2014

when combining open chromatin information and islet histone marks85.

In addition, the enrichment model provided an opportunity to prioritise likely causal variants

for testing allelic imbalance. After correcting for technical artefacts related to read bias using

WASP261, this approach identified 3 enhancer variants with significant allelic imbalance including

ADCY5, CDC123 and KLHDC5. At the ADCY5 locus, the results suggest a potential functional

mechanism mediating the previously described effect of the lead variant rs11708067 on T2D dis-

ease pathology55,266. The intronic rs11708067 risk A allele found in a highly-accessible weak

enhancer region reduces binding of the HNF4A transcription factor which then may mediate the

previously reported changes in gene expression159 and methylation99 of the ADCY5 gene that is

critical for coupling glucose to insulin secretion267. Similarly, at the KLHDC5 locus, a credible set

variant rs10842991 was determined that overlaps a differentially methylated and likely islet-specific

highly-accessible strong enhancer region and shows allelic imbalance with the risk C allele increas-

ing PAX6 transcription factor binding. Hence, this data suggests potential molecular mechanisms at

these loci that may help understand T2D disease susceptibility.

While the data in this chapter has provided a complex integrated set of regulatory domains that is

useful for understanding T2D-related GWAS signals, these regulatory annotations were derived

from a rather modest number of islet samples from healthy donors due to the limited availability of

primary human islets. Thus, the extent of variation in the epigenomic factors interrogated in this

study is limited and it is not clear how this variation could directly affect islet regulation, partic-
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ularly, during disease state. Also, the directional causality between these integrated genetic and

epigenomic factors remains unclear. This is because previous studies have shown that the causal

relationship between methylation changes and other molecular phenotypes such as gene expression

is complicated with both active and passive relationships101. Future studies with a larger number

of human islet sample including ones from healthy and diabetic individuals could enhance under-

standing of the causal interactions between DNA methylation, chromatin state, expression and

T2D susceptibility. Specifically, an increase in sample number could be used to perform whole-

genome islet chromatin QTL studies to highlight relevant functional regulatory mechanisms as has

been done for eQTLs130,159,268, mQTLs96,97,99 and chromatin QTLs124,269 in islets and/or other

tissues. In addition, further insight into islet regulation could be provided by studies investigating

disease-associated chromatin changes and the effect of environmental factors such as metabolites

or pharmaceutical agents on the chromatin landscape. Our lab is currently increasing the number of

available islet samples to facilitate such studies in the future.

In conclusion, the data in this chapter provided a comprehensive analysis of a larger number of islet

epigenomic factors to accurately define islet regulatory elements and function. These regulatory

annotations showed enrichment in T2D and FG GWAS regions and were highly useful to identify

variants at T2D and FG GWAS loci that may govern T2D susceptibility.
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CHAPTER 6

Identification of coding CNVs and their role in T2D

development

6.1 Introduction to CNVs

6.1.1 The role of coding CNVs and PTV variants in T2D development

Structural variants (SVs) including CNVs represent large deletions, duplications or inversions in the

genome which depending on the location may have severe effects on the phenotype. In non-coding

regions, CNVs may alter the activity of regulatory elements, thereby influencing the expression of

nearby genes while CNVs in coding regions may affect expression levels of dosage-sensitive genes,

disrupt gene function, induce gene fusion events or unmask the effect of recessive alleles270.

In accordance with their potential molecular effects, CNVs have been associated with several mono-

genic forms of disease. In addition, it was shown that CNVs also influence genetic susceptibility
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of common diseases, may help explain missing heritability and provide potential causal mecha-

nisms at known GWAS loci150,270. In 2010 an extensive study with 16,000 cases and 3000 controls

was performed, investigating the role of common CNVs across eight complex diseases (includ-

ing T2D) using a customised array152. While the authors investigated about 3.5k common CNVs

(MAF >5%) representing about 50% of all common CNVs (above a size of 500bp) and estimated

to have a power of 80% to detect any association with an OR above 1.4, only a handful of signif-

icant associations was found. For instance, for T2D a single CNV overlapping the gene TSPAN8

was significantly associated with T2D in a region that was observed to be associated with T2D in

SNP-based GWAS271, thus, potentially providing a potential causal mechanism at this locus. How-

ever, the most associated SNP was only weakly correlated with the CNV (LD r2=0.17 under the

assumption of a bi-allelic CNV effect) which may indicate that the CNV is only in weak correlation

with the true causal variant.

The study also found that most common variants are sufficiently well-tagged by common SNPs

used in GWAS which suggests that effects of common CNVs on complex disease risk would have

already been detected indirectly through SNP-based GWAS. Based on these results the authors

concluded that common bi-allelic CNVs do not contribute significantly to complex disease risk152.

However, the study was not able to determine the role of rare CNVs, in particular ones affecting

the coding region and acting as potential PTVs or PDVs, in complex disease risk. As described

in Chapter 1 Section 1.4.4, PTVs and PDVs refer to variants that alter protein function and are

often referred to as LoF or GoF variants. However, this terminology does not necessarily accurately

describe the effect of CNVs and other variants on the gene and protein level, hence, for coding

CNVs the term PTVs and PDVs is used instead in this thesis.

Rare variants with strong effects including PTVs have also been suggested by some to explain miss-

ing heritability of complex diseases150,272. For instance, recent studies provide evidence that rare

mutations or CNVs272,273 cause a considerable number of autism cases. In contrast to autism, the

results from a recent large-scale study investigating more than 100k samples did not find evidence

that rare variants have a major role in T2D genetic susceptibility.While these data indicate that rare

variants do not contribute substantially to the missing heritability, rare strong effect size variants

may still be relevant and provide interesting insight into disease biology64. In particular, the discov-
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ery of protective PTVs variants, which disrupt gene function, is of interest because these variants

may facilitate drug development by highlighting in vivo validated drug targets. There are several

examples of SNVs that represent rare PTVs of value in the field of T2D:

• SLC30A8: in a cohort of approximately 150,000 individuals a highly T2D protective and

rare PTV, which reduced the risk of T2D by 65%, was found in the gene SLC30A8 encoding

the Zinc transporter ZnT8 that is crucial for insulin secretion in pancreatic beta-cells274.

While previous functional studies (in mice) provided conflicting evidence on the role of

SLC30A8 in T2D risk275–281, this study showed how the use of large-scale genetic studies

could improve understanding of T2D pathophysiology and provide potential therapeutic drug

targets.

• TBC1D4: in population isolates, which have extended LD patterns and higher chances of

accumulating deleterious variants due to genetic drift, a Greenlandic PTV variant in the gene

TBC1D4 was observed that drastically increased the risk of T2D development (OR=10.3

which is much larger than any other T2D GWAS variant identified) and was extremely rare

in other populations. Functional analysis indicated that the variant led to decreased GSIS,

reduced glucose tolerance and T2D development via a reduction in TBC1D4 and GLUT4

levels in skeletal muscle282.

• CDKN2A: based on oral glucose tolerance tests in a small patient cohort and functional

studies in a human beta-cell line model, rare PTVs of the gene CDKN2A, which is present in

a region previously associated with T2D in GWAS, was found to affect insulin secretion and

led to insulin resistance; however, the exact mechanisms causing insulin resistance remain

unclear since the variant was too rare to recruit enough individuals for additional clinical

tests283.

Overall the results from these studies clearly show the benefit of determining the role PTVs in T2D

biology, however, they also indicate the need for novel approaches to study these variants since

characterising these rare variants in the general population requires either extremely large datasets,

the aggregation of rare variants across genes or population isolates.
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6.1.2 Detection methods for CNVs

In addition to sample size restrictions, the accurate detection of rare PTVs and CNVs acting as

PTVs or PDVs still remains challenging. Strong selective pressure is expected to act on most PTVs

leading to decreased variation at such sites compared to the rest of the genome. In contrast, the

expected level of sequencing errors should remain the same throughout, thus leading to a potential

enrichment of false-positives at these sites of reduced variation284.Detection of CNV is particularly

difficult since no gold standards exist to validate the identified CNVs accurately. Several methods

have been developed to determine copy number state throughout the genome. Cytogenetics using

microscopy was among the earliest approaches to detect large deletions or duplications affecting

chromosomal structure including trisomy 21.

6.1.2.1 CNV detection using microarray technology

Since cytogenetics is limited in resolution, microarray technologies were developed that were based

on comparative genomic hybridisation (CGH)285. The basic principle of CHG arrays is based on

DNA probes which, depending on the type of array vary in size from less than 100bp up to several

100kb, cover large parts of the genome and are fixed upon glass slides. Then test and references

DNA labelled with different fluorescence markers are hybridised to the probes and the fluorescence

intensity is measured throughout the genome. Increases or decreases in the fluorescence signal

of the test DNA compared to the reference DNA (assumed to be of normal copy number state)

represent duplications or deletions in the genome, respectively. While CGH arrays have improved

the discovery of CNVs, the resolution is still limited to deletions and duplications ranging from

40kb up to Megabases and higher resolution CGH arrays generally suffer from a poor signal to

noise ratio leading to an increased number of false-positive results286.

Advances in SNP genotyping arrays that nowadays provide relatively high-density coverage

throughout the genome have led to the development of analysis methods to detect CNVs from

SNP arrays. These methods rely on the normalised intensity measurement of the two alleles (de-

fined as A and B) of a SNP which can be used to determine the Log R Ratio (LRR) representing the

overall probe signal intensity as well as the B Allele Frequency (BAF) which denotes the intensity
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ratio of the two alleles (Fig 6.1). Similar to CGH intensity measurements, the LRR corresponds to

overall copy number state while the BAF provides an additional measurement indicating unusual

patterns in the genotype distribution. Assuming a diploid copy number state, the BAF is expected

to fall into one of three genotype categories (AA, AB, BB) while a deletion reduces the genotype

classes (A or B) and a duplication increases the genotype classes (AAA, AAB, ABB, BBB), thus

providing further information on the copy number state in a given region. Various analytical tools

taking into account the measurements of LRR, BAF or both have been developed and successfully

used to investigate genome-wide copy number states. Although SNP arrays provide a cost effective

solution for CNV genotyping, the resolution of these arrays is still limited (10-40kb) since they

typically rely on the distribution of SNP probes which were selected to tag haplotypes throughout

the genome for GWAS but not CNV detection.286,287.
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Figure 6.1: Simulated Log R Ratio (LRR) and B Allele Frequency (BAF) plots for
different Copy Number (CN0-CN3) states. Each data point refers to a single SNP. (A)
The LRR representing total normalised signal intensity at a given SNP which in a normal
diploid state clusters around 0. An LRR below 0 is associated with a deletion (CN1 or
CN0) and an LRR above 0 is indicative of a duplication (CN3). (B) The BAF ranges from
0 to 1 and the number of BAF clusters, which represents the relative signal intensity of one
SNP allele relative to the other allele, correlates with the number of possible genotypes and
can be used to predict CN. Three clusters for each genotype class are expected in a diploid
individual while less than 3 clusters are associated with deletions (CN0 and 1) and more
than 3 clusters suggest a duplication (CN3).
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6.1.2.2 CNV detection using Next-generation sequencing data

Due to reduced sequencing cost and increasing number of NGS datasets, several methods have been

developed to identify CNVs from short reads (Fig6.2). The read pair (RP) method relies on signifi-

cant deviations from the average insert size of the paired reads distribution which may be indicative

of changes in copy number; a smaller insert size is indicative of deletions while a larger insert size

suggests a duplication (Fig6.2A). However, this RP method is limited to the detection of medium-

sized or large deletions considering that the insert size distribution of paired reads will be variable

to some extent. In addition to using the insert size, paired reads can also provide potential evidence

for changes in copy number through split reads (SR); that is, paired reads of which only one read

maps properly while the second read fails to map in the genome (Fig6.2B). For smaller insertions

and deletions, SP can provide valuable information about the breakpoint location; however, larger

CNVs often can not be detected using this approach. While both RP and SR methods can determine

changes in copy number state in the genome, they often can not accurately quantify the actual copy

number. A Read Depth (RD) method has been developed that makes use of the correlation between

regional depth and copy number state which allows for both detection and quantification of CNVs.

In a set of samples, the normalised average read depth (similar to signal intensity measurements

derived from microarray data) across windows in the genome is determined and a segmentation

algorithm is applied to characterise the copy number state of each sample by comparing the sample

read depth to the average population read depth288,289.

Whole-genome sequencing provides the most comprehensive approach to analyse CNVs through-

out the genome; however, the high-depth required for CNV detection makes this very costly. In

contrast, whole-exome sequencing datasets, which have been used to identify exonic CNVs, pro-

vide relatively high-depth coverage of coding regions. Although exome capture methods may lead

to variable RD across exonic regions, most tools for the discovery of CNVs from Whole-Exome

Sequencing (WES) apply the RD approach, since it is independent of the location of the CNV

breakpoints that may be outside of exonic regions.290

Despite the advances in detecting CNVs, it still remains very challenging. Considering these dif-

ficulties in accurately identifying CNVs, determining associations between copy number status

and disease is even more difficult288,290. Over the years several studies have reported CNVs as-
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Figure 6.2: Approaches to identify deletions from WGS or WES. (1) The Split Read
(SR) method identifies CNVs based on paired-end read-pairs in which one read does not
or only partially align to the reference (an insertion example is shown). (2) The Read-Pair
(RP) approach determines CNV regions based on changes in the insert size distribution. If
an insertion/duplication is present the expected insert sizes of paired reads will increase
while the presence of a deletion will decrease the insert size. (3) The RD approach uses dif-
ferences in read depth to determine deletions (lower than expected read number, example
shown) or duplications (higher than expected read number).
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sociated with certain phenotypes; however, often these results could not be validated indicating

a high false-positive rate. For instance, a recent study aimed to validate the association of 18 pre-

viously reported structural variants with obesity and despite estimated 80% of power to detect a

significant association for most CNVs, the association of only one variant with obesity could be

replicated291. Similarly, results at the AMY1 locus which was suggested to be extremely strongly

correlated with obesity292, could not be replicated and likely represented technical errors related to

CNV genotyping293.

The research in this Chapter aims to evaluate the role of rare coding CNVs in the genetic suscepti-

bility of T2D. For this purpose, coding CNVs were derived from large-scale exome sequencing and

exome array datasets that were initially generated to study the role of rare and low-frequency SNVs

in the genetic architecture of T2D. Specifically, the chapter is divided into two mains parts with the

following aims:

• to characterise the role of rare coding CNVs, generated (by members of the ExAC consor-

tium) from WES data, in T2D and BMI genetic susceptibility through association testing

• to develop a novel pipeline for the detection of rare coding deletions from large-scale exome

chip array data and test the identified deletions for association with T2D.

6.2 Methods

6.2.1 CNV calls derived from ExAC exome-sequencing data

As described in Chapter 2 Section 2.5.2.1, ExAC is a consortium that aims to collect large-scale

exome sequencing data from different studies and process it in a standardised way to generate

summary level data for scientists to use.
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6.2.1.1 ExAC samples used for CNV detection

The samples used in this Chapter represent a subset of 14.5k of the 60k ExAC consortium samples.

These include the following T2D-case-control studies: T2D-Genes (8980 individuals), GoT2D

(2502 individuals) and SIGMA (3845 individuals) which combine genetic data from 5 different

ancestry groups including African-American, East Asian, South Asian, Hispanics and European

(Table 6.1). These WES samples were initially collected to characterise the role of genetic variation

in T2D susceptibility and at a later point processed by ExAC for CNV calling. More information

about the individual studies and samples is provided in Chapter 2 Section 2.5.2.1.

6.2.1.2 ExAC CNV detection and filtering

For this thesis, members of the ExAC consortium (Dr Douglas Ruderfer) have provided CNV calls

from the aforementioned 14.5k T2D-case-control samples. CNVs were jointly called by the ExAC

consortium using XHMM294 as part of the 60k ExAC consortium samples which is described in

the ExAC paper in detail157. In short, the GATK295 DepthofCoverage function was used for calcu-

lating mean coverage per base across 220k exonic targets defined as Illumina ICE v1 targets plus

additionally all coding regions in GENCODE v19296 and after scaling the resulting matrix, nor-

malisation was performed by correcting for 388 PCS to avoid batch effects and other biases. The

CNVs were then called using the XHMM Viterbi algorithm. CNV calls were received in plink297

.cnv format and .fam format from the ExAC consortium via sftp download from servers of the

Broad Institute, Cambridge, USA. Once the CNV calls were provided by the ExAC consortium, the

remaining work described in this chapter was performed by myself.

6.2.1.3 Filtering and processing of ExAC CNV calls

As suggested by the ExAC and XHMM authors157,294, CNVs were filtered based on a CNV score

of 60, which represents a PHRED-like quality score, and separated deletions and duplication calls

using plink (v1.07)297. Plink "cnv-make-map" function was used to determine CNV surrogate

markers based on start and stop positions of CNVs (Fig 6.3) to determine AC estimates.
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BP 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

CNV1

CNV2
CNV3

M1

M2

M3

M4
M5 M6

Resulting plink file (simplified)!
Chr! ! Marker! ! Pos! ! CNV overlap! !
CHR1  M1   1  CNV1 
CHR1  M2   4  CNV1/2 
CHR1  M3   8  CNV1/2 
CHR1  M4   12  CNV2 
CHR1  M5   16  CNV3 
CHR1  M6   23  CNV3

Figure 6.3: Plink approach to identify surrogate markers corresponding to start and
stop sites of CNVs. Three CNVs (blue, green and red) are shown across 23bp. Plink uses
surrogate markers to define the overlap between CNVs based on start and stop positions of
CNVs. 3 markers are identified for CNV1 (M1 at bp position 1, M2 at bp position 4 and
M3 at bp position 8) and CNV2 (M2 at bp position 4, M3 at bp position 8 and M4 at bp
position 12) while only 2 markers are identified for CNV3 (M6 at bp position 16 and M6
at bp position 23).
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6.2.1.4 Association testing

To test for T2D and BMI association, the Firth Bias Corrected Test and the linear Wald Test, re-

spectively, were used as implemented in the software "Efficient and Parallelizable Association

Container Toolbox" (EPACTS v3.2.4,298). Deletions and duplications were (independently) col-

lapsed based on gene overlap and the analysis of these gene-centred CNVs was performed for each

study (and CNV type) separately. The Firth Bias-Correct test has been suggested to be highly suit-

able for rare variant tests299 while the Wald test is frequently used in genetic association studies.

Covariates included in the association analysis were sex, age, BMI (only for T2D) and PC1-4 to

correct for population structure (PC1 for African American, East and South Asian samples while

PC1-4 was used for European and T2D-Genes Hispanic samples. PC1-2 was used for Hispanic

samples from SIGMA). PCs were derived from SNP-based exome sequencing data generated and

provided by members of the relevant studies (Dr Anubha Mahajan provided PCs for T2D-Genes

and GoT2D samples while Dr Josep Maria Mercader provided SIGMA PCs). The EPACTS associa-

tion results were then meta-analysed using metal (version released on 2011-03-25300). QQplots and

Manhattan plots were generated using the R package QQman301.

6.2.1.5 Identifying gene-centred CNVs near publicly available GWAS signals

To provide further support for T2D- and BMI-associated CNVs, the overlap between associated

CNVs and known T2D and BMI GWAS signals was determined, since a true CNV association

signal would probably also be detected in previously studied variants that are in LD with the

CNV.Similarly, Usher et al 2015 also tried to validate the AMY1 copy number association with

BMI using SNP-based data (among several other approaches)293.

To identify associated CNVs near GWAS signals T2D and BMI association summary level GWAS

data was obtained from the DIAGRAM consortium (unpublished) and the ENGAGE GIANT

consortium website (http://diagram-consortium.org/2015_ENGAGE_1KG/, more details

about both the DIAGRAM and ENGAGE consortium are provided in Chapter 2 section 2.5.1).

SNPs with suggestive genome-wide significance (5x10-6) were identified. These SNPs were then

overlapped with the CNV association signals using bedtools and any associated CNV within 100kb
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of the SNP was reported. In addition, T2D-portal missense SNV T2D and BMI gene-burden test

results were obtained, since a significant association between gene aggregated PTVs or missense

variants, which likely affect gene function, also provides support for CNV-phenotype associations

(particularly for deletions).

6.2.2 Detection of coding deletions from Exome chip array genotyp-

ing data

6.2.2.1 Exome chip samples

The Illumina Exome chip array302 is a custom designed array covering more than 240,000 predomi-

nantly exonic SNPs identified in exome sequencing data of approximately 12,000 individuals (more

information at http://genome.sph.umich.edu/wiki/Exome_Chip_Design). The exome chip

array provides dense SNP coverage across exonic regions at low cost and high throughput and was

initially developed as an intermediate solution between genotyping arrays, which investigate mainly

common variants, and whole-exome sequencing studies that focus on coding variation across the

whole-frequency spectrum. A successful CNV discovery pipeline could take advantage of the large-

scale sample sets available for the exome chip and provide a cost-effective way of identifying rare

coding CNVs.

I used exome chip genotyping data from 11,686 UK samples from 5 different studies (UKT2D,

YDX, GoDARTs, Oxford Biobank, TwinsUK, further sample information is provided in Chapter 2

section 2.5.3) for the development of an exome chip deletion detection pipeline to identify coding

deletions and test these variants for association with T2D (11,414 unrelated T2D-case-control

samples were used for association testing). Pre-processing of the exome chip genotyping data was

performed by members of each study individually.
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6.2.2.2 In silico validation of deletion pipeline using GoT2D/UKT2D samples

To validate exome chip deletion calls, the exome chip CNV calls were compared to deletions identi-

fied from WGS and (at a later point) WES data. Specifically, a subset of approximately 650 exome

chip samples (UKT2D study) were also whole-genome sequenced and whole-exome sequenced

as part of the GoT2D project. This project applied a range of sequencing and genotyping tech-

nologies to efficiently query genetic variaiton across the whole genome with the aim to investigate

lower-frequency variants and their role in T2D genetic susceptibility .

The GoT2D exome chip samples were used to validate the exome chip deletion discovery pipeline

by initially comparing the exome chip deletions to deletion calls derived from WGS using GenomeSTRiP303

(these WGS deletions were called by Ashish Kumar a member of the GoT2D consortium). After

filtering WGS deletions based on overlap with at least 3 exome chip SNPs, in total 448 WGS dele-

tions could be used for the initial validation. At a later point when the pipeline was already devel-

oped, ExAC consortium members (Dr Douglas Ruderfer) provided WES CNV calls from these

same GoT2D samples (as part of the aforementioned ExAC study that investigated WES CNV calls

in a total of 60k samples). After filtering, 427 high-quality (score >60) and rare (AF <1%) ExAC

GoT2D WES deletion calls could be used for comparison to the exome chip deletion calls.

Specifically, validation for exome chip CNV calls in these GoT2D samples was performed in the

following way:

1. the number of exome chip deletion regions was determined that were fully overlapping

(nested within) a deletion call from the WES and WGS data

2. the genotyping specificity and sensitivity of the overlapping sites were calculated by deter-

mining the number of samples in which the genotypes from the exome chip CNV discovery

pipeline were concordant with the GenomeSTRiP WGS and/or ExAC GoT2D WES data. As

mentioned above, initially, when the pipeline was in development only WGS deletion calls

were available and only at a later point could the ExAC GoT2D WES CNV calls be used for

comparison.
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6.2.2.3 Deletion discovery pipeline

Since it has been suggested to combine multiple copy number detection algorithms to increase

CNV calling performance, in particular, to reduce false positive rates304, three CNV calling algo-

rithms (PennCNV305, QuantiSNP306 and Circular Binary Segmentation (CBS) algorithm307) were

used for deletion discovery from the Illumina human exome chip array. Both PennCNV and Quan-

tiSNP apply a Hidden Markov Model (HMM) for CNV detection using both SNP LRR and BAF

while the CBS algorithm determines CNVs by segmenting the genome into copy number states

using signal intensity values from the LRR ratio (Fig6.1 indicates how LRR and BAF can be used

for CNV detection). Based on previous suggestions304, this pipeline combines different approaches

for CNV detection to take advantage of the different algorithms. The HMM-based algorithms are

expected to be more specific considering the use of both the LRR and BAF for detection while the

CBS approach is likely more sensitive.

The pipeline focussed initially on the discovery of deletions since only WGS deletion calls were

available for validation when the pipeline was developed. In addition, deletions can be more ac-

curately detected because lower copy number states are expected to have a larger influence on the

LRR and BAF distribution (Fig6.1). Figure6.4 provides an overview of the pipeline.

6.2.2.3.1 Detection of deletions sites

Initially, the Hidden Markov Model-based algorithm PennCNV and QuantiSNP were used in-

dependently with standard settings, to predict copy number states using the SNP LRR and BAF.

These measures were correlated to the total signal intensity and number of possible genotypes of a

given SNP locus. As recommended by the authors305,306, the data was corrected for GC-content to

reduced periodicity in signal intensity that can influence CNV calls.

Samples with high variability (LRR Standard Deviation >0.24) and genomic periodicity (abs(Wavefactor)

>0.04) in signal intensity were removed from the analysis. Deletion calls were then filtered based

on size and the Log Bayes Factor (QuantiSNP) or the confidence scores (PennCNV). All CNV calls

made by QuantiSNP with a Log Bayes Factor less than 30, which corresponds to a false-positive

rate of <1%, were removed. Furthermore, small CNVs ( <6,000bp) with a Log Bayes factor below

171



6.2. METHODS CHAPTER 6. CODING CNVS AND T2D

75 or a confidence score below 90 were also removed. The remaining filtered deletion calls were

then merged together using bedtools to identify a unique set of calls. These thresholds were either

chosen based on suggestions of the authors of PennCNV and QuantiSNP305,306 or determined as

most accurate based on comparison with the WGS deletion calls.

The merged calls were then intersected with call sets from each program individually using bed-

tools to identify deletion regions detected by both algorithms (Fig 6.4).

Figure 6.4: Pipeline for deletion discovery from human exome bead chip array. Ini-
tially, PennCVN and QuantiSNP were used independently to detect CNVs. Subsequently,
samples with high signal variability and periodicity were removed from the analysis. Ad-
ditionally, deletions were filtered based on length and confidence score (PennCNV) or Log
Bayes Factor (QuantiSNP). The remaining deletions were merged together to identify a
unique set of deletion regions detected by PennCVN and QuantiSNP, separately. Deletion
regions identified by both PennCNV and QuantiSNP were then genotyped by the Circular
Binary Segmentation (CBS) algorithm to increase sensitivity. Abbreviations: Log R Ratio
(LRR), Standard Deviation (SD), Wave Factor (WF).
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6.2.2.3.2 Improving genotyping sensitivity of the deletion pipeline

A first comparison between exome chip deletion calls and WGS deletions indicated good overlap

between deletion sites and high genotyping specificity, which showed that deletion sites can be

accurately identified; however, genotyping sensitivity was relatively low.

To improve genotyping accuracy in this set of high-quality deletion sites detected by PennCNV and

QuantiSNP, the following approach was chosen:

1. CNV genotypes from QuantiSNP overlapping the high confident deletion set were re-

included if they had a Log Bayes Factor ≥ 10;

2. The CBS algorithm, which defines segments of equal signal intensity, was applied to exome

chip data to detect deletion genotypes using GC-corrected LRR values;

3. Deletion genotypes identified by the CBS algorithm (but not by PennCNV or QuantiSNP)

were added to the calls if they fully overlapped any of the high-confident deletion regions.

6.2.2.4 Association testing

Since deletion breakpoints from exome chip SNP data can not be determined, 3 different ap-

proaches to collapse deletions were used to test identified deletions for association with T2D.

Specifically, deletions were collapsed based on gene, SNP or deletion overlap as explained in Fig

6.5 .

After collapsing deletions, variants with Allele count >2 were tested for association with T2D using

the Firth Bias corrected implemented in EPACTS298. As described above the test has been shown

to be highly suitable for rare variant tests compared to other commonly used genetic association

tests299. The following sample covariates were included in the model: two PCs derived from the

SNP genotyping data (provided by Dr Anubha Mahajan a member of the McCarthy lab) to correct

for population structure, sex, age and genomic wave factor (representing periodicity in exome chip

SNP signal intensity) derived from QuantiSNP and PennCNV.

173



6.2. METHODS CHAPTER 6. CODING CNVS AND T2D

Deletion 1

Deletion 2

S

S

S

SDeletion 3

S

S
3 samples with deletion genotype

2 samples with deletion genotype

1 samples with deletion genotype

C SNP-based overlap 
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Figure 6.5: Approaches to collapse deletions for association testing. (A) The gene-
based approach collapsed deletions (red) based on gene-overlap (dark and light blue).
(B): The deletion-based method merged sub-deletions (dark red) that have a reciprocal
overlap of at least 50% for the association analysis (indicated by a black box) while test-
ing remaining sub-deletions independently (light red). (C) The SNP-based approach used
SNP markers (green, purple, light blue) provided by the exome chip array as a proxy for
deletion (red) genotypes.
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6.2.2.5 In silico validation of genotyping sites through overlap with DGV

To determine the number of correctly identified deletion regions in the genome, the number of

deletions was calculated that fully overlapped any CNV from the DGV database using bedtools

intersectBed161. To exclude random overlap the 1,150 merged deletion sites were permuted 1,000

times by shifting the start and end position of deletions randomly between 1bp and 1Mb (shifting

was performed to preserve structure of sub-deletions) and the P-value was estimated based on

how often the number of randomly overlapping sites exceeded the number of true sites (minimum

P-value 0.001).

6.2.2.6 In vitro deletion genotyping using Taqman assays

As described in more detail in Chapter 2 section 2.4, deletion genotyping was performed using

predesigned CNV Taqman assays specific for the gene deletion region in combination with RNaseP

CNV reference assay. Copy number was calculated using a ∆∆Ct approach with the median Cycle

Threshold (CT) value of diploid samples being used as reference.

Density estimations on the copy number states were derived using the densityMclust function,

which is implemented in the R package mclust (version 4.4,308,309) and applied a Gaussian finite

mixture model to the copy number states. Standard settings were used, and the optimal model was

determined based on the Bayesian information criterion (BIC) criterion.
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6.3 Results

6.3.1 Characterising the role of ExAC coding CNVs in T2D and obe-

sity risk

6.3.1.1 Identification of exon sequencing CNVs

As part of a collaborative effort, the ExAC consortium provided coding CNV calls of 14.5k T2D-

case-control individuals (including about 7.5k control and 7.1k case samples) from 5 different

ethnic groups (see Table 6.1 and Chapter 2 Section 2.5.2.1 for further information) that were used

for the analysis in this Chapter. These CNVs were identified by members of the ExAC consortium

from a combined analysis of a total of 60k ExAC WES samples using XHMM (see Methods for

details). In total, 611k exonic CNVs including 297k deletions and 315k duplications were detected

in these 14.5k individuals by ExAC.

After filtering CNVs (according to instructions provided by ExAC) using a Phred-like XHMM

CNV quality score threshold of 60 (which corresponds to a 99.9999% probability of a correct CNV

call), 207k high-quality CNVs corresponding to 98k deletions and 109k duplications (Fig 6.6A)

remained in the dataset. The median length of the filtered CNVs was 12.5kb with deletions being

shorter (median 9.83kb) and duplications (median 14.8kb) longer.

The "cnv-make-map" function of the software plink was applied to use the locations of CNV start

and end points as surrogate markers (Fig 6.3) onto which CNVs were collapsed to derive MAF

estimates for overlapping CNVs. Through this approach 42.5k distinct surrogate markers (based on

CNV start/end sites) were identified of which the vast majority (99.5%, Fig 6.6B) represents low

frequency and rare variants (MAF <5%). This is consistent with the expected disruptive nature of

exonic CNVs which would lead to strong negative selective pressure removing these variants from

the population284.

On an individual basis, it was found that each sample carried a median number of 13 CNVS (me-

dian of 6 deletions and 7 duplications per sample). Taking into account the size of the CNVs every
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individual has a median of 447kb that are in a non-diploid state corresponding to 159kb deleted and

231kb duplicated sequences (Fig 6.7).

Next, the data was split according to ancestry to determine whether there are differences in CNV

number per individual across cohorts with different ethnicity (Fig 6.8). Samples of African (me-

dian=23) and East Asian (median=17) descent showed the highest number of CNVs per individual

compared to the other cohorts (median of 11-13 CNVs per individual depending on the cohort).

This data is consistent with previous results that found individuals of African origin had also the

highest number of SNVs potentially causing LoF284 and the highest number of exonic CNVs in the

whole ExAC dataset (60k samples)157 ; although it can not be ruled out that these differences reflect

batch effects associated with variation in read depth and processing of samples157.

Ethnic-group Individuals Study
African-American 1787 T2D-genes
East-Asian 2146 T2D-genes
European 3279 T2D-genes
Hispanic-1 1420 T2D-genes
Hispanic-2 3763 SIGMA
South-Asian 2139 T2D-genes
Total 14534 All

Table 6.1: Number of individuals per ethnicity and study
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Figure 6.6: ExAC CNV number and allele frequency. (A) CNV number (y-axis) in the
unfiltered and filtered dataset (x-axis) split into deletions (red) and duplications (blue). (B)
Histogram of filtered CNVs showing allele number on the x-axis. To improve visualisation,
the histogram threshold was set at 65 as the maximum allele count shown.
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Figure 6.7: ExAC CNV number per individual. (A)-(B) Histogram of (A) CNVs per
individual (x-axis) and (B) the amount of the genome (in kb) affected per individual with
abnormal copy number state. CNVs are split into deletions (red) and duplications (blue).
To improve visual representation, the limits for the x-axis were set at 35 CNVs and at
1000kb. Dashed line indicates median.
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6.3.1.2 Determining WES CNV burden effects for T2D status and BMI

Next, the genetic CNV calls were integrated with phenotypic data (T2D status and BMI; for the

BMI analysis, samples belonging to the SIGMA study had to be removed since permission was not

obtained to test CNV-associations for BMI in these samples) to determine whether there is a CNV

burden effect dependent on the phenotype. That is, differences in the CNV number per individual

that are correlated with T2D status or BMI (Fig 6.9). Although the correlation analysis revealed a

significant association between CNV number and both T2D status (P=0.024) and BMI (P=8.7×

10−7), the effect size (T2D rho=0.019, BMI rho=−0.048) was small suggesting that there is only

a weak association between CNV number and these phenotypes. The analysis was then repeated

for both T2D and BMI across the different ancestry groups to determine whether a CNV burden

effect could be determined according to ethnic background. However, across ancestry groups, no

significant association between CNV burden and either T2D status or BMI could be observed.

Overall these results suggest that for both T2D status and BMI CNV burden per individual does not

have a major impact on the phenotype.
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Figure 6.9: BMI and T2D CNV burden per individual. (A) Correlation between BMI
(y-axis) and CNV number per individual (x-axis). (B) Differences in CNV burden (CNVs
per individuals, y-axis, log2 transformed for better visualisation) between T2D controls
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Figure 6.10: BMI and T2D CNV burden per individual per cohort. (A) Correlation
between BMI (y-axis) and deletion (top row, x-axis) and duplication number (bottom row,
x-axis). (B) Differences in number of deletions (top, y-axis) and duplications (bottom, y-
axis, log2 transformed for improved visualisation) between T2D controls (ctrl, red) and
cases (diabetic, blue).
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6.3.2 Testing rare coding WES CNVs for association with T2D and

obesity

To identify genes in which a disruptive event may be correlated with T2D and obesity predispo-

sition, deletions and duplications were collapsed separately based on overlap with hg19 gene an-

notations provided by plink (generated from the UCSC Table Browser RefSeq track data in May

2014). This approach is similar to an aggregate gene-burden test performed for SNVs in order to

test functionally relevant units (genes) for association with disease, which decreases the number of

tests performed and aggregates the AC of multiple variants for the tested functional unit. In total,

this reduced the number of markers (representing genes) to analyse for associations drastically with

deletions and duplications overlapping 5507 and 9369 protein-coding genes, respectively. The vast

majority (99.9%) of these gene-centred markers was still low frequency (MAF <5%, Fig 6.11).

After filtering based on AC (minimum AC >2), 1908 gene-centred deletions and 3603 gene-centred

duplications were tested for associations with T2D and BMI using the software EPACTS298. Each

cohort was analysed separately to reduce the influence of population structure and batch effects.

The following covariates were included in the association model sex, age, and PCs 1-4 (the number

of PCs was dependent on the study). For the T2D association testing, the Firth Bias-Corrected Lo-

gistic Likelihood Ratio Test was used and BMI was included as an additional covariate while the

Linear Wald Test was used for the BMI association analysis. The EPACTS individual cohort results

were then meta-analysed with the software tool METAL300 to identify deletions and duplications

associated with T2D and BMI across all cohorts. In total, a single gene-based deletion event was

found that was associated with BMI at exome-wide significance (P <2.5x10-6, Fig 6.12 and Fig

6.13 ) and that overlapped the gene RP11-1396O13.13. In addition, 149 T2D and 171 BMI nom-

inally significant associations (P <0.05) were identified that will be described for each phenotype

separately below.
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Figure 6.11: Gene deletion and duplication AC used for association testing. Histogram
of CNV AC per gene split into deletions (red) and duplications (blue)
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(B) T2D GWAS duplication manhattan plot

Figure 6.12: Manhattan plot of deletion and duplication T2D association results. (A)-
(B) Manhattan plot with association results for T2D tested deletions (A) and duplications
(B). Chromosomal coordinates are shown on the x-axis and the -logP value on the y-axis
with a blue line indicating nominal significance (P<0.05) and a red line exome-wide signifi-
cance (2.5x10-6).

186



6.3. RESULTS CHAPTER 6. CODING CNVS AND T2D

0

2

4

6

8

Chromosome

−
lo

g 1
0(p

)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 19 21

(A) BMI GWAS deletion manhattan plot
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(B) BMI GWAS duplication manhattan plot

Figure 6.13: Manhattan plot of deletion and duplication BMI association results. (A)-
(B) Manhattan plot with association results for BMI tested deletions (A) and duplications
(B). Chromosomal coordinates are shown on the x-axis and the -logP value on the y-axis
with a blue line indicating nominal significance (P<0.05) and a red line exome-wide signifi-
cance (2.5x10-6).
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6.3.2.1 T2D gene based association results

6.3.2.1.1 T2D-GWAS meta-analysis results

For T2D, 58 deletions and 91 duplications achieved nominal significance (P <0.05, see Appendix

Table 3) and the top 10 T2D-associated variants of each copy number type are shown in Table 6.2.

To determine whether any of these nominally significant regions has been previously associated

with T2D, CNVs were overlapped with DIAGRAM GWAS SNV summary level data. Overall,

only an ABCC3 gene deletion (P=0.006) and ANKFY1 gene duplication (part of the ZZEF1 lo-

cus, P=0.009) were identified within 100kb of regions that showed suggestive evidence for T2D

GWAS association (P <5x10-6). To determine whether the direction of effect is consistent with

previous GWAS association data, publicly available gene burden results of coding missense or pro-

tein truncating SNVs (category "possibly deleterious missense variants") were obtained from the

T2D genetic online portal (website: http://www.type2diabetesgenetics.org). The data on

the portal also includes SNV information on the WES ExAC dataset and directionally consistent

gene-burden results may provide additional validation for the identified CNV associations; how-

ever, no significant T2D SNV gene-burden results for ABCC3 and ANFY1 were found in the portal

data. While both genes are expressed in human islets (among the top 20% and 25% expressed

genes based on publicly available islet expression data236), the biological role of the highlighted

genes is not well characterised: ABCC3 encodes a protein involved in transporting proteins across

membranes310 while ANKFY1 encodes a double zinc-finger membrane protein that has been sug-

gested to be involved in protein or vesicle transport311. Although further validation is required, the

obtained results prioritise these variants for follow-up at these T2D GWAS loci.

In addition to linking T2D variants to known T2D GWAS results, the role and CNV structure of

the other highlighted genes was also investigated (Table 6.2). Consistent with the similarities in

association signal, AC and chromosomal location, the top hits overlapping LL22NC03-63E9.3,

ZNF280A, ZNF280B, PRAME, GGTLC2 and IGLL5 were all found in one large CNV region on

chromosome 22 which is present in the Database of Genomic Variants (DGV)312. The region,

which overlaps the T2D-associated CNVs, is involved in a rare heterogeneous disease named

22q11.2 distal deletion syndrome (OMIM Phenotype Number: 611867) and located directly next
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to another CNV region associated with DiGeorge Syndrome (OMIM Phenotype Number: 188400,

Fig 6.14A). Both disorders are characterised by intellectual disability and several other phenotypes

including obesity (for DiGeorge Syndrome)313; however, no direct link to T2D was found. Most of

these genes are biologically not well-characterised making it difficult to determine the role of these

variants in T2D development: LL22NC03-63E9.3 encodes a non-coding RNA of unknown function,

ZNF280A and ZNF280B act as potential transcription factors (NCBI gene database314), PRAME is

mainly expressed in tumour tissue315, GGTLC2 is involved in peptide processing316 and IGLL5 is

an immunoglobulin gene (NCBI gene database314).

Similarly, the duplications on chromosome 21 (Table 6.2) are also in DGV and overlap a known

large duplicated region spanning multiple genes potentially involved in Down syndrome317. While

SNV gene-burden results found an association between missense variants in the gene EVA1C and

T2D (P=0.02, OR=1.30), the function of the duplication overlapping genes is not well-characterised,

thus making it unclear what the phenotypic effect of the duplication acting as PDV could be.

EVA1C was suggested to play a role in the development of the murine nervous system318, TCP10L

potentially acts as transcriptional regulator319 , C21orf59 is involved in cilia function and associ-

ated with a ciliary dyskinesia affecting the respiratory and reproductive system, and AP000275.65

is a paralogue of C21orf59320 (Fig 6.14B). Although the nominally significant EVA1C gene-burden

T2D-association results in SNV data support the CNV-association and prioritise this gene duplica-

tion for potential involvement in T2D development, the lack of understanding of the gene function

makes the design of follow-up experiments difficult. Also, complex CNV structure is found at

the GOLGA6B locus (Table 6.2) which appears to be more common in T2D control than case in-

dividuals; however, it is part of a low copy number repeat sequence on chromosome 15321, thus,

making accurate CNV genotyping difficult. For the other top genes the biological functions did

not necessarily provide clear support for their role in T2D development (Table 6.2): SLC18A1 is

a monoamine transporter and was previously associated with neurological disorders322, WDYHV1

encodes a glutamine amidohydrolase323, HHIPL2 is an antagonist of hedgehog signalling and

expressed in bone324 and TYRO3 has multiple roles related to cell adhesion, spermatogenesis, im-

munoregulation and phagocytosis325. Overall these results suggest that additional validation will

be required in the future to determine whether the association can be replicated and to what extent

these genes are involved in T2D development.
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Gene CNV Type P.value Zscore Directionality CHR SBP AC GB-P GB-OR
LL22NC03-63E9.3 Duplications 6.93E-06 -4.50 + ? ? + ? ? 22 22,901,749 31 NAN NAN
ZNF280A Duplications 1.13E-05 -4.39 + ? ? + ? ? 22 22,868,059 30 0.807 1.01
ZNF280B Duplications 1.13E-05 -4.39 + ? ? + ? ? 22 22,838,766 30 0.98 1
LL22NC03-63E9.3 Deletions 5.32E-05 -4.04 + ? ? - ? ? 22 22,901,749 40 NAN NAN
PRAME Deletions 5.32E-05 -4.04 + ? ? - ? ? 22 22,890,122 40 0.582 0.967
ZNF280A Deletions 5.32E-05 -4.04 + ? ? - ? ? 22 22,868,059 40 0.807 1.01
ZNF280B Deletions 5.32E-05 -4.04 + ? ? - ? ? 22 22,838,766 40 0.98 1
PRAME Duplications 7.14E-05 -3.97 + ? ? + ? ? 22 22,890,122 32 0.582 0.967
GGTLC2 Duplications 2.42E-04 -3.67 + ? ? - ? ? 22 22,988,779 32 0.601 0.976
GOLGA6B Duplications 2.48E-04 -3.66 + + + + + + 15 72,947,078 528 0.766 0.803
IGLL5 Deletions 5.57E-04 -3.45 + ? ? ? ? ? 22 23,229,959 20 0.0728 1.78
SLC18A1 Deletions 5.70E-04 3.45 ? ? - ? ? ? 8 2e+07 8 0.16 1.07
WDYHV1 Deletions 5.89E-04 -3.44 + ? ? - ? ? 8 124,428,964 68 0.666 1.01
HHIPL2 Deletions 1.49E-03 -3.18 ? ? ? ? ? + 1 222,695,601 20 0.154 1.05
TYRO3 Deletions 2.25E-03 -3.06 + ? ? ? ? ? 15 41,849,872 8 0.859 0.988
KIAA0125 Deletions 2.60E-03 -3.01 + + ? - ? + 14 106,383,837 48 NAN NAN
AP000275.65 Duplications 3.31E-03 2.94 ? ? ? ? - ? 21 33,951,131 17 NAN NAN
C21orf59 Duplications 3.31E-03 2.94 ? ? ? ? - ? 21 33,964,388 17 0.206 0.798
EVA1C Duplications 3.31E-03 2.94 ? ? ? ? - ? 21 33,784,313 17 0.0195 1.3
TCP10L Duplications 3.31E-03 2.94 ? ? ? ? - ? 21 33,948,861 17 0.118 1.31

Table 6.2: Top 10 T2D-associated deletion and duplication CNVs. For each variant, the
overlapping gene, the CNV type (deletion or duplication), the T2D-meta-analysis P-value,
Z-score and Direction of effect per study are shown. Directionality for the studies is given
in the following order: European, African America, East-Asian, T2D-genes Hispanics1 ,
South-Asian and SIGMA Hispanics2. In addition, chromosomal position (chromosome
(CHR) and Start Base Position (SBP)), allele count (AC) and Gene-burden P-value (GB-P)
and OR (GB-OR) for all possibly deleterious missense variants from the T2D genetics
portal are shown (NA indicates not available).
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Figure 6.14: Complex Genomic rearrangements at T2D associated CNVs. (A) DGV
genome browser view of a region on chromosome22 containing the top T2D associated
regions overlapping genes ZNF280A, ZNF280B, PRAME, GGTLC2 and IGLL5 which
are indicated (bold, RefSeq track middle pink). While the gene-centred exome CNV calls
indicate separate deletions per gene DGV Gold standard CNV calls (top) suggest a large
shared deletion and duplication event spanning multiple genes. Also, the bottom track
indicates overlap with the 22.q11.2 deletion syndrome region. (B) DGV genome browser
view of multiple associated T2D gene-centred duplications including EVA1C, TCP10L and
C21orf59 (highlighted in bold, RefSeq track bottom pink) which likely represent one large
duplication as supported by DGV CNV calls (top track, blue).
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6.3.2.1.2 Very rare CNVs with imbalance in T2D-case-control samples

Since strong effect size variants are often very rare due to selective pressure, they are often hard

to identify using traditional GWAS because of lack of power. Hence, a comparison of T2D case-

control AC was performed in order to identify potentially interesting rare strong effect size variants

that influence T2D risk. That is, it was determined whether rare collapsed gene-centred deletions

and duplications showed strong imbalance in case VS control allele counts and whether these

genes fall into regions that were previously associated with T2D based on DIAGRAM GWAS SNV

summary level data. In total, this analysis identified 8 CNVs (3 deletions and 5 duplications) near

suggestive T2D associated GWAS hits at which the difference in allele count between T2D affected

and unaffected individuals was at least fourfold (Table 6.3). These CNVs include 1 T2D-protective

gene deletion (CBLC), 4 T2D-protective gene duplications (HEYL, YTHDC2, VPS13C, GAK) as

well as 2 T2D-causal gene deletions (VPSC13C, ABCC3) and 1 T2D-causal duplication (ANKFY1).

For VPS13C, which is part of the T2D C2CD4A locus, both deletions and duplications were iden-

tified with opposing effects. That is, VPS13C deletions showed evidence of being causal for T2D

while duplications appeared to be protective against T2D. The location of the deletions and duplica-

tion in the VPS13C gene (Fig6.15) suggests that the opposing effects are likely not due to different

parts of the gene being affected but indeed due to the contrasting effect on copy number. Consis-

tent with the deletion PTV effect being causal for T2D, publicly available gene burden results for

SNVs showed a nominally significant association with T2D (P=0.02, OR=1.67). VPS13C is also

highly expressed in human pancreatic islets326,327 and the T2D risk C allele of the likely causal

SNP rs7163757 was found to decrease expression of VPS13C 328.

The case-control allelic imbalance analysis also highlighted several other potentially relevant T2D-

genes (Table 6.3) as assessed by their expression levels (minimum among top 25% of all islet

expressed genes) in pancreas and islets. However, further work will be required to establish their

biological function in more detail. Apart from ANFY1 and ABCC3 which were identified in the

association results, the following novel genes were highlighted: The gene HEYL encodes a TF in-

volved in Notch signalling329, shows high expression in human islets (one of the top 20% expressed

genes according to publicly available islet expression data236) and combined knockout of Heyl

and Hey1 in mice leads to developmental cardiovascular defects330. YTHDC2 which encodes an
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RNA helicase associated with RNA processing331 and CBLC which is involved in cell signalling332

and the organisation of the Golgi network333. Both are expressed in pancreas and islets and CNVs

in YTHDC2 have been associated with pancreatic cancer334. GAK is also a highly expressed islet

gene (top 12%), encodes a kinase that plays a role in vesicle transport335 and is associated with

Parkinson’s Disease336.

Gene CNV Type AFF UNAFF log2FE GWAS Locus or SNP
HEYL Duplication 0 6 -Inf MACF1
YTHDC2 Duplication 1 6 -2.58 rs366219
VPS13C Duplication 1 5 -2.32 C2CD4A
CBLC Deletions 1 4 -2.00 APOE
GAK Duplication 1 4 -2.00 MAEA

(A) Rare Protective Alleles

Gene CNV Type AFF UNAFF log2FE GWAS Locus or SNP
VPS13C Deletions 6 0 Inf C2CD4A
ANKFY1 Duplications 7 1 2.81 ZZEF1
ABCC3 Deletions 9 2 2.17 rs898453

(B) Rare causal alleles

Table 6.3: Rare T2D-causal and protective CNVs with imbalance in allelic case and
control counts. The table shows very rare T2D-causal and protective CNV variants near
known GWAS loci or lead variants (column GWAS Locus or SNP) providing the num-
ber of individuals affected (AFF, diabetic individuals) and unaffected (UNAFF, control
individuals) by T2D as well as the log2FE between affected and unaffected individuals.
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Figure 6.15: VPS13C deletion and duplication genome browser view. Location of dele-
tions (red) and duplications (blue) are shown in relation to the VPS13C gene (bottom track,
blue RefSeq transcripts are indicated). At the top, a genomic scale is provided to give an
overview of the size of the deletions.
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6.3.2.2 BMI association results

For BMI, the top 10 deletions and duplications, which include one exome-wide significant (P

<2.5x10-6) gene deletion overlapping RP11-1396O13.13, are presented in Table 6.4. In addition,

60 deletions and 101 duplications achieved nominal significant (P <0.05, see Appendix Table 4)

associations with BMI. As for the T2D-associated CNVs, the nominal significant deletions and

duplications were overlapped with ENGAGE BMI GWAS SNV summary level data to determine

whether any of these regions were previously found to be associated with BMI. In total, 1 gene dele-

tion in PKHD1 and 2 gene duplications in GDPD3 and ERBB2IP were found near BMI associated

GWAS variants. The rare duplication with a strong protective effect against obesity overlapped the

gene GDPD3 and was found in the 16.p11.2 chromosomal region. Consistent with the association

data, 16.p11.2 microduplications are associated with underweight148 while 16.p11.2 microdeletions

are associated with obesity149,337, thus, providing validation of the association results. PKHD1 mu-

tations cause autosomal recessive polycystic kidney disease338 while ERBB2IP (ERBIN) is involved

in cell cycle regulation339 and knockdown of Erbin in mice is under certain conditions associated

with cardiac defects340. However, no obvious link could be established to obesity for these genes.

In addition to overlap with genome-wide significant GWAS regions, T2D portal BMI SNV (cat-

egory of "possibly deleterious missense variants") aggregate gene-burden results were obtained

for the top-associated hits (Table 6.4) and used to evaluate these CNV associations in more detail.

For instance, BMI SNV gene-burden meta-analysis results showed a nominal association between

BMI and missense variants in the genes ITGAX and HNRNPC which were also among the top

10-associated duplications (Table 6.4). While the direction of effect for the SNV gene-burden test

was in the same direction of effect as the gene-centred CNV test, it remains unclear how the du-

plication may affect gene function and T2D development. In particular, since the biology of the

affected genes does not necessarily indicate a role in obesity. ITGAX encodes a gene involved in the

immune response including phagocytosis and neutrophil adherence while HNRNPC encodes hetero-

geneous nuclear ribonucleoproteins that are involved in RNA-processing (NCBI gene database314).

Apart from these 2 regions, another interesting candidate is the gene SLC5A4 which is a glucose

transporter that was found to play a role in insulin-independent, exercise-stimulated muscle glucose

uptake and may decrease insulin resistance after exercise341. While no association was found in
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the BMI SNV gene burden meta-analysis results across all cohorts (Table 6.4) including "possibly

deleterious missense variants" , a nominally significant (P<0.05) association was observed between

likely PTVs (category "possibly deleterious missense variants" P=0.0497, beta=0.58) and BMI in

individuals with African-American ancestry. These results are consistent with the observation that

SLC5A4 deletions were associated with increased risk for obesity in the CNV analysis in African-

American samples (P=0.003, the deletion was not present in any of the other cohorts). Further

research will be required to replicate the associations and to determine whether these genes may be

involved in the genetic susceptibility of obesity.

The remaining top results (Table 6.4) also indicated several regions that may represent spurious as-

sociations due to complex genomic regions including the shared duplication overlapping DEFB131

and RP11-1396O13.13). DEFB131 is a beta-defensin gene found in multiple gene clusters and

involved in immune response342. Similarly, SIRPD, which is part of the SIRP protein family,

is involved in immunoregulation and part of a gene cluster343 and the RNA polymerase subunit

POLR2J2 (near UKP3BL) is also found in regions of gene clusters with multiple copies344, thus,

increasing the chance of incorrectly determining their copy number state.

Overall, these data highlight potentially relevant CNVs at a few loci such as SLC5A4 that may play

a role in obesity risk. Future work will be required to validate these results in different studies and

to perform potential functional follow-up of genes of interest. In addition, the results presented here

also highlighted that some associated regions are structurally complex and thus, will need extensive

validation to determine whether these are true disease associations.
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Gene CNV Type P.value Zscore Directionality CHR SBP AC GB-P GB-B
RP11-1396O13.13 Deletions 6.92E-07 4.96 - - - - - 4 9,385,742 137 NAN NAN
DEFB131 Deletions 9.39E-06 4.43 - - - - - 4 9,446,259 123 0.21 0.86
SIRPD Deletions 3.96E-05 -4.11 + ? ? ? ? 20 1,514,896 5 0.27 0.42
ART3 Duplications 4.09E-04 3.53 ? ? - ? ? 4 76,932,336 10 0.55 0.03
FREM2 Duplications 1.09E-03 3.27 - ? - ? ? 13 39,261,265 48 0.74 -0.02
ALDH1A1 Deletions 1.77E-03 -3.13 ? ? + ? ? 9 75,515,577 14 0.64 -0.27
ZNF276 Deletions 1.92E-03 -3.10 + ? ? ? ? 16 89,786,807 4 1.00 0.0008
PADI4 Duplications 2.40E-03 -3.04 ? ? + + ? 1 17,634,689 11 0.87 -0.01
FAM131C Duplications 2.49E-03 -3.02 + ? + ? + 1 16,384,263 22 0.98 -0.002
HNRNPC Duplications 3.03E-03 -2.96 + + + ? + 14 21,677,294 37 0.03 1.52
SLC5A4 Deletions 3.09E-03 -2.96 ? + ? ? ? 22 32,614,464 19 0.60 0.06
ATP2C2 Deletions 3.13E-03 -2.96 ? ? + ? + 16 84,402,132 25 0.26 -0.11
MRGPRX1 Duplications 3.29E-03 -2.94 + + + + + 11 18,955,359 490 0.58 0.04
ITGAM Duplications 3.47E-03 2.92 ? - ? ? ? 16 31,271,310 5 0.50 -0.16
ITGAX Duplications 3.47E-03 2.92 ? - ? ? ? 16 31,366,454 6 0.02 -0.14
POLR2J2 Deletions 3.52E-03 2.92 - - - ? - 7 102,277,473 230 NAN NAN
UPK3BL Deletions 3.52E-03 2.92 - - - ? - 7 102,277,471 115 NAN NAN
PRPH Duplications 3.55E-03 -2.92 + + ? + ? 12 49,687,034 25 0.78 -0.05
ASAH2C Deletions 3.70E-03 2.90 ? - ? ? - 10 4.8e+07 33 NAN NAN
CWC25 Duplications 4.49E-03 -2.84 ? ? ? ? + 17 36,956,686 4 0.35 -0.11

Table 6.4: Top 10 BMI-associated deletion and duplication CNVs. For each variant,
the overlapping gene, the CNV type (deletion or duplication), the BMI-meta-analysis P-
value, Z-score and Direction of effect per study are shown. Directionality is given in the
following order: European, African America, East-Asian, T2D-genes Hispanics1 , South-
Asian. In addition, chromosomal position (chromosome and start position), allele count
(AC) and BMI Gene-burden P-value (GB-P) and beta (GB-B) for all possibly deleterious
missense variants from the T2D genetics portal are shown (NA indicates results were not
available).
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6.3.3 Identification of deletions using the exome chip array

6.3.3.1 A novel pipeline developed for the detection of coding deletions from exome

chip array data

While exome sequencing provides an effective way of predicting coding CNVs, the associated se-

quencing costs are still relatively high, and the analysis of the data is time-consuming, in particular,

when trying to analysis rare CNV events that require large sample numbers for detection, associa-

tion testing and replication. To overcome these limitations, the second part of this chapter describes

a novel approach to identify rare coding deletions from the Illumina Human Exome Bead ChIP

array which represents a cost-efficient high throughput array with dense exonic coverage. Apart

from low cost and high throughput, the availability of very large datasets for multiple diseases is

another advantage of the array compared to exome or whole-genome sequencing.

To detect rare coding deletions from the exome chip, the deletion pipeline, which combined mul-

tiple CNV detection algorithms (Fig 6.4), was applied to human exome chip data. Initially, the

pipeline was validated by applying it to exome chip data from 650 GoT2D samples for which WGS

(and at a later point) WES deletion calls were available for validation. Before filtering PennCNV305

and QuantiSNP306 detected 999 and 6580 deletion calls, respectively, in these 650 samples. After

filtering and merging deletions, a total of 20 unique deletion sites (equivalent to SNP positions in

the context of SNVs) with an average size of 162kb were identified in 650 samples, 18 (90%) of

which were rare (MAF <1%) or low-frequency variants (MAF <0.05, Table 6.5 ).

For validation, these deletion calls were overlapped with 448 WGS deletions, which overlapped at

least 3 SNPs present on the exome chip, and 427 WES high-quality rare deletion calls generated

from the same 650 GoT2D/UKT2D samples. In total, 15/20 (75%) deletion sites overlapped with

15/427 WES and 16/448 WGS CNV calls and there was good concordance between genotypes

(based on the overlapping genotype between exome chip and WGS deletions, 1/16 WGS deletion

was overlapping but did not correspond to any of the identified exome chip deletions suggesting a

separate deletion event detected only by WGS). When comparing the deletion genotypes between

overlapping exome chip and WGS deletion calls, the average genotyping sensitivity was 83.1%

(although variable) and specificity was 99.6% (under the assumption that the WGS calls represent
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the "true standard" for these sites). Similarly, high mean genotyping sensitivity (70.0% ) and speci-

ficity (99.6%) was observed for the ExAC GoT2D CNV calls (Fig6.16). An example of the overlap

between a small WGS, WES and exome chip deletion together with the LRR raw data of a deletion

sample is shown in Figure6.17.

Overall, the concordance between the exome chip array deletions and the WGS and WES deletion

datasets provided support for the detection accuracy of the newly developed pipeline especially

considering the fact that neither the ExAC exome sequencing nor GoT2D WGS CNV calls can be

regarded as gold standard.

Dataset Deletions Mean length (bp) Rare Low Freq Common
650 samples 20 161,826 15 3 2
11.6k samples 208 124,865 185 20 3

Table 6.5: Exome CNV calls for validation set of 650 samples and 11.6k assocation
data. For both sample sets (650 and 11.6k) the number of Deletions, the average deletion
length, and the number of deletions across the AF spectrum is shown. Rare: MAF <0.01,
Low Freq: MAF <0.05 and Common MAF >0.05
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Figure 6.16: Genotyping specificity and sensitivity of 15 exome chip deletions over-
lapping WGS and WES deletion calls. Density (y-axis) plots showing specificity and
sensitivity (x-axis) for the 15 exome chip deletions. Specificity and sensitivity distributions
were calculated by considering the WES (red) or WGS (green) as "true" state.
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Figure 6.17: Overlap between small WGS, WES and exome chip deletion at the
CLCA4 gene Modified Genome Browser view of a WES deletion (top, medium red bar),
WGS deletion (middle, dark red bar) and exome chip deletion (bottom, light red bar, size
about 7.4kb). At the very bottom the SNP (dots) LRR values (y-axis) are shown along the
chromosome (x-axis). Red coloured SNPs are found at the location of the exome chip dele-
tion while the remaining SNPs are found in the region surrounding the deletion. (Different
scales are provided for the genome-browser view and LRR plot).
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6.3.3.2 Testing exome chip deletions for association with T2D

To identify novel T2D associations and potentially validate some of the ExAC association results

described in the first part of this Chapter (section 6.3.2.1 ), the newly developed pipeline was ap-

plied to 11.6k T2D-case-control samples of European ancestry (UK) including the 650 GoT2D

samples that were shared between the exome chip and ExAC exome sequencing data. In total, Pen-

nCNV and QuantiSNP identified 288k and 404k deletions in these 11.6k samples. After filtering,

and merging, 208 unique deletion sites with an average length of 125kb were identified. The vast

majority of these deletions (205/208 or 99%) were low (MAF <5%) or rare (<1%) frequency events

which suggests a similar allele frequency distribution as for the 650 GoT2D samples (Table 6.5).

To test these deletions for association with T2D (in 11,414 unrelated samples with full phenotypic

information including 3.9k cases and 7.5k controls), a gene-centred approach was applied. Similar

to the ExAC gene-centred test, deletions were collapsed based on overlap with genes. After remov-

ing genes with an AC of less than three, 309 genes were tested for association combining all studies.

The Firth bias corrected test was used for the association analysis with covariates correcting for sex,

age, BMI and PCs derived from SNPs to account for population structure. In total, 5 significant as-

sociations (exome-wide significance P <2.5x10-6) were identified. However, the association results

were heavily inflated (Fig 6.18A).

Gene PVALUE BETA AC MAF
KIF7 1.46e-13 -0.657 1089 0.048
BAAT 6.77e-13 -0.988 552 0.024
C4orf40 6.51e-12 -0.604 1048 0.046
DDX28 4.35e-08 -1.477 156 0.007
RXFP3 4.56e-07 -1.854 95 0.004

Table 6.6: Top 5 exome-wide significant T2D-associated deletions. For each variant, the
overlapping gene, the T2D-case-control P-value and effect size (beta) are presented. In
addition, allele count (AC) and Minor Allele Frequency (MAF) are shown .
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(A) QQPlot gene-based testing
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(B) QQPlot deletion-based testing

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

0
5

10
15

Expected  − log10(p)

O
bs

er
ve

d 
 −

lo
g 1

0(p
)

(C) QQPlot SNP-based testing

Figure 6.18: QQ-plot showing T2D-association results of deletions derived from 11.6k
exome chip samples. QQplot showing expected (x-axis) vs observed -log10 P-values (y-
axis) for gene-based (A), deletion-based (B) and SNP-based (C) T2D-association testing of
exome chip deletion variants.
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Similar association results were obtained for the two other approaches of collapsing deletions (Fig

6.5):

• a deletion-overlap-based approach identified 1150 merged deletions after merging deletions

with at least 50% reciprocal bp overlap

• a SNP-based breakpoint approach used 4987 SNP probes on the array as surrogate markers

for the deletion genotypes

• a total of 21 merged deletions and 72 proxy SNPs overlapping deletions were associated at

exome wide significance (P value threshold <2.5x10-6). However, these association results

were also heavily inflated (Fig6.18B-6.18C).

Notably, the vast majority (all but one) of associated deletions had a T2D-protective effect. Consid-

ering the imbalance in case (3.9k) and control (7.5k) samples this may suggest spurious association

results, in particular, since the majority of studies consisted of either only case (2.3/3.9k) or only

control (5.4/7.5k) samples that were processed together; thus, amplifying potential batch effects.

Additionally, the use of T2D-case-only or -control-only studies did prevent the application of a

meta-analysis approach (as used for the ExAC CNV data). Hence, samples had to be tested for asso-

ciation as one cohort combined which could have further increased the influence of study-specific

batch effects on the association results.

Next, the raw PennCNV and QuantiSNP exome chip deletion calls were used to try to replicate any

of the T2D case-control allelic imbalance deletion results (ABCC3, CBLC and VPSC13C, see Table

6.3) of the ExAC sequencing deletion calls described in Section 6.3.2.1.2. Only VPS13C deletion

calls were identified in the raw exome chip data; however, these 9 exome chip deletion calls (iden-

ditfied by PennCNV) did not show any differences in cases (AC=5) compared to controls (AC=4).

Overall these results suggest that the exome chip pipeline could neither be used to identify novel

T2D associations nor to validate the ExAC CNV association results. Hence, additional validation

will be required to determine the accuracy of the exome chip deletion pipeline.
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6.3.3.3 Validation of identified exome chip deletions

6.3.3.3.1 In silico validation of deletions

To validate the identified exome chip CNVs, the deletion set, derived from merging deletions with

reciprocal overlap, was used for in silico validation. These deletion were used since the deletion

merging approach (Fig 6.5B) probably takes into account the structure of deletions most accurately.

Specifically, these deletions were overlapped with CNVs present in DGV and the overlap was

compared to random sites (derived from shifting the merged deletion sites 1000 times as described

in section 6.2.2.5). Based on the permutation results, significant (P=0.02) overlap between the

merged deletions (927/1150) and CNVs in DGV was found, indicating that the exome chip deletion

pipeline accurately detects deletion sites in the genome.

6.3.3.3.2 Prioritisation of deletion variants for in vitro genotyping

Considering the significant and substantial overlap of deletion sites with DGV, the genotyping ac-

curacy of the deletion pipeline was validated in vitro. Since accurate CNV genotyping in vitro is

challenging, and a number of CNV genotyping methods exist, with varying success, depending

on the deletion type, variants were prioritised to allow for efficient and cost-effective validation.

Deletions were prioritised based on overlap with known deletion variants, preferentially identified

from WGS, to obtain more accurate break point estimates. Additionally, deletions were selected for

genotyping based on biological function of overlapping or nearby genes and low allele frequency

threshold (1% < MAF < 5%). This allele frequency threshold was chosen to avoid testing rare

or common CNVs of which the former may be present only in a few samples and not detected in

any other dataset while the latter have likely been already tested for T2D-association by previous

studies. Using these criteria, 4 deletions overlapping KIF7, ANKRD35, DOCK8 and TRIB3 were se-

lected for in vitro genotyping (Table 6.19). In addition, exome chip deletions overlapping the gene

PTCHD3 were used as positive genotyping control considering that there was a clear overlap with a

single WGS deletion identified in 1000 Genomes. Also, a previous study has already successfully

genotyped PTCHD3 deletions in vitro345.
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Figure 6.19: Prioritised deletions for in vitro genotyping. Each column describes a
feature of prioritisation with the colour indicating whether a variant has good (green) or
medium (yellow) support for functional follow-up. CNV variants were prioritised based
on overlap with known DGV or GoT2D variants (preferentially individual sequencing
variants), biology of the overlapping gene and the allele frequency. Additional columns
indicate the number of samples that were in vitro genotyped and whether the variant was
significantly associated with T2D (exome-wide significance and gene-based bonferroni
adjusted multiple testing significance is indicated). References for KIF7 346–348 PIAS3349,
DOCK8130, TRIB3350 and PTCHD3345.
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6.3.3.3.3 In vitro genotyping of selected variants

Taqman genotyping was performed for 4 prioritised gene deletions overlapping ANKRD35, DOCK8,

KIF7, TRIB3 and the deletion PTCHD3, which was used as positive control for genotyping, to de-

termine copy number state per sample using the ∆∆CT method (see Chapter 2 Section 2.4 for more

details). As shown in Fig 6.20A, for all gene deletion regions, predicted deletion samples had a

lower copy number state compared to samples predicted to have a diploid genotype (predictions

are based on the output from the exome chip deletion pipeline); however, only for 2 deletion re-

gions (ANKRD35 and PTCHD3) was the separation distinct enough that a Gaussian finite mixture

modelling approach, as implemented in the R package mclust, determined two separate density dis-

tributions as best model (Fig 6.20B). For the remaining 3 deletions, mclust predicted only a single

distribution as the best model (Fig 6.20B, only TRIB3 shown).

In addition, to identifying separate distributions for PTCHD3 and ANKRD35, mclust also provided

probabilities for each sample to belong to either of the 2 distributions which could be used to es-

timate sample genotype probabilities based on the in vitro results. Specifically, samples that were

predicted to be part of the lower copy number distribution were defined as samples with a deletion

genotype while samples that were predicted to be part of the higher copy number distribution were

defined as samples with a diploid genotype. These in vitro-based sample genotype predictions were

then correlated with the in silico exome chip predicted genotypes and high correlation was observed

for both PTCHD3 (Pearson r=0.91) and ANKRD35 (Pearson r=0.58). The correlation increased

for both PTDCHD3 (Pearson r=0.94) and ANKRD35 (Pearson r=0.69) after removing samples that

could not be clearly classified by mclust (probability <90% to belong to 1 of the 2 distributions).

In summary, these data clearly show that the exome chip pipeline can accurately predict deletion

regions in the genome. Also, in accordance with the in silico exome chip results, in vitro genotyp-

ing copy number estimates of deletion samples were consistently lower compared to normal diploid

samples; however, accurate deletion genotyping remains difficult for most sites using the in silico

exome chip predictions. This is indicated by the inflated T2D-association results and the fact that

only 2/5 deletion regions showed clear separation in in vitro copy number assays; thus, highlighting

in general that it is difficult to accurately detect copy number states, which makes it difficult to test

CNVs for association with binary case-control disease phenotypes.
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Figure 6.20: In vitro genotyping to determine copy number state. (A) Copy Number
(CN) estimates (y-axis) grouped according to exome chip deletion pipeline predictions
(Control (CTRL) with normal CN or Deletion (DEL) sample, x-axis) for 5 gene deletions
(ANKRD35,DOCK8, KIF7, PTCHD3 and TRIB3). The dashed lines at CN 2 and 1 indicate
diploid and heterozygous deletion state, respectively. (B) Clustering of CN states (x-axis)
based on density (y-axis) estimation using Gaussian finite mixture modelling as imple-
mented in mclust to determine whether CN states fall into distinct groups. Best estimate is
shown as black line. Both ANKRD35 and PTCHD3 can be separated into 2 distributions
while TRIB3 is best characterised by a single distribution.
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6.4 Discussion

The research in this Chapter has characterised the role of rare coding CNVs in the genetic risk of

T2D and obesity and specifically, the analysis showed that

• the majority of coding CNVs is rare in line with their expected effect on gene function

• the CNV burden per individual is not associated with genetic T2D or obesity risk which is in

contrast to results from previous studies that found CNV burden associated with obesity

• association testing identified a number of potentially relevant T2D- and obesity-associated

coding CNVs among which deletions and duplications overlapping VPS13C were the most

plausible biological candidates

• the deletion detection pipeline for the exome chip array likely can identify accurately dele-

tion regions in the genome, however, accurate genotyping remains difficult, in particular,

since no gold standard is available

The research in the first part of the chapter described WES coding CNVs derived from large-scale

high depth exon sequencing T2D-case and control data. Consistent with results obtained from the

full ExAC dataset of 60k individuals (of which the here presented data only represents a subset of

14.5k individuals) most of these variants were low-frequency which is expected considering the

potential impact of some of these coding CNVs on gene function157. Similarly, large-scale coding

SNV studies found that variants with large effects on gene function (missense, nonsense variants)

are also very rare284.

In addition to determining the general allele frequency distribution of these variants, the role of

individual CNV burden in T2D and obesity risk was evaluated. Several neurodevelopmental disor-

ders including schizophrenia and autism have been found to show significant CNV burden effects

with affected individuals having a higher number of duplicated or deleted DNA sequences in the

genome351. While the ExAC consortium found evidence for increased CNV burden in schizophre-

nia samples based on genic CNV intolerance scores157, T2D and BMI were not associated with a

CNV burden effect (based on CNV number). This suggests that deviations in overall exonic copy
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number or disrupted gene sequence in the germline do not predispose to T2D and obesity. These

results are inconsistent with a previous study that found large-scale rare deletions enriched in cases

of extreme obesity352. However, differences in the CNV detection method (SNP array vs exome

sequencing) may explain this difference considering that the SNP array may more accurately detect

large deletions spanning substantial parts of the non-coding genome while exome sequencing is

focused on the detection of variation in the coding sequence of the genome.

Apart from overall CNV burden, the large dataset provided an opportunity to study the effect of

rare and low-frequency copy number variants in T2D and obesity across the whole exome. While

several previous studies have linked rare copy number disorders to obesity148,149,337,352,353, only

a few studies have identified copy number variants potentially associated with T2D develop-

ment152,354,355. The analysis in this chapter highlighted 157 rare gene-centred CNVs that either

showed nominally significant associations with T2D (149 CNVs) or strong imbalances in T2D-

case-control samples (8 CNVs); however, none reached exome-wide significance.

Using previously generated GWAS data (both on the single variant level and using PTV-based gene-

burden results) to support the CNV association results, the analysis highlighted a number of genic

CNVs that may be involved in the genetic risk of T2D.

For instance, at the known T2D GWAS locus C2CD4A/VPS13C , allelic imbalance in T2D cases

and controls allele counts in opposite directions for VPS13C deletions (causal) and duplications

(protective) provided further support for the functional involvement of VPS13C in T2D genetic

susceptibility. Additionally, VPS13C is also associated with several other glycaemic traits including

fasting proinsulin, 2h-glucose, 2h-insulin, fasting glucose266,326,327,356–360. The VPS13 family of

proteins was shown to be involved in molecular processes related to membrane protein trafficking,

Golgi structure, and the metabolism of phosphatidylinositol361–363 and the gene VPS13C is highly

expressed in human islets326,327. VPS13C has been suggested to be involved in insulin processing

and beta-cell function, and a likely causal GWAS variant is associated with VPS13C expression in

human islets328. Consistent with the deletion CNV being overrepresented in cases, a reduction in

VPS13C gene expression is associated with higher T2D risk.
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While the CNVs overlapping VPS13C represent the most plausible T2D-association result based

on previous GWAS and functional data, the analysis also found several other genes with relevant

biological function near T2D GWAS hits including HEYL, YTHDC2, CBLC and GAK. All of these

genes showed relatively high expression in human pancreatic islets based on publicly available islet

expression data236 and had potentially biologically relevant functions related to development, TF

binding activity and cell signalling329,331–336; thus, prioritising these genes at the GWAS loci for

functional follow-up.

For the obesity association results, a confirmatory BMI-association signal was found for a deletion

overlapping the gene GDPD3 in the region 16p11.2 that was nominally associated with under-

weight. This region is linked to the 16p11.2 deletion and duplication syndrome148,149,337 which are

consistently associated with obesity and underweight, respectively, depending on the copy number

state. In addition, several other interesting candidate genes were identified: For instance, deletions

at SLC5A4 were found to potentially increase obesity risk in African Americans and accordingly,

PTV SNV in SLC5A4 were associated with an increase in obesity in the same ancestry group; thus,

supporting the observed associations. Previous studies suggested that SLC5A4 encodes a glucose

sensor found in cholinergic neurons of the intestine and skeletal muscle and regulates muscle activ-

ity364. In accordance with the association results, SLC5A4 was shown to increase glucose transport

into skeletal muscle after exercise which may lead to a decrease in insulin resistance341.These data

support the observation that a reduction in SLC5A4 may increase the risk for obesity which often

is a direct cause of insulin resistance. In addition, recently SLC5A4 was also suggested to sense

glucose in the portal vein and activate brain regions involved in food intake365, thus, providing

another potential link between SLC5A4 deletions and obesity.

Similarly to SLC5A4, BMI SNV gene-burden results also provided some support for other CNVs,

such as duplications overlapping ITGAX and HNRNPC in the involvement of obesity risk; however,

based on the current understanding of the biological function of these genes, it remains unclear how

the overlapping CNVs could be influencing genetic obesity risk.

The association analyses for both BMI and T2D also highlighted the difficulty in accurately study-

ing the relationship between copy number and disease considering that the detection still remains

challenging, in particular, in regions with complex copy number states. Several of the highlighted
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variants were found in genomic regions with low copy number repeats or complex clusters of repli-

cated genes including the beta-defensin DEFB131 found in gene clusters342. Similarly, the T2D

associated GOLGA6B region is also found in a region with low copy number repeats321. Due to the

repeats and complex copy number state, the short reads generated by NGS can often not be mapped

properly which may lead to spurious and conflicting results between studies. For instance, it was

recently claimed that CNVs at the AMY1 gene locus, which has a complex structure with multiple

gene copies, may explain a large portion of BMI heritability292. However, a follow-up study did not

find any significant association with obesity indicating that the previous results were observed due

to genotyping errors293.

The difficulty in accurately detecting CNVs and testing them for association with a phenotype was

also highlighted by the T2D-association results for deletions identified from a newly developed

exome chip discovery pipeline. As suggested by previous studies the pipeline combined multiple

algorithms, harnessing their different properties, to detect deletions from the human exome bead

chip which provides dense coverage of exonic regions at low cost. Although good concordance

was observed between deletion genotypes derived from exome chip, exome sequencing and whole-

genome sequencing data in a subset of 650 individuals, deletion detection in 11.6k exome chip

samples followed by association testing led to highly inflated T2D-association results. In silico val-

idation based on overlap with previously identified CNVs coupled with in vitro qPCR genotyping

suggested that deletion sites in the genome can be accurately detected using the pipeline; how-

ever, precise genotyping was only possible for a subset of the deletions which provides a potential

explanation for the inflated association results. In contrast to the results observed in this Chapter,

parallel efforts from a different group have used the exome chip successfully for both the detection

of large CNVs and the replication of schizophrenia-associated CNVs called from a different whole-

genome array. Differences in the detection method, CNV size and cohort structure, in particular, the

imbalance in T2D-case-control samples in this study, could explain the opposing results.

The analysis in this chapter provided an insight into the role of rare coding CNVs and their role in

diabetes and obesity. The study also highlighted for the C2CD4A/VPS13C locus how rare coding

CNVs can be used to prioritise genes in large GWAS regions with unknown effector transcript.

However, the lack of existing gold standards for CNV calling and the low-frequency of the identi-
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fied CNVs makes the replication and validation of these association results difficult. In addition, the

underlying structure and size of the identified CNVs remains at least partially unclear since exome

sequencing does not provide accurate information about breakpoints. Hence, it may be difficult to

design cost-effective and accurate assays to follow up CNVs of interest highlighted by the analysis.

Novel approaches such as a deletion discovery pipeline from the exome chip array may provide

one way of cost-effective high-throughput CNV calling; however, extensive optimisation will be

required to improve the deletion genotyping performance of the pipeline. Future large-scale CNV

association studies will be required to validate the results paired with functional assays to determine

the molecular mechanisms governing the CNV-associated T2D and obesity risk.
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CHAPTER 7

General Discussion

The analyses performed in this thesis addressed the following primary objectives:

• to combine newly generated whole-genome human pancreatic islet DNA methylation and

ATAC-seq open chromatin data with previously generated ChIP-seq histone marks to refine

islet regulatory states

• to integrate these islet regulatory states with T2D GWAS data in order to define potential

causal mechanisms at T2D GWAS loci governing genetic risk of T2D

• to characterise epigenetic changes involved in endodermal development to improve under-

standing of the molecular processes regulating endoderm and pancreas formation

• to detect exonic CNVs, which likely affect gene function, and identify variants associated

with T2D susceptibility
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The work in Chapter 3 extended the catalogue of available human islet epigenetic data and in-

vestigated for the first time the whole-genome DNA methylome of human islets providing the

opportunity to study the link between DNA methylation, islet regulation and T2D development. A

comparison between islet WGBS and Illumina 450k array methylation data clearly showed that

WGBS provides a much more comprehensive analysis of the islet methylome, in particular, around

GWAS regions. The inability to accurately characterise GWAS regions is predominantly based on

the design of the 450k array that focusses on CpG-island and promoter regions which are often

only weakly associated with disease compared to enhancer elements. Further analysis of the whole-

genome islet methylation data identified two types of hypomethylated regulatory domains defined

as UMRs and LMRs that corresponded to promoters and enhancers, respectively. These regions

were strongly enriched for known islet regulatory annotations such as eQTLs, mQTLs and islet

TFBS. Enhancer-like LMRs also showed enrichment in T2D GWAS signals.

In agreement with these results, it was previously demonstrated that methylation plays a major role

in cellular regulation and transcriptional activity (reviewed in366). Specifically, LMRs were shown

to be associated with TF binding172,206,367, cell type specificity112,172,206,368,369 and the expression

levels of genes370. While only limited DNA methylation data exists for human pancreatic islets,

previous studies have also confirmed a link between islet DNA methylation identified using the

450k array and islet regulation99, T2D status198 and ageing199. Correlations between genetic vari-

ation, gene expression and DNA methylation suggest that these factors form a complex regulatory

network in human islets99 and other tissues101. As mentioned above only limited DNA methylation

data is currently available for human pancreatic islets , and the data in Chapter 3 substantially ex-

panded the knowledge about the role of DNA methylation in islet regulation and T2D development.

Similar to Chapter 3, the analysis presented in Chapter 4 also extended the set of regulatory annota-

tions in human islets. In addition, the interrogation of open chromatin in iPSC subtypes identified

developmentally active open chromatin sites that likely govern endodermal formation and, thus, is

also relevant for endodermal islet function. The first part of the chapter characterised the chromatin

landscape of human islets using ATAC-seq and identified islet open chromatin regulatory elements

enriched in T2D GWAS signals. These results are highly consistent with several previous studies

that have determined the regulatory role of human islet open chromatin and active enhancers in the
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genetic susceptibility of T2D84–86. Adding to these studies, the islet ATAC-seq data generated in

this thesis extended the static views of the DNA accessibility landscape in human islets and pro-

vided open chromatin maps on an individual sample basis. These variable chromatin maps were

exploited in Chapter 5 to highlight potential functional mechanisms at T2D GWAS loci through

allelic imbalance in chromatin accessibility.

The second part of Chapter 4 investigated the open chromatin landscape of human iPSC subtypes

that were generated from beta- and fibroblast-cells and differed in their propensity to differentiate

into endoderm. To determine epigenetic markers associated with the enhanced differentiation po-

tential into endodermal cells, the study identified differentially open chromatin regions (DOCS)

between the iPSC subtypes and observed that Bi-DOCS (sites with more open chromatin in BiP-

SCs compared to FiPSCs) showed strong enrichment in genomic annotations related to pancreatic

endodermal development. Consistently, gene and pathway enrichment analysis of these Bi-DOCS

highlighted genes associated with both pancreas development and mature function as well as neu-

rodevelopmental pathways. Specifically, NOTCH and WNT signalling and TFs such as FOXA2

and PDX1 were associated with Bi-DOCS and enhanced endodermal differentiation ability. In

accordance with these results, the leading ’iPSC to endoderm’ differentiation protocols, which

generate functional human beta-cells in vitro, target the NOTCH and WNT pathway219,220. Addi-

tionally, FOXA2 was shown to provide developmental competence during endodermal pancreas

formation by priming weak enhancer sites which are then bound by PDX1 to initiate stage-specific

gene expression programmes217.

Following the generation of novel epigenomic annotation in human islets, the work in Chapter

5 combines the whole-genome methylation and open chromatin datasets with human islet ChIP-

seq annotations to refine existing chromatin states. These states were then used to evaluate the

contribution of DNA methylation and open chromatin to T2D GWAS signal enrichment. This ap-

proach showed that DNA methylation and ATAC-seq data can be used to identify strong and weak

enhancer subtypes that differ in chromatin accessibility, methylation status and the overall enrich-

ment in T2D GWAS signals. Consistent with a more active state, it was found that hypomethy-

lated open chromatin islet enhancers showed the highest levels of enrichment in T2D-GWAS loci.

Previous studies have confirmed that the integration of histone ChIP-seq marks with chromatin
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accessibility and/or hypomethylation information can improve GWAS enrichment of regulatory

annotations85,131. Subsequently, posterior probability estimates were calculated taking into account

both the GWAS association and chromatin state enrichment, to prioritise variants at GWAS loci for

testing them in open chromatin imbalance. In total, at 3 GWAS loci including ADCY5, CDC123

and KLHDC5, high posterior probability variants overlapping enriched enhancer states showed al-

lelic imbalance in open chromatin, thus indicating potential molecular mechanisms governing T2D

risk at these loci. For instance, at the ADCY5 locus the T2D risk allele of the GWAS lead variant

rs11708067 is predicted to reduce HNF4A binding and also associated with reduced ADCY5 gene

expression159 and lower ADCY5 promoter methylation99. Overall, these results indicate the power

of an integrative epigenomic analysis to identify islet regulatory elements that enhance understand-

ing of islet function and indicate potential mechanisms at T2D GWAS loci.

Chapter 6 aimed to characterise the role of coding CNVs in the genetic susceptibility of T2D and

obesity. The first analysis of this chapter focussed on whole-exome deletions and duplications,

which were generated externally by the ExAC consortium from a T2D-case-control exome se-

quencing study comprised of 14.5k individuals. In contrast to other complex diseases such as

schizophrenia371 and autism372, no correlation between CNV number per individual and T2D or

obesity could be identified. The lack of association between CNV burden and obesity is inconsis-

tent with previous studies that have found that large rare deletion events are enriched in cases of

extreme obesity352; however, differences in CNV detection methods (array vs sequencing) and

target regions (coding vs non-coding CNVs) may explain this discrepancy between the results.

In addition to the CNV burden analysis, a gene-centred approach was used to identify genic CNVs

that correlate with T2D status or BMI. A number of coding deletions and duplications were found

to be associated with T2D or obesity including several variants overlapping genes with highly

relevant biological function. For instance, imbalance in T2D-case-control CNV allele counts

were observed in the gene VPS13C which is found at a GWAS locus associated with T2D-related

traits266,326,327,356–360 and encodes a protein suggested to influence beta-cell function and insulin

processing328. Rare VPS13C deletions were only found in T2D-cases while all but one duplication

were observed in non-diabetic individuals. These results are directionally consistent with VPS13C

gene burden tests (of single nucleotide protein truncating variants) and an eQTL GWAS variant
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which is associated with decreased VPS13C gene expression and increased risk of T2D. Similarly,

deletions at the 16p11.2 locus were found to be associated with increased BMI which is strongly

concordant with the fact that rare deletions in these regions were previously found to be linked to

severe obesity337.

The second part of Chapter 6 focussed on the development of a novel deletion detection pipeline

from exome chip array data with the aim of validating CNV disease associations identified from

the exome sequencing data. This approach paralleled the work performed by Szatkiewicz et al

2014371 that have also used the exome array for validation and replication of CNV calls and CNVs

disease-associations derived from a different whole-genome array. While the exome chip deletion

calls generated in this thesis suggest that accurate detection of deletion sites is possible, the highly

inflated T2D-association results and in vitro validation indicate that only some sites were accurately

genotyped. This is inconsistent with the results from Szatkiewicz et al 2013 and 2014371,373 which

have successfully called large CNVs from the array and validated the association results. This may

be explained by differences in the detection approach, the size of investigated CNVs and cohort

structure (imbalances in number of cases vs controls).

Immediate steps following the work completed in this thesis would be to validate the results ob-

served at disease associated GWAS loci as well as functional characterisation of regions involved

in endodermal development. Through the integrative analysis, which combines multiple layers of

genetic and epigenetic data, six strongly T2D-associated enhancer variants with allelic imbalance

were identified at the T2D GWAS loci ADCY5, CDC123 and KLHDC5, thus, suggesting potential

molecular mechanisms governing T2D genetic susceptibility at these loci; however, these results

require functional validation to confirm the observed associations. For instance, at the ADCY5

variant rs11708067 at which genotype-dependent differences in HNF4A binding were predicted,

Electrophoretic Mobility Shift Assays or ChIP-qPCR in a relevant human islet cell model such as

the EndoC-ßH1 line could be used to confirm the suggested allele-specific HNF4A binding event

(partially dependent on the genotype). This approach has been successfully used previously to

validate differential TF binding events in human islets83,85. While the previously identified eQTL

indicates that the variant influences ADCY5 gene expression, further support for this variant regulat-

ing ADCY5 could be provided by chromatin conformation capture. For instance, this experimental
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technique helped to uncover the likely causal variant and mechanism at the obesity-associated locus

FTO374.

The epigenomic data created in Chapters 3-5 was generated from a rather small number of human

pancreatic islets despite being one of the first (for the whole-genome DNA methylation dataset) and

relatively large (for the ATAC-seq open chromatin) studies to investigate both DNA methylation

and open chromatin in human islets. While these datasets provided highly useful information

about the DNA methylation landscape and the variability in open chromatin, these datasets are still

relatively small compared to other epigenetic or gene expression studies and do not include samples

from diabetic individuals.

Several methylation studies in islets99,196,198,199 or other tissues (for which samples are often

more readily available) have shown that larger sample numbers allow for the identification of

mQTLs96–104 or disease differentially methylated regions (DMRs)190,191,193,196,198,375–382 and can

uncover highly relevant biology including T2D-relevant results99,190,191,193,196,198. However, most

of these studies have used array-based or sequencing-based technologies that do not provide full

whole-genome methylation levels at single base-pair resolution, thus, being limited in their abil-

ity to interrogate the full DNA methylome. In a similar way, large-scale RNA-seq studies in both

islets159,268,383 and other tissues130,384 have proven useful to link genetic variants to genes through

the identification of eQTLs for which enough statistical power is required to accurately detect the

association. Based on these previous studies the collection of larger number of samples to investi-

gate both DNA methylation or ATAC-seq open chromatin would provide several key advantages:

For DNA methylation, an increase in sample size would provide more information about the vari-

ability of whole-genome DNA methylation in human islets. This could provide the opportunity to

perform Epigenome-Wide Association Studies (EWAS). These studies could detect interactions

between genetic variation and islet DNA methylation as well as differentially methylated regions

between diabetic and non-diabetic individuals on a true genome-wide scale compared to previous

studies99,196,198. Similarly, the availability of large ATAC-seq open chromatin datasets would also

be beneficial for the identification of genome-wide chromatin QTLs, disease-associated chromatin

changes and differential open chromatin sites associated with exposure to different metabolites

(glucose, fatty acids) or pharmaceutical agents. For instance, previously the effect of palmitate fatty
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acid exposure on DNA methylation and transcription was investigated385.

Currently our group is collecting additional human islet WGBS methylation and ATAC-seq data

including samples exposed to high and low glucose conditions to enhance our understanding of

epigenetic regulation in human islets and the effect of glucose exposure on the islet epigenome.

Human islets also consist of multiple different cell subtypes including alpha, beta, delta, epsilon

and polypeptide cells and recent studies clearly have indicated that there are epigenetic and tran-

scriptional differences between alpha and beta cells228,236. Since GWAS results have provided

strong evidence for the functional role of beta-cells in T2D pathophysiology18,19 and epigenetic

studies have shown that genomic annotations are often tissue-specific82, the characterisation of the

epigenetic landscape of these cell subtypes could provide further insight into T2D development.

For instance, Ackermann et al showed substantial overlap of alpha- and beta-cell-specific open

chromatin signatures with T2D GWAS hits228. Advances in technology provide even the oppor-

tunity to investigate transcriptional and epigenetic profiles in single cells386,387 and recent studies

have applied RNA-seq to human islet cell subtypes to characterise differences across single islet

endocrine cells388,389.

Considering that the availability of primary human islets is often limited, and samples from human

donors show high variability due to environmental factors, exocrine contamination, and differences

in islet cell composition, future work would highly benefit from efficient iPSC to endocrine pan-

creas/islet differentiation protocols to generate human islet cell model. Until such protocols are

available, the work provided in Chapter 4 is important to enhance the understanding of endodermal

pancreas differentiation processes and characterise the key pathways associated with developmental

progression. Future work targeting the identified developmental pathways, which were associated

with enhanced differentiation ability in BiPSCs, could lead to improvements in these differentiation

protocols. Immediate next steps related to the iPSC work in Chapter 4 should aim to replicate the

results in a larger sample set, track epigenetic changes throughout development and integrate differ-

ent types of epigenetic and transcriptional datasets. Our lab has previously published an RNA-seq

study that investigated transcriptional changes in several stages of endodermal development227 and

we are currently collecting samples from a number of stages to interrogate both the DNA methy-

lation and open chromatin landscape of these developmental cell types. In addition to providing
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further insight into endodermal development, the RNA-seq study also highlighted that such an ap-

proach could help to determine whether T2D susceptibility variants rather act during development

or directly influence mature islet function.

For most of the results in Chapter 3-5 no definitive statement can be made about causality consider-

ing that these results indicate only associations between epigenetic marks, which are variable over

time, and T2D disease status. In contrast to GWAS which investigates associations between genetic

variants that (usually) do not change over time, it remains unclear whether the epigenetic changes

associated with T2D risk are a cause for or a consequence of the disease. Ultimately, efficient dif-

ferentiation protocols could be used to obtain easily accessible cells from living donors to generate

iPSCs harbouring genetically modified T2D-risk variants using CRISPR390,391. The effects of these

genetic changes could then be studied throughout development and in mature islets, thus, allowing

to dissect the direction of effect between phenotype and genetic and epigenetic variation. A recent

publication also indicated that the CRISPR-Cas9 system could be modified to perform targeted

methylation392 or demethylation393 of genomic regions, thus, potentially providing the opportunity

to study the regulatory effects of changes in the DNA methylation pattern in vitro more readily.

Future work related to the analysis in Chapter 6 should involve extensive validation of CNV calls

paired with in vitro functional studies of selected genes, such as VPS13C, with prior knowledge

about biology and support from SNV genetic associations. Focussing on genes with known biol-

ogy and GWAS support will facilitate the accurate choice of cellular models which is critical to

determine the role of these CNVs in T2D risk. Depending on the predicted effect of CNVs, gene

knockout experiments or overexpression studies in relevant models may help to confirm disease

associations and understand the phenotypic effect of CNVs on the molecular level. Advances in

qPCR technology, such as digital droplet PCR394,395, have been shown to substantially improve

CNV detection and genotyping assays, thus, making in vitro validation of prioritised CNVs more

feasible. Furthermore, the association results should be replicated in different datasets which will

require large sample sets for rare variants. Hence, further development and refinement of novel

detection methods applicable to existing large-scale GWAS case-control datasets including ex-

ome chip array data could be highly useful. Alternatively, for rare strong effect size it may also be

possible to replicate associations in population isolates in which rare variants may have risen to
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increased allele frequency or in cohorts with extreme phenotypes that are often enriched for strong

effect size variants.

In conclusion, the work performed in this thesis has targeted several fundamental challenges in

understanding human islet function and genetic susceptibility of T2D. Firstly, the epigenomic land-

scape of human pancreatic islets and iPSCs was annotated to improve understanding of pancreatic

islet developmental and mature function as described in Chapter 3 and 4. Secondly, the integration

of epigenetic human islet datasets with T2D-related genetic association data was performed to pri-

oritise T2D susceptibility variants at GWAS loci and highlight potential molecular mechanisms

governing T2D risk (Chapter 5), thus, indicating the usefulness of combining multiple layers of epi-

genetic and genetic data to understand T2D genetic susceptibility. Thirdly, the knowledge regarding

the genetic architecture of T2D was expanded through characterising the role of exonic CNVs in

the genetic risk of T2D as described in Chapter 6.

In the future continued experimental and computational investigation of these results will be impor-

tant to explain the genetic factors and mechanisms predisposing to T2D and critical for developing

novel therapies for T2D to prevent and cure the global rise in T2D affected individuals.
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Term Description Dir Genes

Go neural tube patterning Bi EN1, FGF8, FOXA2, GAS1, GBX2, GLI2, GLI3,

GSC, HES1, IFT122, LRP6, MNX1, PAX6, PAX7,

PSEN1, PTCH1, SHH, SSBP3, TCTN1, TMEM107,

TULP3, WNT3A

Go positive regulation of embryonic

development

Bi FOXA2, LHX1, NR2C2, OTX2, PLCB1, RBM19,

WNT3A, WNT4

Go non-canonical Wnt receptor signal-

ing pathway

Bi CELSR1, FZD1, FZD10, FZD2, FZD7, GRHL3,

ROR2, SFRP1, SFRP5, WNT11, WNT4, WNT5A,

WNT7A, ZNRF3

Go hindbrain morphogenesis Bi ATP2B2, CACNA1A, DAB1, FAIM2, GAS1,

GLI2, GNPAT, GSX2, HERC1, HES1, KNDC1,

LHX1, LHX5, LMX1B, LRP6, NFIX, PCNT, RFX4,

RORA, SKOR2, TRNP1, ULK1, WNT7A

Go branching involved in mammary

gland duct morphogenesis

Bi BTRC, DDR1, EPHA2, ESR1, ETV4, LRP6, MSX2,

NCOA3, PML, SRC, TBX3, TFAP2C, VDR, WNT4,

WNT5A

Go cerebellum morphogenesis Bi ATP2B2, CACNA1A, DAB1, FAIM2, GAS1, GLI2,

GNPAT, HERC1, KNDC1, LHX1, LHX5, LMX1B,

LRP6, NFIX, PCNT, RFX4, RORA, SKOR2,

TRNP1, ULK1, WNT7A

Go mammary gland duct morphogene-

sis

Bi BTRC, CSF1R, DDR1, EPHA2, ESR1, ETV4,

FGFR2, GLI2, LRP6, MSX2, NCOA3, NR3C1,

NTN1, PML, PTCH1, PTHLH, SRC, TBX3,

TFAP2C, VDR, WNT4, WNT5A

Go mammary gland epithelium devel-

opment

Bi BTRC, CCND1, CEBPB, CSF1R, DDR1, EPHA2,

ESR1, ETV4, FGF2, FGFR2, FOXB1, FOXF1,

GLI2, ID2, LRP6, MGMT, MSX2, NCOA3, NR3C1,

NTN1, PML, PTCH1, PTHLH, SRC, TBX3,

TFAP2C, VDR, WNT3, WNT4, WNT5A, WNT7B,

ZNF703

Go dorsal spinal cord development Bi DRAXIN, GSX1, GSX2, LBX1, LHX1, LHX3,

LHX5, MDGA1, PAX3, PAX7, PBX3, RFX4,

UNCX, WNT3A

Go cerebellum development Bi AGTR2, ATG7, ATP2B2, ATRN, CACNA1A,

CDK5R1, CYP11A1, DAB1, FAIM2, GAS1, GBX2,

GLI2, GNPAT, HERC1, KNDC1, LHX1, LHX5,

LMX1A, LMX1B, LRP6, MDK, MYH10, NEU-

ROD2, NFIX, NLGN4X, NR2C2, PCNT, PTPRS,

RFX4, RORA, SEMA4C, SKOR2, SSTR2, TRNP1,

ULK1, WNT7A, ZBTB18
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Go cerebellar cortex morphogenesis Bi ATP2B2, CACNA1A, FAIM2, GLI2, HERC1,

KNDC1, LHX1, LHX5, NFIX, PCNT, RFX4,

RORA, SKOR2, TRNP1, ULK1, WNT7A

Go spinal cord association neuron

differentiation

Bi GSX1, GSX2, LBX1, LHX1, LHX3, LHX5,

MDGA1, PAX3, PAX7, WNT3A

Go dorsal/ventral neural tube pattern-

ing

Bi FOXA2, GAS1, GLI2, GLI3, GSC, IFT122, MNX1,

PAX7, PSEN1, PTCH1, SHH, TCTN1, TULP3,

WNT3A

Go negative regulation of Notch

signaling pathway

Bi BMP7, DLK1, EGFL7, FBXW7, GATA2, HEY1,

HIF1AN, MAGEA1, NEURL, NFKBIA, NRARP,

SLC35C1

Go cell differentiation in spinal cord Bi ABT1, CACNA1A, CLN8, DBX1, DICER1,

DRAXIN, GATA2, GLI2, GLI3, GSX1, GSX2,

HOXC10, ISL1, LBX1, LHX1, LHX3, LHX4,

LHX5, MDGA1, MNX1, NKX2-2, NKX6-1, NKX6-

2, OLIG2, PAX3, PAX6, PAX7, PHOX2A, PTCH1,

SHH, SOX1, SUFU, TBX20, TCTN1, WNT3A

Go cell differentiation in hindbrain Bi ATP2B2, CACNA1A, FAIM2, FOXA2, GATA2,

HERC1, KNDC1, LHX1, LHX5, NFIX, NOG,

RORA, SKOR2, ULK1, WNT7A

Go cerebellar cortex development Bi AGTR2, ATG7, ATP2B2, CACNA1A, FAIM2,

GLI2, HERC1, KNDC1, LHX1, LHX5, MDK,

MYH10, NEUROD2, NFIX, PCNT, RFX4, RORA,

SKOR2, TRNP1, ULK1, WNT7A

Go somitogenesis Bi AXIN2, BMPR1A, COBL, CREBBP, DLL1,

EPB41L5, FOXA2, FOXB1, FOXC1, FOXF1,

GDF3, KDM6A, LHX1, LRP6, MEOX1, NKX3-

1, OTX2, PAX1, PCDH8, PLXNA2, PPP2R3A,

PRKDC, PSEN1, ROR2, SFRP1, SMAD3, T,

TBX18, TCF15, WNT3A, WNT5A

Go white fat cell differentiation Bi AACS, ADIG, CEBPA, CTBP2, NCOR2, PRDM16,

SIRT1, SNAI2

Go embryonic axis specification Bi CITED1, COBL, EPB41L5, FOXA2, FRS2, GDF3,

HOXD8, KDM6A, LHX1, OTX2, PCSK6, PLD6,

PTCH1, SMAD2, T, TBX3, WNT5A, WNT7A

Go ventral spinal cord interneuron fate

commitment

Bi DBX1, GLI2, GLI3, LHX3, NKX2-2, NKX6-1,

NKX6-2, PAX6, SOX1, SUFU

Go regulation of insulin receptor

signaling pathway

Bi GRB10, IGF2, IL1B, INS, KANK1, PRKCB,

PRKCD, PRKCQ, PRKCZ, PTPN1, PTPN2, PT-

PRE, SIK2, SIRT1, SOCS1, SOCS3

Go positive regulation of focal adhe-

sion assembly

Bi EPB41L5, ITGB1BP1, KDR, PTPRJ, SDC4, SFRP1,

SMAD3, VEGFA, WNT4
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Go cerebellar cortex formation Bi ATP2B2, CACNA1A, FAIM2, HERC1, KNDC1,

LHX1, LHX5, NFIX, RORA, SKOR2, ULK1,

WNT7A

Go regulation of Notch signaling

pathway

Bi BMP7, DLK1, DLL1, DTX1, EGFL7, EYA1,

FBXW7, GATA2, HES1, HEY1, HIF1AN,

ITGB1BP1, JAG1, LFNG, MAGEA1, MESP1,

MFNG, NEURL, NFKBIA, NRARP, SLC35C1,

SLC35C2, SOX2

Go spinal cord dorsal/ventral pattern-

ing

Bi DBX1, GLI2, GLI3, LHX3, NKX2-2, NKX6-1,

NKX6-2, PAX6, SHH, SOX1, SUFU, TULP3

Go ventral spinal cord interneuron

differentiation

Bi DBX1, GATA2, GLI2, GLI3, LHX3, NKX2-2,

NKX6-1, NKX6-2, PAX6, SOX1, SUFU

MSigDB Wnt signaling network Bi FZD1, FZD10, FZD2, FZD7, FZD8, FZD9, KRE-

MEN1, LRP6, ROR2, RSPO1, RYK, WNT3,

WNT3A, WNT5A, WNT7A, WNT7B

MSigDB Maturity onset diabetes of the

young

Bi FOXA2, FOXA3, HES1, HNF1A, HNF4A, INS,

MAFA, MNX1, NEUROG3, NKX2-2, NKX6-1,

PAX6, PDX1, PKLR, SLC2A2

Go dendrite morphogenesis Fi ATP7A, CACNA1A, CTNNA2, DACT1, DCX,

EPHB1, FYN, KLF7, MAP2, MEF2A, PICALM,

SDC2, SEMA3A, SHANK1, SLITRK5

Go long-term memory Fi ADCY1, ADCY8, BTBD9, CRH, CTNS, GRIA1,

GRIN1, NTRK2, PJA2, RELN, SGK1, SHANK1,

TACR1

Go positive regulation of acute inflam-

matory response

Fi C3, CCR7, CNR1, IL1B, IL6, IL6ST, NPY5R, OSM,

PIK3CG, PTGER3, PTGS2, TNF

Table 1: Enrichment terms associated with DOCS. Each row represents an enriched
term associated with DOCS. Columns indicate Term (Go Biological Process or MSigDb
term), Description, Direction (Dir with Bi indicating BiDOCs are associated while Fi indi-
cates FiDOCs are associated with this term), Regional enrichment (RE), Gene Enrichment
(GE), Binomial BH/FDR-adjusted P (BBH-P, for regional enrichment), Hypergeometric
BH/FDR-adjusted P (HBH-P, for gene enrichment) and Type categorising the enriched
term into broad biological classes.
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Term Description State FE HBH-P Gene

Go olfactory behavior BivEnh 71.2 1e-19 DRD4, GRIN1, SHANK1

Go chemosensory behavior BivEnh 54.4 8e-18 DRD4, GRIN1, SHANK1

Go determination of affect BivEnh 96.9 2e-17 SHANK1

Go habituation BivEnh 96.9 2e-17 SHANK1

Go synapse maturation BivEnh 90.9 3e-17 SHANK1

Go sensory processing BivEnh 85.5 7e-17 SHANK1

Go positive regulation of excitatory postsynaptic

membrane potential

BivEnh 39.1 1e-14 GRIN1, SHANK1

Go long-term memory BivEnh 20.6 1e-14 GRIN1, NTRK2, SGK1, SHANK1, TACR1

Go vocalization behavior BivEnh 58.2 2e-14 SHANK1

Go positive regulation of membrane potential BivEnh 30.7 3e-13 GRIN1, SHANK1

Go righting reflex BivEnh 44.1 6e-13 SHANK1

Go nonassociative learning BivEnh 33.0 2e-11 SHANK1

Go cytoskeletal anchoring at plasma membrane BivEnh 31.6 3e-11 SHANK1

Go social behavior BivEnh 15.0 7e-11 DRD4, GRIN1, SHANK1, VPS13A

Go protein localization to synapse BivEnh 26.9 2e-10 SHANK1

Go negative regulation of actin filament bundle

assembly

BivEnh 26.4 2e-10 SHANK1

Go positive regulation of dendritic spine develop-

ment

BivEnh 24.2 5e-10 SHANK1

Go memory BivEnh 8.0 6e-10 DRD4, GRIN1, HRH1, KLK8, NTRK2,

SGK1, SHANK1, TACR1

Go dendritic spine morphogenesis BivEnh 18.4 1e-09 EPHB1, SHANK1

Go dendritic spine organization BivEnh 17.4 2e-09 EPHB1, SHANK1

Go dendritic spine development BivEnh 17.4 2e-09 EPHB1, SHANK1

Go regulation of alpha-amino-3-hydroxy-5-

methyl-4-isoxazole propionate selective

glutamate receptor activity

BivEnh 19.1 6e-09 SHANK1

Go reflex BivEnh 18.6 8e-09 SHANK1

Go multi-organism behavior BivEnh 7.7 1e-08 DACH1, DRD4, GRIN1, SHANK1, TACR1,

VPS13A

Go regulation of glutamate receptor signaling

pathway

BivEnh 16.3 3e-08 SHANK1

Go associative learning BivEnh 7.3 9e-08 DRD4, GRIN1, HRH1, SHANK1, TACR1

Go regulation of postsynaptic membrane potential BivEnh 8.6 5e-07 DRD4, GRIN1, SHANK1

Go regulation of excitatory postsynaptic mem-

brane potential

BivEnh 9.4 5e-07 GRIN1, SHANK1

Go learning BivEnh 5.1 3e-06 DRD4, GRIN1, HRH1, NTRK2, PTN,

SHANK1, SLC6A1, TACR1

Go regulation of actin filament bundle assembly BivEnh 8.0 4e-06 SHANK1, TACR1

Go regulation of dendritic spine development BivEnh 10.3 4e-06 SHANK1

Go dendrite morphogenesis BivEnh 9.0 4e-06 EPHB1, SHANK1

Go regulation of dendrite development BivEnh 5.3 1e-05 DBN1, GRIN1, NTRK2, PTPRD, SHANK1

Go maintenance of protein location in cell BivEnh 7.1 5e-05 DBN1, SHANK1

Go learning or memory BivEnh 3.8 5e-05 DRD4, GRIN1, HRH1, KLK8, NTRK2, PTN,

SGK1, SHANK1, SLC6A1, TACR1

Go maintenance of location in cell BivEnh 6.7 8e-05 DBN1, SHANK1

Go maintenance of protein location BivEnh 6.6 0.0001 DBN1, SHANK1

Go regulation of transporter activity BivEnh 5.3 0.0001 AKAP7, DRD4, SGK1, SHANK1

Go cognition BivEnh 3.5 0.0002 DRD4, GRIN1, HRH1, KLK8, NTRK2, PTN,

SGK1, SHANK1, SLC6A1, TACR1

Go regulation of ion transmembrane transporter

activity

BivEnh 5.5 0.0002 AKAP7, DRD4, SHANK1

Go maintenance of location BivEnh 5.8 0.0003 DBN1, SHANK1
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Go synapse organization BivEnh 4.0 0.0004 KLK8, KY, NTRK2, PTPRD, SHANK1,

WNT7A

Go membrane depolarization BivEnh 5.2 0.0004 GRIN1, SHANK1

Go regulation of transmembrane transporter

activity

BivEnh 5.2 0.0004 AKAP7, DRD4, SHANK1

Go regulation of receptor activity BivEnh 6.2 0.0004 SHANK1

Go neuromuscular process controlling balance BivEnh 5.2 0.0009 POU4F2, SHANK1

Go dendrite development BivEnh 5.1 0.001 EPHB1, SHANK1

Go negative regulation of cytoskeleton organiza-

tion

BivEnh 5.2 0.002 SHANK1

Go regulation of digestive system process BivEnh 9.0 0.003 NEUROD1, SGK1, TAC4, TACR1

Go amacrine cell differentiation BivEnh 56.7 0.003 NEUROD1

Go neuromuscular process BivEnh 3.6 0.004 AGTPBP1, GRIN1, POU4F2, SHANK1

Go regulation of intestinal epithelial structure

maintenance

BivEnh 39.7 0.01 NEUROD1

Go response to morphine BivEnh 9.1 0.01 EDNRA, GHR, GRIN1, TACR1

Go response to isoquinoline alkaloid BivEnh 8.8 0.01 EDNRA, GHR, GRIN1, TACR1

Go olfactory learning BivEnh 36.1 0.01 DRD4, GRIN1

Go negative regulation of type B pancreatic cell

apoptotic process

BivEnh 16.5 0.02 NEUROD1, TCF7L2

Go regulation of type B pancreatic cell apoptotic

process

BivEnh 15.6 0.02 NEUROD1, TCF7L2

Go intestinal epithelial cell development BivEnh 15.6 0.02 NKX3-2

Go response to ammonium ion BivEnh 5.3 0.03 DRD4, EDNRA, GHR, GRIN1, HRH1,

SLC6A1, TACR1

Go regulation of neuron projection development BivEnh 2.4 0.03 ANKRD1, DBN1, GRIN1, KLK8, NTRK2,

PLXNA4, PTPRD, SHANK1, STK25,

WNT7A

Go response to heat BivEnh 5.7 0.04 CALCA, MYOF, TACR1, TFEC

Go regulation of retinal cell programmed cell

death

BivEnh 9.4 1e-06 BDNF, BHLHE23

Go post-embryonic eye morphogenesis BivEnh 10.4 3e-06 BHLHE23

Go negative regulation of retinal cell programmed

cell death

BivEnh 10.4 3e-06 BHLHE23

Go post-embryonic organ morphogenesis BivEnh 8.5 1e-05 BHLHE23

Go post-embryonic morphogenesis BivEnh 5.7 4e-05 BHLHE23, GNAS

Go non-canonical Wnt receptor signaling pathway

via MAPK cascade

BivEnh 6.0 5e-05 FZD10, WNT4

Go positive regulation of embryonic development BivEnh 3.5 8e-05 FOXA2, LHX1, OTX2, RBM19, WNT3A,

WNT4

Go negative regulation of smooth muscle cell-

matrix adhesion

BivEnh 25.3 0.0001 APOD

Go negative regulation of cytokine production

involved in inflammatory response

BivEnh 25.3 0.0001 APOD

Go negative regulation of T cell migration BivEnh 25.3 0.0001 APOD

Go negative regulation of lipoprotein lipid

oxidation

BivEnh 25.3 0.0001 APOD

Go negative regulation of lipoprotein oxidation BivEnh 25.3 0.0001 APOD

Go apoptotic nuclear changes BivEnh 3.3 0.0001 BIRC7, BLCAP, DEDD2, ETS1, SFRP1,

TBX5

Go branching involved in mammary gland duct

morphogenesis

BivEnh 3.5 0.0002 BTRC, EPHA2, ETV4, MSX2, SRC, TBX3,

TFAP2C, VDR, WNT4

Go retinal rod cell development BivEnh 6.2 0.0002 BHLHE23

Go regulation of transcription from RNA poly-

merase III promoter

BivEnh 5.6 0.0002 CEBPA, FOXA2, RPTOR, ZNF76

230



ADDITIONAL TABLES

Go mammary gland duct morphogenesis BivEnh 2.8 0.0002 BTRC, EPHA2, ETV4, FGFR2, GLI2, MSX2,

NTN1, SRC, TBX3, TFAP2C, VDR, WNT4

Go microtubule organizing center organization BivEnh 4.8 0.0002 CLASP2, CROCC, HAUS7, NPM1

Go negative regulation of monocyte chemotactic

protein-1 production

BivEnh 21.7 0.0003 APOD

Go negative regulation of Rho GTPase activity BivEnh 6.4 0.0003 FZD10

Go negative regulation of epithelial to mesenchy-

mal transition

BivEnh 3.6 0.0003 FOXA2, SFRP1, TBX5

Go non-canonical Wnt receptor signaling pathway

via JNK cascade

BivEnh 6.3 0.0003 FZD10

Go positive regulation of Rac GTPase activity BivEnh 3.4 0.0004 ARHGAP27, ARHGEF16, EPHA2, FZD10,

SFRP1

Go regulation of embryonic development BivEnh 2.1 0.0005 BMP7, FOXA2, FZD1, GATA3, GRHL3,

HES1, LAMA3, LHX1, MESP1, NKD1,

OTX2, RBM19, SFRP1, SHH, TENM4,

WNT3A, WNT4

Go non-canonical Wnt receptor signaling pathway BivEnh 3.3 0.0005 FZD1, FZD10, GRHL3, SFRP1, WNT11,

WNT4

Go negative regulation of lymphocyte migration BivEnh 13.0 0.0008 APOD, CCL2

Go positive regulation of transcription from RNA

polymerase III promoter

BivEnh 5.7 0.0008 CEBPA, FOXA2, RPTOR

Go post-embryonic organ development BivEnh 4.8 0.0008 BHLHE23, MYO1E

Go dorsal/ventral neural tube patterning BivEnh 2.8 0.001 FOXA2, GAS1, GLI2, GSC, PAX7, SHH,

WNT3A

Go ectoderm formation BivEnh 5.0 0.001 FOXA2, LHX1

Go negative regulation of neuron differentiation BivEnh 2.1 0.001 BMP7, CNTN2, DLL1, FOXA2, HES1, ID2,

IRX3, LBX1, LMX1A, MEIS1, NKX2-2,

OLIG2, PAX6, SOX2, SOX3, SOX9, TLX3,

TP73, ZNF536

Go positive regulation of Ras GTPase activity BivEnh 2.1 0.001 ARHGAP27, ARHGEF16, EPHA2, FZD10,

GNAS, GRHL3, IQGAP2, NTF3, NTRK1,

RALGAPA2, SFRP1, TBC1D22A, TBC1D7,

THY1, WNT11, WNT4

Go centrosome organization BivEnh 4.5 0.001 CROCC, HAUS7, NPM1

Go eye photoreceptor cell development BivEnh 3.6 0.001 BHLHE23, CNGA3, PAX6, THY1

Go cellular component disassembly involved in

execution phase of apoptosis

BivEnh 2.5 0.002 BIRC7, BLCAP, DEDD2, ETS1, PKP1,

PRKCQ, SFRP1, TBX5

Go regulation of smooth muscle cell-matrix

adhesion

BivEnh 15.2 0.002 APOD

Go regulation of transcription from RNA poly-

merase II promoter involved in detection of

glucose

BivEnh 6.2 0.002 FOXA2

Go negative regulation of transcription by glucose BivEnh 6.2 0.002 FOXA2

Go negative regulation of detection of glucose BivEnh 6.2 0.002 FOXA2

Go positive regulation of transcription from RNA

polymerase II promoter by glucose

BivEnh 6.2 0.002 FOXA2

Go negative regulation of transcription from RNA

polymerase II promoter by glucose

BivEnh 6.2 0.002 FOXA2

Go neural tube patterning BivEnh 2.2 0.002 EN1, FGF8, FOXA2, GAS1, GBX2, GLI2,

GSC, HES1, PAX6, PAX7, SHH, SSBP3,

WNT3A

Go negative regulation of cell morphogenesis

involved in differentiation

BivEnh 3.0 0.002 FOXA2, SFRP1, TBX5

Go eye photoreceptor cell differentiation BivEnh 2.9 0.002 BHLHE23, CNGA3, NKD1, OTX2, PAX6,

SOX9, THY1

Go regulation of transcription by glucose BivEnh 6.1 0.002 FOXA2
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Go regulation of cell-cell adhesion mediated by

integrin

BivEnh 3.7 0.002 ADA, FOXA2, PODXL, WNT3A

Go ventral spinal cord interneuron fate determina-

tion

BivEnh 13.8 0.002 NKX2-2

Go type B pancreatic cell fate commitment BivEnh 13.8 0.002 NKX2-2

Go photoreceptor cell development BivEnh 3.3 0.002 BHLHE23, CNGA3, PAX6, THY1

Go somite rostral/caudal axis specification BivEnh 3.9 0.002 FOXA2, LHX1, OTX2

Go carbon catabolite activation of transcription

from RNA polymerase II promoter

BivEnh 5.9 0.002 FOXA2

Go cellular response to nutrient BivEnh 3.6 0.002 FOXA2, SFRP1, VDR

Go regulation of focal adhesion assembly BivEnh 3.4 0.002 ACVRL1, APOD, GREM1, SFRP1, SRC,

WNT4

Go stem cell maintenance BivEnh 2.1 0.002 BCL9, CDX2, DICER1, DIS3L2, DLL1,

HES1, HMGA2, KIT, MED24, MED27,

NOTCH2, PRDM16, SFRP1, SOX2, SOX9,

TBX3, TCF7L2, TCL1A, TFAP2C

Go embryonic pattern specification BivEnh 2.1 0.002 BMP7, COBL, DLL1, FGFR2, FOXA2,

HOXD8, LHX1, MEOX1, OTX2, PCSK6,

SHH, SMAD2, T, TBX3

Go activation of Ras GTPase activity BivEnh 3.8 0.002 ARHGEF16, EPHA2, NTF3, RALGAPA2,

TBC1D7

Go negative regulation of glucokinase activity BivEnh 5.8 0.002 FOXA2

Go carbon catabolite regulation of transcription BivEnh 5.8 0.002 FOXA2

Go mammary gland epithelium development BivEnh 2.2 0.002 BTRC, EPHA2, ETV4, FGFR2, GLI2, ID2,

MGMT, MSX2, NTN1, SRC, TBX3, TFAP2C,

VDR, WNT4, WNT7B

Go positive regulation of glial cell differentiation BivEnh 2.8 0.002 DICER1, HES1, ID2, NKX2-2, NKX6-1,

NKX6-2, NTF3, OLIG2, SHH, TENM4, TP73

Go positive regulation of Rho GTPase activity BivEnh 2.4 0.002 ARHGAP27, ARHGEF16, EPHA2, FZD10,

GRHL3, SFRP1, TBC1D7, THY1, WNT4

Go positive regulation of gastrulation BivEnh 3.6 0.002 FOXA2, LHX1, OTX2, TENM4

Go detection of glucose BivEnh 4.3 0.002 FOXA2, NKX6-1, PDX1

Go regulation of glucokinase activity BivEnh 5.7 0.002 FOXA2

Go positive regulation of cell-cell adhesion

mediated by integrin

BivEnh 3.7 0.002 FOXA2, PODXL, WNT3A

Go embryonic axis specification BivEnh 2.4 0.003 COBL, FOXA2, HOXD8, LHX1, OTX2,

PCSK6, SMAD2, T, TBX3

Go negative regulation of lipoprotein metabolic

process

BivEnh 12.6 0.003 APOD

Go ncRNA catabolic process BivEnh 12.6 0.003 DEDD2, DIS3L2

Go photoreceptor cell differentiation BivEnh 2.8 0.003 BHLHE23, CNGA3, NKD1, OTX2, PAX6,

SOX9, THY1

Go negative regulation of Ras GTPase activity BivEnh 4.5 0.003 FZD10

Go positive regulation of cell-cell adhesion

mediated by cadherin

BivEnh 4.5 0.003 FOXA2, WNT3A

Go parathyroid gland development BivEnh 4.1 0.003 GATA3, PAX1, TBX1

Go ectoderm development BivEnh 3.4 0.003 FOXA2, GRHL3, LHX1, SHH

Go mammary gland morphogenesis BivEnh 2.2 0.003 BTRC, EPHA2, ETV4, FGFR2, GLI2, MSX2,

NTN1, PAX3, SRC, TBX3, TFAP2C, VDR,

WNT4

Go peripheral nervous system axon regeneration BivEnh 11.7 0.003 APOD

Go execution phase of apoptosis BivEnh 2.3 0.004 BIRC7, BLCAP, DEDD2, ETS1, PKP1,

PRKCQ, SFRP1, TBX5

Go regulation of Rho GTPase activity BivEnh 2.2 0.004 ARHGAP27, ARHGEF16, EPHA2, EPHA4,

EPHB3, FGD3, FZD10, GRHL3, SFRP1,

TBC1D7, THY1, WNT4

Go negative regulation of leukocyte migration BivEnh 5.9 0.004 ADA, APOD, CCL2, GREM1

232



ADDITIONAL TABLES

Go regulation of action potential in neuron BivEnh 2.2 0.004 ATRN, CHRNA1, CNTN2, DICER1, DPP6,

EPB41L3, GNPAT, JAM3, MAL, MBP,

MYRF, NAB1, NFASC, NKX6-2, NTF3,

OLIG2, PMP22, POU3F1, POU3F2, SCN8A,

TENM4

Go regulation of cell-cell adhesion mediated by

cadherin

BivEnh 4.2 0.004 FOXA2, WNT3A

Go DNA catabolic process BivEnh 2.6 0.004 BIRC7, SFRP1, SMUG1, UBE2V2, XPA,

XRN2

Go sclerotome development BivEnh 5.8 0.004 PAX1

Go sinoatrial node cell differentiation BivEnh 5.8 0.004 MESP1, TBX3

Go exit from mitosis BivEnh 6.6 0.005 CTDP1, PPP2R2D

Go positive regulation of cell-cell adhesion BivEnh 2.5 0.006 BMP7, FOXA2, L1CAM, PODXL, SIRPG,

WNT3A

Go response to nutrient BivEnh 2.0 0.006 ABCG5, ACSL1, ALDH1A2, BDNF, CCL2,

CEBPA, COX4I1, CYP11A1, FOXA2,

GNPAT, IGF1R, MGMT, PDX1, PITX2,

SFRP1, SFTPC, SPARC, VDR

Go regulation of cytokine production involved in

inflammatory response

BivEnh 10.1 0.006 APOD

Go Ral protein signal transduction BivEnh 10.1 0.006 RALGAPA2

Go primitive streak formation BivEnh 3.1 0.006 FOXA2, LHX1, OTX2, T

Go cell migration involved in coronary vasculoge-

nesis

BivEnh 6.2 0.007 TBX5

Go positive regulation of gliogenesis BivEnh 2.5 0.007 DICER1, ETV5, HES1, ID2, NKX2-2, NKX6-

1, NKX6-2, NTF3, OLIG2, SHH, TENM4,

TP73

Go pituitary gland development BivEnh 2.0 0.008 ALDH1A2, ETS1, FGF8, GLI2, GSX1, HES1,

HMGA2, PAX6, PITX2, POU3F2, SALL1,

SOX2, SOX3, TCF7L2, WNT4

Go DNA catabolic process, exonucleolytic BivEnh 6.1 0.008 UBE2V2, XRN2

Go activation of Ral GTPase activity BivEnh 9.5 0.008 RALGAPA2

Go rRNA catabolic process BivEnh 13.5 0.008 DEDD2

Go immunoglobulin secretion involved in immune

response

BivEnh 13.5 0.008 POU2F2

Go anterior/posterior axis specification BivEnh 2.3 0.008 FOXA2, HOXD8, LHX1, OTX2, PCSK6, T,

TBX3, WNT8A

Go cellular response to prostaglandin E stimulus BivEnh 5.9 0.009 GNAS, SFRP1

Go positive regulation of oligodendrocyte

differentiation

BivEnh 4.1 0.009 NKX2-2, OLIG2, SHH, TENM4, TP73

Go regulation of branching involved in prostate

gland morphogenesis

BivEnh 3.8 0.009 BMP7, FGFR2, SFRP1

Go hepatocyte growth factor receptor signaling

pathway

BivEnh 8.9 0.009 MUC20

Go vasculogenesis involved in coronary vascular

morphogenesis

BivEnh 5.7 0.01 TBX5

Go sinoatrial node development BivEnh 5.0 0.01 MESP1, TBX3

Go cell migration involved in vasculogenesis BivEnh 5.6 0.01 TBX5

Go regulation of Ral protein signal transduction BivEnh 8.4 0.01 RALGAPA2

Go pancreatic A cell fate commitment BivEnh 8.4 0.01 NKX2-2

Go pancreatic PP cell fate commitment BivEnh 8.4 0.01 NKX2-2

Go positive regulation of histone methylation BivEnh 4.3 0.01 PAX7, PAXIP1

Go axis elongation BivEnh 2.9 0.01 FGFR2, SFRP1, SHH, SOX9, TFAP2C,

WNT3A

Go sinoatrial node cell development BivEnh 5.4 0.01 TBX3

Go cellular response to prostaglandin stimulus BivEnh 5.4 0.01 GNAS, SFRP1
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Go luteinizing hormone secretion BivEnh 5.4 0.01 TBX3

Go follicle-stimulating hormone secretion BivEnh 5.4 0.01 TBX3

Go atrioventricular bundle cell differentiation BivEnh 5.4 0.01 TBX3

Go immunoglobulin production involved in

immunoglobulin mediated immune response

BivEnh 6.5 0.01 GCNT3, MSH2, POU2F2

Go cellular response to ketone BivEnh 4.2 0.01 GNAS, SFRP1, SRC

Go branching involved in salivary gland morpho-

genesis

BivEnh 3.1 0.01 BMP7, FGF8, FGFR2, PLXNA1, SEMA3A,

SHH, TGM2

Go regulation of epithelial to mesenchymal

transition

BivEnh 2.2 0.01 BAMBI, FOXA2, GREM1, SFRP1, SMAD2,

TBX5, TCF7L2

Go positive regulation of cell adhesion mediated

by integrin

BivEnh 3.0 0.01 FOXA2, PODXL, WNT3A

Go myelination BivEnh 2.2 0.01 ATRN, CNTN2, DICER1, EPB41L3, GNPAT,

JAM3, MAL, MBP, MYRF, NAB1, NFASC,

NKX6-2, NTF3, OLIG2, PMP22, POU3F1,

POU3F2, SCN8A, TENM4

Go regulation of cell junction assembly BivEnh 2.7 0.01 ACVRL1, APOD, GREM1, SFRP1, SRC,

WNT4

Go cellular response to BMP stimulus BivEnh 2.7 0.01 ACVRL1, COL2A1, GATA3, GATA5, SFRP1

Go regulation of monocyte chemotactic protein-1

production

BivEnh 8.0 0.01 APOD

Go negative regulation of focal adhesion assembly BivEnh 4.6 0.01 ACVRL1, APOD, SRC

Go positive regulation of histone H3-K36

methylation

BivEnh 18.2 0.01 PAXIP1

Go chaperone-mediated protein complex assembly BivEnh 5.2 0.02 CCT6B, HSP90AA1

Go bundle of His development BivEnh 3.7 0.02 ID2, TBX3, TBX5

Go axon ensheathment BivEnh 2.2 0.02 ATRN, CNTN2, DICER1, EPB41L3, GNPAT,

JAM3, MAL, MBP, MYRF, NAB1, NFASC,

NKX6-2, NTF3, OLIG2, PMP22, POU3F1,

POU3F2, SCN8A, TENM4

Go regulation of JUN kinase activity BivEnh 2.2 0.02 BIRC7, EPHA4, FZD10, MDFI, SFRP1,

TAOK3, TP73

Go negative regulation of chemokine production BivEnh 7.6 0.02 APOD

Go spinal cord association neuron differentiation BivEnh 2.2 0.02 GSX1, GSX2, LBX1, LHX1, LHX5, MDGA1,

PAX3, PAX7, WNT3A

Go regulation of natural killer cell apoptotic

process

BivEnh 7.2 0.02 BIRC7

Go negative regulation of platelet-derived growth

factor receptor signaling pathway

BivEnh 7.2 0.02 APOD

Go positive regulation of extrinsic apoptotic

signaling pathway

BivEnh 3.3 0.02 CYLD, DEDD2, SFRP1

Go regulation of canonical Wnt receptor signaling

pathway involved in controlling type B

pancreatic cell proliferation

BivEnh 5.7 0.02 SFRP1, WNT3A

Go regulation of cellular respiration BivEnh 5.7 0.02 NOS2, PRDM16

Go response to interleukin-6 BivEnh 3.5 0.02 FOXA2, SFTPC

Go cardiac pacemaker cell differentiation BivEnh 4.2 0.02 MESP1, TBX3

Go cell differentiation in hindbrain BivEnh 2.3 0.02 ATP2B2, FOXA2, KNDC1, LHX1, LHX5,

NFIX

Go axis elongation involved in somitogenesis BivEnh 5.5 0.02 SFRP1, WNT3A

Go cellular response to vitamin D BivEnh 5.5 0.02 SFRP1, VDR

Go regulation of gastrulation BivEnh 2.4 0.03 FOXA2, LHX1, MESP1, OTX2, TENM4,

WNT3A

Go endocrine hormone secretion BivEnh 3.1 0.03 CRHR1, GATA3, TBX3

Go salivary gland development BivEnh 2.5 0.03 BMP7, FGF8, FGFR2, PAX6, PLXNA1,

SEMA3A, SHH, TFCP2L1, TGM2
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Go negative regulation of phosphatase activity BivEnh 2.4 0.03 CAMSAP3, ELFN2, TMEM132D, URI1

Go metanephric mesenchymal cell proliferation

involved in metanephros development

BivEnh 4.5 0.03 BMP7, SHH

Go response to prostaglandin E stimulus BivEnh 4.5 0.03 GNAS, SFRP1

Go sister chromatid segregation BivEnh 3.6 0.03 DDX11, DIS3L2, KATNB1, KIF18A,

NCAPD3, NCAPH

Go mitotic sister chromatid segregation BivEnh 3.6 0.03 DDX11, DIS3L2, KATNB1, KIF18A,

NCAPD3, NCAPH

Go immunoglobulin secretion BivEnh 8.7 0.03 POU2F2

Go cerebellar Purkinje cell-granule cell precursor

cell signaling involved in regulation of granule

cell precursor cell proliferation

BivEnh 2.8 0.03 GLI2, LHX1, LHX5, SHH

Go cardiac conduction system development BivEnh 3.1 0.03 ID2, MESP1, TBX3, TBX5

Go regulation of exocyst localization BivEnh 6.3 0.03 RALGAPA2

Go positive regulation of cerebellar granule cell

precursor proliferation

BivEnh 2.7 0.03 GLI2, LHX1, LHX5, SHH

Go regulation of insulin secretion involved in

cellular response to glucose stimulus

BivEnh 2.9 0.03 ADRA2A, FOXA2, PIM3, TCF7L2

Go negative regulation of GTPase activity BivEnh 2.7 0.03 FZD10, PTPRN2

Go regulation of T cell migration BivEnh 5.1 0.03 ADAM10, APOD

Go regulation of cell adhesion mediated by

integrin

BivEnh 2.3 0.03 ADA, EPHA2, FOXA2, PODXL, PTPN11,

WNT3A

Go regulation of lymphocyte migration BivEnh 4.3 0.03 ADAM10, APOD, CCL2

Go insulin catabolic process BivEnh 30.3 0.04 IDE

Go post-embryonic body morphogenesis BivEnh 13.0 0.04 GNAS

Go cardiac muscle cell fate commitment BivEnh 3.2 0.04 TBX3, WNT3A, WNT8A

Go cardiac cell fate commitment BivEnh 2.8 0.04 MESP1, TBX3, TENM4, WNT3A, WNT8A

Go base-excision repair BivEnh 3.0 0.04 HMGA2, NEIL2, POLG, SMUG1

Go activation of Cdc42 GTPase activity BivEnh 8.1 0.04 ARHGEF16

Go response to prostaglandin stimulus BivEnh 4.2 0.04 GNAS, SFRP1

Go nucleic acid phosphodiester bond hydrolysis BivEnh 2.1 0.04 BIRC7, CPSF2, DICER1, DIS3L2, MGME1,

SFRP1, TREX2, UBE2V2, XRN2

Go hypothalamus development BivEnh 2.5 0.04 CRHR1, ETS1, GSX1, PITX2, POU3F2,

SOX3

Go DNA-dependent transcription, termination BivEnh 2.7 0.04 CPSF2, LZTS1, TAF1B, TTF1, XRN2

Go CD8-positive, alpha-beta T cell differentiation BivEnh 3.7 0.04 PAX1

Go negative regulation of cardiac muscle cell

proliferation

BivEnh 4.2 0.04 TBX5

Go somatic stem cell maintenance BivEnh 2.0 0.04 BCL9, CDX2, HES1, HMGA2, PRDM16,

SFRP1, SOX2, SOX9, TCF7L2, TFAP2C

Go sodium-independent organic anion transport BivEnh 4.8 0.04 SLCO4A1

Go neural crest cell fate commitment BivEnh 5.8 0.04 SFRP1, WNT8A

Go regulation of Cdc42 GTPase activity BivEnh 3.3 0.05 ARHGAP27, ARHGEF16, EPHB3, FGD3

Go negative regulation of NF-kappaB import into

nucleus

BivEnh 3.6 0.05 BMP7, CYLD

Go tissue regeneration BivEnh 2.6 0.05 APOD, BCL9, PAX7

Go negative regulation of protein import into

nucleus

BivEnh 2.3 0.05 APOD, BMP7, CYLD, FZD1, MDFI, PKIG

Go neural crest formation BivEnh 5.6 0.05 SFRP1, WNT8A

Go retinal bipolar neuron differentiation BivEnh 4.0 0.05 BHLHE22, IRX5, VSX1, VSX2

Go cardiac left ventricle formation BivEnh 4.0 0.05 TBX5

Go regulation of apoptotic process involved in

morphogenesis

BivEnh 2.9 0.05 BMP7, PAX2, VDR

Go positive regulation of JUN kinase activity BivEnh 2.1 0.05 BIRC7, EPHA4, FZD10, MDFI, TAOK3

MSigDB Genes involved in Regulation of gene

expression in beta cells

BivEnh 3.8 0.001 FOXA2, NKX2-2, NKX6-1, PAX6, PDX1,

SLC2A2
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MSigDB Maturity onset diabetes of the young BivEnh 2.6 0.03 FOXA2, HES1, NKX2-2, NKX6-1, PAX6,

PDX1, SLC2A2

MSigDB Genes involved in RNA Polymerase I Pro-

moter Opening

BivEnh 6.6 0.03 H3F3A, HIST1H2BJ, HIST1H2BL,

HIST3H2BB

MSigDB Genes involved in RNA Polymerase I Tran-

scription

BivEnh 4.9 0.03 H3F3A, HIST1H2BJ, HIST1H2BL,

HIST3H2BB, TAF1B

MSigDB Genes involved in Association of TriC/CCT

with target proteins during biosynthesis

BivEnh 5.5 0.02 FBXW4, KIFC3, XRN2

MSigDB Genes involved in Protein folding BivEnh 3.7 0.02 FBXW4, KIFC3, TBCA, TUBB2B, TUBB6,

XRN2

MSigDB Genes involved in Regulation of beta-cell

development

BivEnh 2.3 0.05 FOXA2, HES1, NKX2-2, NKX6-1, ONE-

CUT3, PAX6, PDX1, SLC2A2

Go determination of affect BivPro 71.5 2e-14 SHANK1

Go habituation BivPro 71.5 2e-14 SHANK1

Go chemosensory behavior BivPro 39.8 1e-13 DRD4, GRIN1, SHANK1

Go sensory processing BivPro 62.0 1e-13 SHANK1

Go synapse maturation BivPro 62.0 1e-13 SHANK1

Go righting reflex BivPro 44.3 8e-12 SHANK1

Go vocalization behavior BivPro 38.7 4e-11 SHANK1

Go positive regulation of excitatory postsynaptic

membrane potential

BivPro 25.6 3e-10 GRIN1, SHANK1

Go positive regulation of membrane potential BivPro 22.7 1e-09 GRIN1, SHANK1

Go nonassociative learning BivPro 27.3 2e-09 SHANK1

Go negative regulation of actin filament bundle

assembly

BivPro 26.6 2e-09 SHANK1

Go cytoskeletal anchoring at plasma membrane BivPro 25.1 4e-09 SHANK1

Go long-term memory BivPro 16.4 5e-09 GRIN1, SGK1, SHANK1

Go reflex BivPro 23.8 5e-09 SHANK1

Go dendritic spine morphogenesis BivPro 22.1 1e-08 SHANK1

Go positive regulation of dendritic spine develop-

ment

BivPro 21.1 2e-08 SHANK1

Go dendritic spine development BivPro 21.1 2e-08 SHANK1

Go dendritic spine organization BivPro 20.7 2e-08 SHANK1

Go protein localization to synapse BivPro 20.2 2e-08 SHANK1

Go social behavior BivPro 13.6 4e-08 DRD4, GRIN1, SHANK1

Go regulation of alpha-amino-3-hydroxy-5-

methyl-4-isoxazole propionate selective

glutamate receptor activity

BivPro 16.6 2e-07 SHANK1

Go memory BivPro 7.6 6e-07 DRD4, GRIN1, HRH1, KLK8, SGK1,

SHANK1

Go regulation of glutamate receptor signaling

pathway

BivPro 13.9 1e-06 SHANK1

Go regulation of postsynaptic membrane potential BivPro 9.3 3e-06 DRD4, GRIN1, SHANK1

Go intestinal epithelial cell development BivPro 37.2 3e-06 NKX3-2

Go dendrite morphogenesis BivPro 10.1 4e-06 SHANK1, SLITRK5

Go associative learning BivPro 7.6 6e-06 DRD4, GRIN1, HRH1, SHANK1

Go regulation of excitatory postsynaptic mem-

brane potential

BivPro 9.5 8e-06 GRIN1, SHANK1

Go regulation of dendritic spine development BivPro 10.4 1e-05 SHANK1

Go regulation of actin filament bundle assembly BivPro 8.9 6e-05 SHANK1

Go dendrite development BivPro 6.7 8e-05 FEZF2, SHANK1, SLITRK5

Go multi-organism behavior BivPro 6.4 0.0001 DRD4, GRIN1, SHANK1

Go neuromuscular process controlling balance BivPro 6.6 0.0003 POU4F2, SHANK1

Go regulation of transporter activity BivPro 5.2 0.0005 AKAP7, DRD4, SGK1, SHANK1

Go regulation of ion transmembrane transporter

activity

BivPro 5.4 0.0007 AKAP7, DRD4, SHANK1
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Go long-chain fatty acid catabolic process BivPro 37.2 0.0007 CYP4F3, LIPE

Go learning BivPro 4.9 0.0008 DRD4, GRIN1, HRH1, SHANK1, SLC6A1

Go regulation of transmembrane transporter

activity

BivPro 5.2 0.001 AKAP7, DRD4, SHANK1

Go maintenance of protein location in cell BivPro 6.4 0.001 SHANK1

Go regulation of receptor activity BivPro 6.2 0.001 SHANK1

Go membrane depolarization BivPro 5.5 0.001 GRIN1, SHANK1

Go maintenance of location in cell BivPro 5.9 0.002 SHANK1

Go negative regulation of cytoskeleton organiza-

tion

BivPro 5.9 0.002 SHANK1

Go intestinal epithelial cell differentiation BivPro 12.4 0.002 NKX3-2

Go maintenance of protein location BivPro 5.8 0.002 SHANK1

Go leukotriene B4 catabolic process BivPro 46.5 0.005 CYP4F3

Go neuromuscular process BivPro 4.2 0.007 GRIN1, POU4F2, SHANK1

Go maintenance of location BivPro 5.0 0.007 SHANK1

Go learning or memory BivPro 3.4 0.008 DRD4, GRIN1, HRH1, KLK8, SGK1,

SHANK1, SLC6A1

Go regulation of dendrite development BivPro 4.4 0.009 GRIN1, SHANK1

Go synapse organization BivPro 3.9 0.01 COL4A1, KLK8, SHANK1

Go columnar/cuboidal epithelial cell development BivPro 8.6 0.01 NKX3-2

Go negative regulation of chondrocyte differentia-

tion

BivPro 8.5 0.01 NKX3-2

Go complement activation, alternative pathway BivPro 31.0 0.02 C3, CFD

Go cognition BivPro 3.1 0.02 DRD4, GRIN1, HRH1, KLK8, SGK1,

SHANK1, SLC6A1

Go actin filament-based movement BivPro 7.7 0.02 MYH14, TNNI3

MSigDB Genes involved in Complement cascade BivPro 24.8 0.02 C3, CFD, PROS1

MSigDB Genes involved in Sema4D induced cell

migration and growth-cone collapse

BivPro 14.1 0.02 MYH14

MSigDB Genes involved in Sema4D in semaphorin

signaling

BivPro 12.6 0.02 MYH14

MSigDB Genes involved in Initial triggering of

complement

BivPro 34.9 0.02 C3, CFD

MSigDB Complement Pathway BivPro 31.0 0.03 C3, CFD

MSigDB Complement and coagulation cascades BivPro 9.3 0.04 C3, CFD, PLG, PROS1

Go regulation of retinal cell programmed cell

death

BivPro 11.7 0.0009 BDNF, BHLHE23

Go negative regulation of neuron differentiation BivPro 3.0 0.001 BMP7, DLL1, FOXA2, HES1, ID2, IRX3,

LBX1, MEIS1, NKX2-2, OLIG2, PAX6,

SOX3, SOX9, TLX3, TTC3, ZNF536

Go microtubule organizing center organization BivPro 5.8 0.0008 CLASP2, CROCC, HAUS7, NPM1

Go centrosome organization BivPro 5.7 0.001 CROCC, HAUS7, NPM1

Go embryonic axis specification BivPro 3.8 0.001 COBL, FOXA2, HOXD8, LHX1, OTX2,

SMAD2, T, TBX3

Go embryonic pattern specification BivPro 2.9 0.002 BMP7, COBL, DLL1, FGFR2, FOXA2,

HOXD8, LHX1, OTX2, SHH, SMAD2, T,

TBX3

Go positive regulation of embryonic development BivPro 5.3 0.002 FOXA2, LHX1, OTX2, RBM19, WNT3A,

WNT4

Go ectoderm formation BivPro 8.5 0.002 FOXA2, LHX1

Go stem cell maintenance BivPro 2.9 0.002 BCL9, CDX2, DIS3L2, DLL1, HES1,

HMGA2, KIT, NOTCH2, PRDM16, SFRP1,

SOX9, TBX3, TFAP2C

Go non-canonical Wnt receptor signaling pathway

via MAPK cascade

BivPro 12.3 0.002 FZD10, WNT4

Go detection of glucose BivPro 6.7 0.002 FOXA2, NKX6-1
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Go anterior/posterior axis specification BivPro 3.6 0.002 FOXA2, HOXD8, LHX1, OTX2, T, TBX3,

WNT8A

Go cellular response to nutrient BivPro 5.9 0.002 BGLAP, CYP24A1, FOXA2, SFRP1, VDR

Go positive regulation of transcription from RNA

polymerase III promoter

BivPro 8.9 0.002 CEBPA, FOXA2

Go pancreas development BivPro 2.5 0.003 ALDH1A2, FOXA2, HES1, IGF1R, NKX2-2,

NKX3-2, NKX6-1, NKX6-2, PAX2, PAX6,

SHH, SLC2A2, SMAD2, SOX9, ZIC3

Go positive regulation of glial cell differentiation BivPro 4.1 0.003 HES1, ID2, NKX2-2, NKX6-1, NKX6-2,

NTF3, OLIG2, SHH, TENM4

Go segmentation BivPro 2.6 0.003 COBL, DLL1, FOXA2, HOXD8, IRX1, IRX2,

IRX3, LHX1, MAFB, OTX2, PAX1, PLXNA2,

SFRP1, T, TBX3, WNT3A

Go somite rostral/caudal axis specification BivPro 6.0 0.003 FOXA2, LHX1, OTX2

Go negative regulation of detection of glucose BivPro 10.2 0.003 FOXA2

Go regulation of transcription from RNA poly-

merase II promoter involved in detection of

glucose

BivPro 10.2 0.003 FOXA2

Go negative regulation of transcription by glucose BivPro 10.2 0.003 FOXA2

Go negative regulation of transcription from RNA

polymerase II promoter by glucose

BivPro 10.2 0.003 FOXA2

Go positive regulation of transcription from RNA

polymerase II promoter by glucose

BivPro 10.2 0.003 FOXA2

Go neuron fate commitment BivPro 2.3 0.003 FOXA2, GSX1, GSX2, HES1, HOXC10, ID2,

LBX1, LHX6, NKX2-2, NKX6-1, NKX6-2,

OLIG2, OTX2, PAX3, PAX6, PAX7, SHH,

TFAP2C, TLX3

Go negative regulation of cell development BivPro 2.4 0.003 BDNF, BMP7, FOXA2, HES1, HMGA2,

ID2, MBP, NKX6-1, NKX6-2, NTN1, PAX6,

SFRP1, TBX5, TTC3, WNT3A

Go ureteric bud development BivPro 2.3 0.003 BDNF, BMP7, CRLF1, FGF8, FGFR2,

FOXD2, FOXD3, FOXD4L6, GATA3, HES1,

LHX1, PAX2, SALL1, SDC4, SFRP1, SHH,

SIM1, SMAD2, SOX9, TSHZ3, WNT4

Go sinoatrial node cell differentiation BivPro 9.7 0.004 MESP1, TBX3

Go regulation of transcription by glucose BivPro 9.7 0.004 FOXA2

Go negative regulation of glucokinase activity BivPro 9.7 0.004 FOXA2

Go carbon catabolite activation of transcription

from RNA polymerase II promoter

BivPro 9.7 0.004 FOXA2

Go non-canonical Wnt receptor signaling pathway

via JNK cascade

BivPro 12.8 0.004 FZD10

Go signal transduction involved in regulation of

gene expression

BivPro 3.9 0.004 FGF8, FOXA2, GSC, MESP1, MSX2, PAX6,

PDGFRA, T

Go positive regulation of gliogenesis BivPro 3.7 0.004 ETV5, HES1, ID2, NKX2-2, NKX6-1,

NKX6-2, NTF3, OLIG2, SHH, TENM4

Go branching involved in mammary gland duct

morphogenesis

BivPro 4.2 0.004 BTRC, MSX2, TBX3, TFAP2C, VDR, WNT4

Go branching morphogenesis of an epithelial tube BivPro 2.1 0.004 BMP7, BTRC, CLIC4, FGF8, FGFR2,

FOXA2, FOXD2, FOXD3, FOXD4L6, LHX1,

MSX2, NRARP, PAX2, PITX2, SALL1, SHH,

SOX9, TBX3, TFAP2C, VDR, WNT4

Go positive regulation of gastrulation BivPro 4.9 0.004 FOXA2, LHX1, OTX2, TENM4

Go carbon catabolite regulation of transcription BivPro 9.2 0.004 FOXA2

Go primitive streak formation BivPro 4.9 0.004 FOXA2, LHX1, OTX2, T

Go regulation of action potential in neuron BivPro 2.8 0.005 ATRN, CHRNA1, DPP6, JAM3, MAL, MBP,

NAB1, NKX6-2, NTF3, OLIG2, P2RX2,

POU3F1, POU3F2, SCN8A, TENM4
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Go regulation of transcription from RNA poly-

merase III promoter

BivPro 7.2 0.005 CEBPA, FOXA2

Go axis specification BivPro 2.5 0.005 COBL, DLL1, FOXA2, HOXD8, LHX1,

MDFI, OTX2, PAX6, PITX2, SFRP1,

SMAD2, T, TBX3, WNT8A

Go regulation of glucokinase activity BivPro 8.8 0.005 FOXA2

Go somatic stem cell maintenance BivPro 3.5 0.005 BCL9, CDX2, HES1, HMGA2, PRDM16,

SFRP1, SOX9, TFAP2C

Go positive regulation of neuron differentiation BivPro 2.4 0.006 BDNF, BMP7, ETV5, FEZ1, FOXA2,

HOXD3, IRX3, NEUROG1, NEUROG2,

NKX2-2, NKX6-1, SALL1

Go regulation of epithelial cell differentiation BivPro 2.5 0.006 ADAMTS9, ALOX15B, DLL1, GATA3,

HES1, LHX1, MESP1, MSX2, NKX6-1,

PAX2, PAX6, SOX9, TBX3, VDR

Go post-embryonic eye morphogenesis BivPro 10.9 0.006 BHLHE23

Go negative regulation of Rho GTPase activity BivPro 10.9 0.006 FZD10

Go positive regulation of cell-cell adhesion

mediated by cadherin

BivPro 6.7 0.007 FOXA2, WNT3A

Go regulation of organ morphogenesis BivPro 2.1 0.007 BDNF, BHLHE23, BMP7, CD34, ETV5,

FGF3, FGF8, FGFR2, GATA3, HES1,

HOXC11, LHX1, MESP1, PAX2, PDGFA,

SFRP1, SHH, SOX9, TBX1, WNT3A, WNT4

Go mammary gland duct morphogenesis BivPro 3.2 0.007 BTRC, FGFR2, MSX2, NTN1, TBX3,

TFAP2C, VDR, WNT4

Go sinoatrial node development BivPro 8.0 0.007 MESP1, TBX3

Go regulation of hormone levels BivPro 2.1 0.008 ALDH1A2, ALDH1A3, CACNA1H, CPLX1,

DIO2, EDN3, ENPEP, FAM3B, FOXA2,

GATA3, IDE, PDGFRA, PRLHR, PTPN11,

RAB11FIP2, REN, SHH, SMAD2, TBX3,

WNT4

Go dorsal/ventral pattern formation BivPro 2.1 0.008 FGF8, FOXA2, GAS1, GSC, GSX2, LHX1,

LHX2, LMX1B, MDFI, NKX2-2, NKX6-1,

NKX6-2, OTX2, PAX6, PAX7, SFRP1, SHH,

SMAD2, WNT3A

Go cell fate specification BivPro 2.2 0.008 EYA2, FOXA2, GSX2, HOXC10, LBX1,

NKX2-2, NKX6-1, NKX6-2, OLIG2, OTX2,

PAX2, PAX6, SHH, SOX9, TBX1, TENM4,

TLX3

Go positive regulation of cell-cell adhesion

mediated by integrin

BivPro 5.4 0.008 FOXA2, PODXL, WNT3A

Go post-embryonic morphogenesis BivPro 6.1 0.01 BHLHE23, GNAS

Go negative regulation of retinal cell programmed

cell death

BivPro 9.6 0.01 BHLHE23

Go lysobisphosphatidic acid metabolic process BivPro 23.0 0.01 ACP6

Go regulation of embryonic development BivPro 2.4 0.01 BMP7, FOXA2, GATA3, HES1, LAMA3,

LHX1, MESP1, OTX2, RBM19, SFRP1, SHH,

TENM4, WNT3A, WNT4

Go gastrulation BivPro 2.2 0.01 BMP7, CFC1, DUSP4, EYA2, FGF8, FOXA2,

GSC, HMGA2, LHX1, MESP1, OTX2, PAX2,

SMAD2, T, TENM4, TNRC6C, WNT3A

Go neural tube patterning BivPro 2.9 0.01 FGF8, FOXA2, GAS1, GSC, HES1, PAX6,

PAX7, SHH, SSBP3, WNT3A

Go cardiac cell fate commitment BivPro 4.4 0.01 MESP1, TBX3, TENM4, WNT3A, WNT8A

Go mammary gland epithelium development BivPro 2.6 0.02 BTRC, FGFR2, ID2, MGMT, MSX2, NTN1,

TBX3, TFAP2C, VDR, WNT4, WNT7B

Go microtubule depolymerization BivPro 12.3 0.02 KIF18A, KIF19
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Go nucleosome assembly BivPro 3.2 0.02 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

NPM1, SOX9, TSPYL2

Go dorsal/ventral neural tube patterning BivPro 3.4 0.02 FOXA2, GAS1, GSC, PAX7, SHH, WNT3A

Go regulation of coagulation BivPro 3.0 0.02 ANXA4, CD34, F11, FOXA2, GP5, KRT1,

PDGFA, PDGFRA, PRKCQ

Go cell differentiation in spinal cord BivPro 2.2 0.02 GSX1, GSX2, HOXC10, LBX1, LHX1,

LHX5, MDGA1, NKX2-2, NKX6-1, NKX6-2,

OLIG2, PAX3, PAX6, PAX7, SHH, WNT3A

Go protein depolymerization BivPro 8.5 0.02 KIF18A, KIF19, MICAL3

Go sinoatrial node cell development BivPro 8.5 0.02 TBX3

Go post-embryonic organ morphogenesis BivPro 8.5 0.02 BHLHE23

Go atrioventricular bundle cell differentiation BivPro 8.5 0.02 TBX3

Go luteinizing hormone secretion BivPro 8.5 0.02 TBX3

Go follicle-stimulating hormone secretion BivPro 8.5 0.02 TBX3

Go regulation of cell-cell adhesion mediated by

cadherin

BivPro 5.5 0.02 FOXA2, WNT3A

Go response to nutrient BivPro 2.4 0.02 ABCG5, ACSL1, ALDH1A2, BDNF, BGLAP,

CD3E, CEBPA, CYP24A1, FOXA2, IGF1R,

MGMT, PITX2, SFRP1, VDR

Go regulation of gastrulation BivPro 3.3 0.02 FOXA2, LHX1, MESP1, OTX2, TENM4,

WNT3A

Go nucleosome organization BivPro 3.0 0.02 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

NFE2, NPM1, SOX9, TSPYL2

Go sclerotome development BivPro 8.1 0.02 PAX1

Go negative regulation of epithelial to mesenchy-

mal transition

BivPro 3.8 0.02 FOXA2, SFRP1, TBX5

Go DNA packaging BivPro 2.7 0.02 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

HMGA2, NCAPD3, NCAPH, NPM1, SOX9,

TSPYL2

Go cellular response to vitamin D BivPro 11.1 0.02 BGLAP, CYP24A1, SFRP1, VDR

Go ectoderm development BivPro 4.1 0.02 FOXA2, LHX1, SHH

Go columnar/cuboidal epithelial cell differentia-

tion

BivPro 2.3 0.02 C10orf11, EDN3, FGF8, FGFR2, FOXD2,

FOXD3, FOXD4L6, GATA5, HPS1, KIT,

NKX2-2, NKX3-2, NKX6-1, PAX6, WNT4

Go positive regulation of cell-cell adhesion BivPro 3.3 0.02 BMP7, FOXA2, L1CAM, PODXL, WNT3A

Go regulation of stem cell differentiation BivPro 2.2 0.02 BAMBI, BMP7, FOXA2, HES1, HMGA2,

PAX2, PDGFRA, SFRP1, SMAD2, SOX9,

TBX5, WNT3A

Go activation of Ral GTPase activity BivPro 18.4 0.02 RALGAPA2

Go response to anesthetic BivPro 18.4 0.02 BDNF

Go Ral protein signal transduction BivPro 18.4 0.02 RALGAPA2

Go response to fluoxetine BivPro 18.4 0.02 BDNF

Go spinal cord association neuron differentiation BivPro 3.1 0.02 GSX1, GSX2, LBX1, LHX1, LHX5, MDGA1,

PAX3, PAX7, WNT3A

Go regulation of cell-cell adhesion mediated by

integrin

BivPro 4.5 0.02 FOXA2, PODXL, WNT3A

Go cardiac pacemaker cell differentiation BivPro 6.1 0.02 MESP1, TBX3

Go kidney morphogenesis BivPro 2.6 0.02 GCNT3, HES1, IRX1, IRX2, IRX3, LHX1,

PAX2, SALL1, SOX9, TSHZ3, WNT4,

WNT7B

Go parathyroid gland development BivPro 5.1 0.02 GATA3, PAX1, TBX1

Go formation of primary germ layer BivPro 2.2 0.02 BMP7, DUSP4, EYA2, FGF8, FOXA2,

HMGA2, LHX1, MESP1, PAX2, SMAD2, T,

TNRC6C, WNT3A
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Go negative regulation of cell morphogenesis

involved in differentiation

BivPro 3.4 0.02 FOXA2, SFRP1, TBX5, TTC3

Go regulation of blood coagulation BivPro 3.0 0.02 CD34, F11, FOXA2, GP5, KRT1, PDGFA,

PDGFRA, PRKCQ

Go cardiac muscle cell fate commitment BivPro 4.9 0.03 TBX3, WNT3A, WNT8A

Go regulation of glial cell differentiation BivPro 2.7 0.03 EPHA4, HES1, HMGA2, ID2, NKX2-2,

NKX6-1, NKX6-2, NTF3, OLIG2, SHH,

TENM4

Go metanephros development BivPro 2.0 0.03 BMP7, CD34, FGF8, GATA3, HES1,

HOXC11, ID2, IRX1, IRX2, IRX3, LHX1,

PAX2, PDGFRA, SALL1, SHH, SOX9,

TSHZ3, WNT4, WNT7B

Go dopaminergic neuron differentiation BivPro 3.8 0.03 FGF8, FOXA2, LMX1B

Go chromatin assembly BivPro 2.8 0.03 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

HMGA2, NPM1, SOX9, TSPYL2

Go response to vitamin A BivPro 7.0 0.03 ALDH1A2, BDNF, PITX2

Go signal complex assembly BivPro 9.4 0.03 CD3E, MAPK8IP2

Go myotube differentiation involved in skeletal

muscle regeneration

BivPro 15.3 0.03 BCL9

Go chromatin assembly or disassembly BivPro 2.6 0.03 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

HMGA2, NFE2, NPM1, SOX9, TSPYL2

Go mesonephros development BivPro 3.0 0.04 BMP7, FGF8, GATA3, LHX1, PAX2, REN,

WNT4

Go mammary gland morphogenesis BivPro 2.5 0.04 BTRC, FGFR2, MSX2, NTN1, PAX3, TBX3,

TFAP2C, VDR, WNT4

Go regulation of action potential BivPro 2.1 0.04 ATRN, CHRNA1, CNR2, DPP6, JAM3, MAL,

MBP, NAB1, NKX6-2, NTF3, OLIG2, P2RX2,

POU3F1, POU3F2, SCN4B, SCN8A, TENM4

Go CDP-diacylglycerol biosynthetic process BivPro 6.7 0.04 AGPAT2, AGPAT4, AGPAT9

Go endocrine pancreas development BivPro 2.5 0.04 FOXA2, HES1, NKX2-2, NKX6-1, NKX6-2,

PAX6, SLC2A2, SOX9

Go response to glucose stimulus BivPro 2.3 0.04 FOXA2, NKX6-1, PAX2, RAB11FIP2,

SMAD2, SREBF1, ZNF236

Go detection of chemical stimulus BivPro 2.4 0.04 ABCG1, FOXA2, NKX6-1, OR6S1, P2RX2,

TAS1R2

Go determination of bilateral symmetry BivPro 2.2 0.04 ALDH1A2, CFC1, DLL1, DYNC2LI1, FGF8,

LBX1, MESP1, NKX3-2, PITX2, SHH, T,

TBX1, TBX3, WNT3A, ZIC3

Go protein-DNA complex assembly BivPro 2.6 0.04 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

NPM1, SOX9, TAF1B, TSPYL2

Go regulation of apoptotic process involved in

morphogenesis

BivPro 4.5 0.04 BMP7, PAX2, VDR

Go negative regulation of GTPase activity BivPro 4.5 0.04 FZD10, PTPRN2

Go DNA conformation change BivPro 2.4 0.04 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

HMGA2, NCAPD3, NCAPH, NPM1, PIF1,

SOX9, TSPYL2

Go CDP-diacylglycerol metabolic process BivPro 6.4 0.04 AGPAT2, AGPAT4, AGPAT9

Go protein-DNA complex subunit organization BivPro 2.5 0.05 H2AFY2, H3F3A, H3F3C, HIST1H2AH,

HIST1H2BJ, HIST1H2BL, HIST3H2BB,

NFE2, NPM1, SOX9, TAF1B, TSPYL2
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Go development of primary male sexual character-

istics

BivPro 2.0 0.05 FGF8, GATA3, HMGA2, KIT, MAMLD1,

MGST1, MSH2, PDGFRA, PITX2, REN,

SFRP1, SHH, SOX3, SOX9, TBX3, TFAP2C,

WNT4

Go regulation of gliogenesis BivPro 2.4 0.05 EPHA4, ETV5, HES1, HMGA2, ID2, NKX2-

2, NKX6-1, NKX6-2, NTF3, OLIG2, SHH,

TENM4

Go gastrulation with mouth forming second BivPro 3.0 0.05 FOXA2, LHX1, OTX2, T, TENM4

Go specification of symmetry BivPro 2.2 0.05 ALDH1A2, CFC1, DLL1, DYNC2LI1, FGF8,

LBX1, MESP1, NKX3-2, PITX2, SHH, T,

TBX1, TBX3, WNT3A, ZIC3

Go regulation of Ral protein signal transduction BivPro 13.1 0.05 RALGAPA2

Go response to hexose stimulus BivPro 2.2 0.05 FOXA2, NKX6-1, PAX2, RAB11FIP2,

SMAD2, SREBF1, ZNF236

MSigDB Genes involved in Regulation of gene

expression in beta cells

BivPro 4.3 0.01 FOXA2, NKX2-2, NKX6-1, PAX6, SLC2A2

MSigDB Maturity onset diabetes of the young BivPro 3.5 0.03 FOXA2, HES1, NKX2-2, NKX6-1, PAX6,

SLC2A2

Table 2: Enrichment terms associated with ESC bivalent promoter and enhancer
BIDOCS. Each row represents an enriched term associated with BiDOCS overlapping
ESC bivalent enhancer or promoters compared to all ESC bivalent enhancers or promoter.
Columns indicate Term (Go Biological Processes), Description, Chromatin State (State),
Regional enrichment (RE), Hypergeometric BH/FDR-adjusted P (HBH-P, for gene enrich-
ment) and Genes associated with the term.
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Gene CNV_Type P.value Zscore Directionality

LL22NC03-63E9.3 Duplications 6.9e-06 -4.50 + ? ? + ? ?

ZNF280A Duplications 1.1e-05 -4.39 + ? ? + ? ?

ZNF280B Duplications 1.1e-05 -4.39 + ? ? + ? ?

PRAME Deletions 5.3e-05 -4.04 + ? ? - ? ?

ZNF280B Deletions 5.3e-05 -4.04 + ? ? - ? ?

LL22NC03-63E9.3 Deletions 5.3e-05 -4.04 + ? ? - ? ?

ZNF280A Deletions 5.3e-05 -4.04 + ? ? - ? ?

PRAME Duplications 7.1e-05 -3.97 + ? ? + ? ?

GGTLC2 Duplications 0.00024 -3.67 + ? ? - ? ?

GOLGA6B Duplications 0.00025 -3.66 + + + + + +

IGLL5 Deletions 0.00056 -3.45 + ? ? ? ? ?

SLC18A1 Deletions 0.00057 3.45 ? ? - ? ? ?

WDYHV1 Deletions 0.00059 -3.44 + ? ? - ? ?

HHIPL2 Deletions 0.0015 -3.18 ? ? ? ? ? +

TYRO3 Deletions 0.0022 -3.06 + ? ? ? ? ?

KIAA0125 Deletions 0.0026 -3.01 + + ? - ? +

C21orf59 Duplications 0.0033 2.94 ? ? ? ? - ?

EVA1C Duplications 0.0033 2.94 ? ? ? ? - ?

AP000275.65 Duplications 0.0033 2.94 ? ? ? ? - ?

TCP10L Duplications 0.0033 2.94 ? ? ? ? - ?

SLC17A6 Duplications 0.004 2.88 ? - ? ? ? ?

AMY2A Deletions 0.0041 2.87 - - + - - -

QARS Duplications 0.0041 -2.87 ? ? ? ? ? +

OR4C3 Duplications 0.0042 2.87 ? - ? ? ? ?

OR4X2 Duplications 0.0042 2.87 ? - ? ? ? ?

OR4X1 Duplications 0.0042 2.87 ? - ? ? ? ?

OR4S1 Duplications 0.0042 2.87 ? - ? ? ? ?

OR4B1 Duplications 0.0045 2.84 ? - ? ? ? ?

A2ML1 Deletions 0.0047 2.83 ? - - ? ? -

LAMTOR1 Duplications 0.0049 -2.81 ? ? ? ? + ?

LRTOMT Duplications 0.0049 -2.81 ? ? ? ? + ?

IGLL5 Duplications 0.0053 -2.79 + ? ? + ? ?

ABCC3 Deletions 0.0059 -2.75 ? ? ? ? ? +

PSG11 Duplications 0.0062 2.73 - - - - - -

KRTAP9-8 Duplications 0.0072 2.69 - ? ? - - -

APBA1 Duplications 0.0072 -2.69 + + + + - +

SSRP1 Duplications 0.008 -2.65 + ? ? ? ? ?

GLB1L3 Deletions 0.0085 -2.63 + + + - + +

CDK11A Duplications 0.0091 -2.61 + + + + + +

RP11-1099M24.7 Duplications 0.0092 -2.60 + ? ? ? ? ?
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KCNAB3 Duplications 0.0092 -2.60 + ? ? ? ? ?

ANKFY1 Duplications 0.0094 -2.60 + ? ? ? ? ?

RGPD8 Duplications 0.0094 -2.60 ? + ? ? ? ?

FOCAD Duplications 0.0095 -2.59 ? ? + ? ? ?

SPDYE2B Duplications 0.0099 -2.58 + + + - + +

DEFB4A Duplications 0.01 2.57 - - - - + -

PHACTR4 Duplications 0.01 2.57 ? ? - ? ? ?

CNOT1 Duplications 0.01 2.57 - ? ? - ? -

POLR2J2 Duplications 0.01 -2.57 + + + + + +

SIRPB1 Duplications 0.011 2.54 - - - + - -

RP4-576H24.4 Duplications 0.011 2.54 - - - + - -

DCLRE1C Duplications 0.012 -2.52 + - + ? + +

SPAG11A Duplications 0.012 2.52 - - - - + -

CDC20 Duplications 0.012 -2.52 ? ? ? ? ? +

OR4N2 Deletions 0.012 2.51 ? ? ? ? - ?

OR4Q3 Deletions 0.012 2.51 ? ? ? ? - ?

UPK3BL Duplications 0.012 -2.51 + + + + + +

DEFB103A Duplications 0.013 2.49 - - - - + -

LPA Duplications 0.014 2.46 - + - - + -

CGB2 Deletions 0.014 -2.46 ? + + ? + +

RBCK1 Duplications 0.014 2.45 ? ? - ? ? ?

CCDC74A Deletions 0.014 2.45 - - - + - -

KIR3DL2 Duplications 0.015 2.43 - - ? - + -

ASB13 Duplications 0.017 2.40 ? - ? ? ? ?

C21orf58 Duplications 0.017 2.38 ? ? - ? ? ?

FREM2 Duplications 0.019 -2.35 + ? + ? ? -

PLIN1 Deletions 0.019 2.34 ? ? - ? ? ?

RASA4 Duplications 0.021 -2.31 + + + + + -

RP11-514P8.6 Duplications 0.021 -2.31 + + + + + -

SHKBP1 Deletions 0.021 -2.31 + + ? + + +

TCP10 Duplications 0.021 -2.31 - + + + + +

IQGAP3 Duplications 0.021 2.31 - ? ? ? ? ?

NAALAD2 Deletions 0.022 -2.28 + + + + - +

CCDC73 Duplications 0.023 -2.27 ? + ? ? ? ?

TMC7 Duplications 0.024 2.26 ? ? - ? ? ?

ATXN2L Duplications 0.024 2.26 ? ? ? - ? ?

FABP2 Deletions 0.024 -2.25 + ? + ? ? ?

ELOVL1 Duplications 0.025 -2.24 ? ? ? ? ? +

KTN1 Duplications 0.026 -2.23 + ? - ? + ?

CYP4A22 Deletions 0.026 -2.22 + + + + + +

DEFB104A Duplications 0.026 2.22 - - + - - -
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MEIG1 Duplications 0.027 -2.21 + - + ? + +

CLEC18C Deletions 0.028 -2.20 + + + ? ? ?

CHRFAM7A Duplications 0.028 -2.20 + + - + + +

TAS2R30 Duplications 0.028 2.20 - - ? ? ? ?

RAB21 Duplications 0.028 -2.20 ? ? + ? ? ?

TBC1D15 Duplications 0.028 -2.20 ? ? + ? ? ?

ZDHHC11B Deletions 0.029 -2.19 - + - + + +

ANKRD36 Duplications 0.029 -2.19 - + + ? + ?

NEK4 Duplications 0.029 -2.18 ? ? ? ? ? +

VPREB1 Deletions 0.031 -2.16 + ? ? ? ? ?

EHF Duplications 0.031 2.16 - ? ? ? ? ?

RB1CC1 Duplications 0.031 2.15 ? ? - ? ? -

ANKRD27 Duplications 0.032 -2.14 + ? ? ? + ?

ENO2 Deletions 0.033 2.13 ? ? ? - ? ?

PRAMEF7 Deletions 0.034 -2.12 + + + + + -

SENP1 Duplications 0.034 -2.12 + ? ? ? ? ?

PFKM Duplications 0.034 -2.12 + ? ? ? ? ?

AADAC Deletions 0.034 2.12 - ? ? - - -

MUC20 Deletions 0.036 2.10 + - - - - -

MUC4 Deletions 0.036 2.10 + - - - - -

KMT2C Deletions 0.037 2.09 ? - - ? ? -

SPDL1 Duplications 0.037 -2.09 ? ? ? ? ? +

PRAMEF12 Deletions 0.037 -2.09 + - - + + +

MFF Deletions 0.038 2.08 ? - ? ? ? ?

VPS37C Deletions 0.038 -2.08 + + ? + + +

CELA1 Deletions 0.038 -2.07 + + ? ? ? ?

TICRR Duplications 0.039 -2.07 ? ? ? + ? ?

KIF7 Duplications 0.039 -2.07 ? ? ? + ? ?

CLPSL1 Deletions 0.039 2.07 - - + - - -

IDNK Duplications 0.039 -2.07 ? ? ? ? ? +

STRC Duplications 0.04 2.06 - - + - + -

COX19 Deletions 0.04 2.06 ? ? ? ? ? -

SUN1 Deletions 0.04 2.06 ? ? ? ? ? -

ADAP1 Deletions 0.04 2.06 ? ? ? ? ? -

GET4 Deletions 0.04 2.06 ? ? ? ? ? -

RGPD8 Deletions 0.04 -2.06 + + ? ? + ?

SPRR2D Deletions 0.04 -2.05 ? + + - + ?

FCAR Deletions 0.041 2.05 - ? ? ? - ?

PGA5 Duplications 0.041 2.04 - + - + - -

PGA4 Duplications 0.041 2.04 - + - + - -

COL18A1 Duplications 0.041 2.04 - ? ? - ? -
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CGB Deletions 0.043 -2.03 ? + ? ? + ?

IGFL3 Deletions 0.043 -2.03 + + - + + +

PTK2B Deletions 0.044 -2.02 + ? ? ? ? ?

ZNF705G Deletions 0.044 2.02 - - - + - -

TXNRD1 Duplications 0.044 -2.01 ? ? + ? ? ?

EID3 Duplications 0.044 -2.01 ? ? + ? ? ?

OR2T1 Deletions 0.044 2.01 - - ? ? ? ?

OR2T4 Deletions 0.044 2.01 - - ? ? ? ?

OR2T6 Deletions 0.044 2.01 - - ? ? ? ?

GNPTAB Duplications 0.045 2.01 ? - ? ? ? ?

DCAF13 Deletions 0.045 -2.00 + ? ? ? ? ?

ALDH1A1 Duplications 0.046 -2.00 ? ? + ? ? +

ARL17B Deletions 0.046 -2.00 ? + ? ? + ?

LRRC37A Deletions 0.046 -2.00 ? + ? ? + ?

PCDH15 Deletions 0.046 -2.00 ? ? ? ? ? +

ACAA2 Duplications 0.047 1.99 ? ? ? ? ? -

TSC1 Duplications 0.047 -1.99 + ? ? - ? ?

CLPS Deletions 0.048 1.98 - - + - - -

CACNA1H Duplications 0.048 -1.98 ? ? ? ? ? +

TPSG1 Duplications 0.048 -1.98 ? ? ? ? ? +

COPRS Duplications 0.048 -1.98 ? ? ? ? ? +

LRCH3 Duplications 0.048 1.98 - ? ? ? - ?

THOC3 Deletions 0.048 1.98 ? - - ? ? ?

RP11-826N14.2 Deletions 0.048 1.98 ? - - ? ? ?

CTD-2207O23.3 Duplications 0.05 1.96 ? ? ? ? ? -

ARHGEF18 Duplications 0.05 1.96 ? ? ? ? ? -

MINK1 Duplications 0.05 -1.96 + + ? ? ? ?

Table 3: CNVs with nominal significant association for T2D For each variant, the over-
lapping gene, the CNV type (deletion or duplication), the T2D-meta-analysis P-value,
Z-score and Direction of effect per study are shown. Directionality for the studies is given
in the following order: European, African America, East-Asian, T2D-genes Hispanics1 ,
South-Asian and SIGMA Hispanics2
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Gene CNV_Type P.value Zscore Directionality

RP11-1396O13.13 Deletions 6.9e-07 4.96 - - - - -

DEFB131 Deletions 9.4e-06 4.43 - - - - -

SIRPD Deletions 4e-05 -4.11 + ? ? ? ?

ART3 Duplications 0.00041 3.53 ? ? - ? ?

FREM2 Duplications 0.0011 3.27 - ? - ? ?

ALDH1A1 Deletions 0.0018 -3.13 ? ? + ? ?

ZNF276 Deletions 0.0019 -3.10 + ? ? ? ?

PADI4 Duplications 0.0024 -3.04 ? ? + + ?

FAM131C Duplications 0.0025 -3.02 + ? + ? +

HNRNPC Duplications 0.003 -2.96 + + + ? +

SLC5A4 Deletions 0.0031 -2.96 ? + ? ? ?

ATP2C2 Deletions 0.0031 -2.96 ? ? + ? +

MRGPRX1 Duplications 0.0033 -2.94 + + + + +

ITGAM Duplications 0.0035 2.92 ? - ? ? ?

ITGAX Duplications 0.0035 2.92 ? - ? ? ?

UPK3BL Deletions 0.0035 2.92 - - - ? -

POLR2J2 Deletions 0.0035 2.92 - - - ? -

PRPH Duplications 0.0036 -2.92 + + ? + ?

ASAH2C Deletions 0.0037 2.90 ? - ? ? -

CWC25 Duplications 0.0045 -2.84 ? ? ? ? +

C17orf98 Duplications 0.0045 -2.84 ? ? ? ? +

KANSL1 Deletions 0.0046 -2.83 + - ? ? +

MCTP2 Duplications 0.0047 -2.83 + ? ? ? ?

PCDHGA12 Duplications 0.0048 -2.82 + ? ? ? ?

PARD3 Duplications 0.0052 -2.80 ? ? + ? ?

CST1 Deletions 0.006 -2.75 ? + ? ? ?

APBA1 Duplications 0.0061 -2.74 + + - + +

PSPN Duplications 0.0064 2.73 ? ? ? ? -

RSPH10B Duplications 0.0067 -2.71 + + + + +

PCDHGB2 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA9 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA8 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGB6 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA3 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA7 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGB3 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA6 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA10 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGB4 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA1 Duplications 0.0068 -2.71 + ? ? ? ?
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PCDHGA11 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGB7 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA4 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGB1 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA5 Duplications 0.0068 -2.71 + ? ? ? ?

PCDHGA2 Duplications 0.0068 -2.71 + ? ? ? ?

SPATA8 Deletions 0.007 -2.70 ? ? + ? ?

C21orf90 Deletions 0.0072 -2.69 + ? ? ? ?

TSPEAR Deletions 0.0072 -2.69 + ? ? ? ?

ST7 Duplications 0.0078 -2.66 ? ? + ? ?

CAPZA2 Duplications 0.0078 -2.66 ? ? + ? ?

PKHD1 Deletions 0.0078 -2.66 ? ? + ? ?

MUC20 Deletions 0.008 -2.65 + + + - +

MUC4 Deletions 0.008 -2.65 + + + - +

DRC1 Deletions 0.008 -2.65 ? ? + ? ?

ATP6V1D Duplications 0.008 -2.65 ? ? + ? ?

MPP5 Duplications 0.008 -2.65 ? ? + ? ?

LHB Deletions 0.0089 -2.62 ? ? ? ? +

DHTKD1 Duplications 0.0092 2.61 ? - ? - ?

DMBT1 Deletions 0.0096 2.59 - - - - -

DEFB104B Duplications 0.0096 -2.59 ? + + ? +

DEFB106B Duplications 0.0096 -2.59 ? + + ? +

CELA2A Deletions 0.0097 2.59 - ? ? ? ?

CELA2B Deletions 0.0097 2.59 - ? ? ? ?

ZFAT Duplications 0.0097 -2.59 ? ? + ? ?

DDX19A Deletions 0.0098 -2.58 + ? ? ? ?

RP11-529K1.3 Deletions 0.0098 -2.58 + ? ? ? ?

PMS2 Duplications 0.0099 -2.58 + + - + +

TSPAN8 Duplications 0.01 -2.56 ? ? + ? ?

SPDYE2B Deletions 0.011 2.55 - - - ? -

TMEM50A Duplications 0.011 -2.53 ? + + ? ?

CELA1 Duplications 0.012 2.51 - ? ? ? ?

ITGAD Duplications 0.013 2.49 ? - ? ? ?

SPNS3 Duplications 0.014 -2.47 ? ? + ? ?

ANKRD20A4 Deletions 0.015 -2.44 + + + - +

NECAP2 Duplications 0.015 -2.43 ? ? + ? ?

SPATA21 Duplications 0.015 -2.43 ? ? + ? ?

DPP7 Duplications 0.017 2.39 - ? ? ? ?

MAN1B1 Duplications 0.017 2.39 - ? ? ? ?

AARS Deletions 0.017 2.39 ? ? - ? ?

CYP2A7 Duplications 0.017 -2.38 + + + + +
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PGA3 Deletions 0.017 2.38 - - - - -

STARD6 Deletions 0.017 -2.38 ? ? ? ? +

KRTAP9-6 Duplications 0.017 2.38 - ? ? - -

GSTA1 Deletions 0.018 2.38 ? - - ? -

KIAA0125 Duplications 0.018 2.36 - ? - - -

SFTPA1 Duplications 0.018 -2.36 ? + + ? ?

CTC-490E21.12 Duplications 0.019 -2.35 + - + + +

RDH16 Duplications 0.019 -2.34 ? + + ? -

STAC3 Deletions 0.02 2.33 ? - ? ? ?

KRTAP9-8 Duplications 0.02 2.33 - ? ? - -

ACSM5 Deletions 0.02 -2.33 + + + ? +

ASAH2B Duplications 0.021 2.31 - - ? ? -

SELP Deletions 0.022 2.30 ? - ? ? ?

C1QTNF9B Deletions 0.022 -2.29 + - + ? +

PDE11A Duplications 0.024 2.26 ? ? ? ? -

SUGT1 Duplications 0.024 -2.26 ? ? ? + ?

HNRNPA1L2 Duplications 0.024 -2.26 ? ? ? + ?

THOC3 Deletions 0.024 -2.25 ? + + ? ?

RP11-826N14.2 Deletions 0.024 -2.25 ? + + ? ?

CACNB2 Duplications 0.024 -2.25 ? ? + ? ?

NSUN6 Duplications 0.024 -2.25 ? ? + ? ?

UBE2I Duplications 0.025 -2.25 ? ? ? ? +

SELENBP1 Duplications 0.025 -2.25 ? ? + ? ?

POGZ Duplications 0.025 -2.25 ? ? + ? ?

PSMB4 Duplications 0.025 -2.25 ? ? + ? ?

RAD51C Duplications 0.025 -2.24 + ? ? ? ?

KIAA1958 Duplications 0.025 -2.24 ? + ? ? ?

INIP Duplications 0.025 -2.24 ? + ? ? ?

SNX30 Duplications 0.025 -2.24 ? + ? ? ?

GDPD3 Duplications 0.025 2.23 ? ? - ? ?

AFMID Duplications 0.029 2.18 ? ? - ? ?

KIAA0125 Deletions 0.03 2.17 - + ? - ?

PACRGL Duplications 0.03 -2.17 + ? ? ? ?

KCNIP4 Duplications 0.03 -2.17 + ? ? ? ?

PSG9 Deletions 0.03 2.17 - + - - -

KRT34 Duplications 0.031 2.15 - - - - +

ARHGEF16 Deletions 0.032 2.15 ? - ? ? ?

CLCNKA Duplications 0.032 -2.15 + + ? + +

TRPM1 Deletions 0.033 -2.14 + ? ? ? ?

OR4C6 Deletions 0.033 -2.14 ? + ? ? ?

OR5D14 Deletions 0.033 -2.14 ? + ? ? ?
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OR5D13 Deletions 0.033 -2.14 ? + ? ? ?

KRTAP9-4 Duplications 0.033 2.13 - ? ? - -

KRTAP9-9 Duplications 0.033 2.13 - ? ? - -

GTF2H2 Deletions 0.033 -2.13 + + - + +

KRTAP9-7 Duplications 0.034 2.12 - ? ? - -

ERBB2IP Duplications 0.035 -2.11 ? ? + ? ?

OR5L2 Deletions 0.035 -2.10 ? + ? ? ?

OR5D18 Deletions 0.035 -2.10 ? + ? ? ?

OR5L1 Deletions 0.035 -2.10 ? + ? ? ?

TXNL4B Duplications 0.036 2.10 ? - - - ?

HPR Duplications 0.036 2.10 ? - - - ?

FAM153C Duplications 0.036 2.10 - - - - -

CGB7 Duplications 0.036 2.10 - - - - -

NEDD4L Duplications 0.036 -2.10 ? + ? ? ?

PRB4 Duplications 0.037 2.09 - - ? ? ?

HRG Deletions 0.037 -2.09 + ? ? ? ?

TMEM254 Deletions 0.037 -2.08 ? ? ? + ?

TNK2 Duplications 0.037 2.08 ? - ? ? ?

ZNF257 Deletions 0.037 2.08 ? - ? - ?

PADI1 Duplications 0.038 -2.08 ? ? + ? ?

AC004824.2 Duplications 0.038 -2.08 ? ? + ? ?

TPTE Deletions 0.038 -2.08 + - + + +

SETDB2 Duplications 0.038 -2.08 ? ? + ? ?

TTN Duplications 0.038 -2.08 + - + + +

ALDH3B2 Deletions 0.039 -2.07 ? ? + ? ?

IFT140 Deletions 0.039 -2.06 ? + ? ? ?

GOLGA6B Duplications 0.04 2.05 - - - - -

TAS2R31 Duplications 0.041 -2.05 + ? ? ? ?

AC018630.1 Duplications 0.041 -2.05 + ? ? ? ?

OR4N2 Deletions 0.041 -2.04 ? ? ? ? +

OR4Q3 Deletions 0.041 -2.04 ? ? ? ? +

GPR98 Duplications 0.041 -2.04 ? ? + ? ?

BTNL3 Deletions 0.042 -2.04 ? + + + +

KAT8 Duplications 0.042 -2.04 + ? ? ? ?

CYP4F3 Duplications 0.042 2.03 ? - ? ? ?

AL136218.1 Duplications 0.043 -2.03 ? ? + ? ?

CAB39L Duplications 0.043 -2.03 ? ? + ? ?

ASRGL1 Duplications 0.044 -2.02 ? + ? ? ?

AGPAT4 Duplications 0.044 -2.02 + ? ? ? ?

TSC1 Deletions 0.044 2.01 - ? ? ? ?

SH3RF1 Duplications 0.045 -2.01 + ? ? ? ?
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C8orf33 Duplications 0.045 2.00 - - - ? -

IFT122 Deletions 0.046 2.00 ? ? - ? ?

AL161645.2 Deletions 0.047 -1.99 ? + + + +

UGT2B15 Duplications 0.047 -1.99 + + ? + +

KIF27 Duplications 0.049 -1.97 ? + ? ? ?

BCLAF1 Duplications 0.049 -1.97 + + + + -

C1GALT1 Duplications 0.049 -1.97 + ? ? ? ?

ZNF705G Duplications 0.05 1.96 - - + - -

Table 4: CNVs with nominal significant association for BMI For each variant, the over-
lapping gene, the CNV type (deletion or duplication), the BMI-meta-analysis P-value,
Z-score and Direction of effect per study are shown. Directionality for the studies is given
in the following order: European, African America, East-Asian, T2D-genes Hispanics1
and South-Asian
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ija Klasić, and Vlatka Zoldoš. Repurposing the CRISPR-Cas9 system for targeted DNA

methylation. Nucleic Acids Res., 44(12):5615–5628, July 2016.

[393] Xingxing Xu, Yonghui Tao, Xiaobo Gao, Lei Zhang, Xufang Li, Weiguo Zou, Kangcheng

Ruan, Feng Wang, Guo-Liang Xu, and Ronggui Hu. A CRISPR-based approach for targeted

DNA demethylation. Cell Discov, 2:16009, 2016.

[394] Benjamin J Hindson, Kevin D Ness, Donald A Masquelier, Phillip Belgrader, Nicholas J

Heredia, Anthony J Makarewicz, Isaac J Bright, Michael Y Lucero, Amy L Hiddessen,

Tina C Legler, Tyler K Kitano, Michael R Hodel, Jonathan F Petersen, Paul W Wyatt, Erin R

Steenblock, Pallavi H Shah, Luc J Bousse, Camille B Troup, Jeffrey C Mellen, Dean K

Wittmann, Nicholas G Erndt, Thomas H Cauley, Ryan T Koehler, Austin P So, Simant Dube,

Klint A Rose, Luz Montesclaros, Shenglong Wang, David P Stumbo, Shawn P Hodges,

Steven Romine, Fred P Milanovich, Helen E White, John F Regan, George A Karlin-

Neumann, Christopher M Hindson, Serge Saxonov, and Bill W Colston. High-throughput

droplet digital PCR system for absolute quantitation of DNA copy number. Anal. Chem.,

83(22):8604–8610, November 2011.

[395] Erica Mazaika and Jason Homsy. Digital Droplet PCR: CNV Analysis and Other Applications.

Curr Protoc Hum Genet, 82:7.24.1–13, 2014.

329


	Abbreviations
	Acknowledgements
	Abstract
	Introduction
	T2D and global health
	Pathophysiology of T2D
	Clinical presentations
	Aetiology of T2D

	Genetics of T2D
	Heritability of T2D
	Genetic studies and T2D
	The role of coding vs non-coding variation in the genetic susceptibility of T2D and other disease traits
	Importance of GWAS data to highlight disease-relevant tissue which for T2D GWAS loci points towards pancreatic beta-cells

	Genome regulation and GWAS
	Challenges of defining causal GWAS variants
	Using Fine mapping to establish causal variants
	Functional methods to link disease regions to GWAS hits
	The contribution of rare strong effect size variants and copy number variants in disease

	Aims of this thesis

	General Methods
	Human islet tissue databank
	DNA extraction from human pancreatic islets for bisulphite processing and DNA methylation analysis
	Quality control (QC) of extracted DNA for bisulphite conversion

	DNA bisulphite conversion 
	Whole-genome bisulphite sequencing
	Illumina 450k array bisulphite conversion

	ATAC-seq
	CNV in vitro genotyping
	Genetic studies
	GWAS datasets
	Exome-sequencing and exome chip datasets for CNV calling
	Exome chip CNV samples

	Computational analysis
	FGWAS enrichment analysis
	Enrichment analysis of islet annotations
	Overlap analysis of genomic annotations and genetic variants
	Visualisation of genomic annotations and genetic variants
	Statistical analysis and figure generation


	DNA Methylation in human islets
	Introduction
	The regulatory role of DNA methylation
	Role of DNA methylation in T2D diabetes and islet function

	Methods
	Human pancreatic islets
	Generation of WGBS data
	Illumina 450k array analysis
	Annotating WGBS and 450k array methylation data and enrichment analysis across annotations

	Results
	Characterising the DNA methylation landscape of human pancreatic islets using WGBS and the 450k array
	CpG coverage of WGBS and the 450k array in GWAS regions
	Identification of islet regulatory regions using WGBS and their role in T2D and FG GWAS regions

	Discussion

	ATAC-seq in human islets
	Introduction
	Approaches to assay the open chromatin landscape of cells
	The role of chromatin regulation in islet development, islet function and T2D

	Methods
	Samples processed for ATAC-seq
	Sequencing of ATAC-seq samples
	Processing of reads
	Peak calling and read normalisation
	GWAS enrichment analysis of islet open chromatin peaks
	Identification of differentially open chromatin regions (DOCS) in BiPSCs and FiPSCs
	Regulatory chromatin state and TFBS information used for DOCS enrichment analysis
	Enrichment calculations for DOCS 
	Gene and Pathway analysis of DOCS
	In silico validation of DOCS

	Results
	Characterising the open chromatin landscape in human pancreatic islets using ATAC-seq
	Comparing the epigenomic landscape of beta-cell and fibroblast derived iPSCs

	Discussion
	Open chromatin landscape in human pancreatic islets


	Data Integration
	Introduction
	Interactions between epigenomic factors
	Integration of genomic annotation to understand islet function and T2D development

	Methods
	ChIP-seq data processing for ChromHMM 
	ChromHMM state predictions
	FGWAS enrichment analysis
	Comparing the influence of open chromatin and DNA methylation on GWAS enrichment
	Prioritising high posterior probability variants at significant loci for testing of allelic imbalance in open chromatin
	Allelic imbalance in open chromatin
	Determining overlap with TF motifs

	Results
	Integration of epigenomic factors to refine chromatin states
	Enrichment of chromatin states in T2D and FG GWAS regions
	Characterising the role of DNA methylation and ATAC-seq chromatin accessibility information in T2D GWAS regions
	Integrated epigenomic data facilitates identification of likely causal variants at T2D GWAS loci through allelic imbalance

	Discussion

	Coding CNVs and T2D
	Introduction
	The role of coding CNVs and PTV variants in T2D development
	Detection methods for CNVs

	Methods
	CNV calls derived from ExAC exome-sequencing data
	Detection of coding deletions from Exome chip array genotyping data

	Results
	Characterising the role of ExAC coding CNVs in T2D and obesity risk
	Testing rare coding WES CNVs for association with T2D and obesity
	Identification of deletions using the exome chip array

	Discussion

	General Discussion
	Appendices
	Additional Tables
	Bibliography

