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ABSTRACT 

Genetics is a major contributor to human disease. However, while association studies have 

identified thousands of disease-associated genetic variants, the mechanisms through which the 

variants contribute to disease are poorly characterized. This is largely because >90% of disease-

associated variants do not fall within protein coding regions of the genome, which makes 

identifying their functional impact difficult. To address this challenge, I developed a computational 

method that integrates evidence from genotype, gene expression, and chromatin interaction data 

to identify the genes that are regulated by disease-associated genetic variants, and the tissues in 

which the regulatory interactions are active. I analyzed 20,782 variants that are associated with 

1,351 human diseases and traits to reveal the genes they control. ~75% of the 16,248 gene 

regulatory interactions I identified have been missed in association studies because the genes are 

distant from their regulators in the linear DNA sequence. However, the three-dimensional 

structure of the genome brings the distant genes and their regulators close enough in space for 

regulatory interactions to occur. Unsupervised machine learning of spatially regulated genes 

identified disease clusters that are consistent with known multimorbid conditions. Further 

investigations revealed that the genes shared by phenotypes in a cluster are involved in the same 

biochemical pathways. These observations suggest that although multimorbid conditions may not 

have the same set of associated genetic variants, the variants affect common pathways that could 

explain the multimorbid conditions. Finally, I have demonstrated the application of this method 

to identify putative tissues and druggable genes that contribute to changes in blood metabolite 

levels. The novel SNP-gene associations identified in this thesis are a valuable resource for 

understanding the molecular mechanisms that guide pathologic metabolite levels in human tissues, 

and for further investigation into disease diagnosis, drug repurposing, and personalised therapy. 
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CHAPTER 1  

Introduction 
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1.1 Genes and disease 

In 1949, Linus Pauling and colleagues demonstrated that sickle cell anemia is a molecular 

disease1. This was the first time the molecular basis of a disease was unraveled. It was soon 

established that a substitution of an amino acid in the β-globin gene alters the structure of the 

hemoglobin protein complex in sickle cell disease patients and is inherited from parents 

through the DNA2. Since then, genetics have been shown to be a major contributor to many 

human diseases.  

Diseases are caused by variations in DNA including single nucleotide polymorphisms 

(SNPs), or larger structural variations such as copy number variations (CNVs), translocations 

or inversions3. A single DNA mutation in a single gene can lead to monogenic or Mendelian 

diseases such as sickle cell anemia. Rare chromosomal diseases (e.g. Down syndrome [trisomy 

21]) occur when whole chromosomes are either lost or duplicated. By contrast, most common 

diseases are the result of complex gene-gene or gene-environment interactions. These so-called 

complex diseases can be noncommunicable (e.g. diabetes or asthma) or communicable (e.g. 

malaria or tuberculosis)4,5. 

On a higher dimension, diseases interact with other diseases. An example of such disease-

disease interactions is multimorbidity—that is, the long-term co-existence of two or more 

disease conditions. Multimorbidity has become a global health challenge with ~28% of adult 

patients in New Zealand and other developed countries having multimorbid conditions6–8. 

Although multimorbidity is more common among the elderly, its prevalence is increasing in 

younger age groups9. People with rheumatoid arthritis for example, have an increased risk of 

premature death because they also have a higher risk of developing cardiovascular disease10. 

And up to 90% of cancer patients have multimorbidity involving diseases such as diabetes, 

and mental health issues11. The multimorbid nature of these diseases suggests that the disease 

conditions share common genetic and molecular mechanisms. 

Understanding the genetic mechanisms that underlie the development and progression of 

disease and multimorbidity is key to delivering better diagnostic and personalized therapy 

solutions. This requires more than the identification of disease-associated genetic variants: it 

requires resolving which genes or biological processes are affected by the genetic variations, 

including the organs and tissues involved, and the extent to which they are affected. 

Understanding the genetic mechanisms also requires determining when the genetic 
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interactions are triggered during the development process, and what triggers these interactions. 

This thesis is my attempt to untangle some of the genetic mechanisms in complex diseases by 

leveraging the latest technologies and current understanding in the field of spatial genetics and 

genomics. 

 

1.2 Are genetic architecture models 

oversimplified? 

A phenotype is an observable trait such as a disease or body height. (Phenotype, trait, and 

disease are used interchangeably in this work). The complete set of genetic influences that 

contribute to a phenotype can be described as the genetic architecture of that phenotype. 

These genetic contributions comprise the type, number, effect size, and population frequencies 

of genetic variants associated with the phenotype, as well as their interactions with each other 

and with the environment12. Thus, genetic architecture is not limited to the proportion of 

phenotypic variance that can be explained by genetic factors (i.e. heritability), but also the 

characteristics of those factors. 

Initially, a genetic disorder was classified as either Mendelian (monogenic) or complex 

(polygenic) if mutations in one or many genes account for the disorder, respectively (Figure 1-

1). This classification is problematic because genes that were thought to be causal for 

monogenic diseases do not always predict clinical outcomes (i.e. incomplete penetrance)13. 

Furthermore, advances in genotyping and larger samples have identified other ‘modifier’ loci 

that contribute to the expression of monogenic diseases. For example, there are reports of 

cystic fibrosis in patients with no CFTR dysfunction14. Notably, variants in the genes MBL2, 

HLAII, TNFA, TGFBI, NOSI, and MUCI all contribute to whether or not patients with CFTR 

dysfunction will present with cystic fibrosis15,16. Similar findings for other monogenic 

disorders17–20 suggest that the monogenic model, while useful in identifying rare but high 

impact mutations within primary casual genes, is insufficient to describe the complete genetic 

landscape of the disorders. Therefore, the question remains: are there truly monogenic 

disorders? Or will better technologies and or appropriate study designs show otherwise? 
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Figure 1-1 Proposed genetic architecture models for Mendelian and complex phenotypes 
The monogenic model posits that rare diseases are caused by a single variation in a single gene. These variations 
are rare (i.e. have low minor allele frequency, MAF) and have a large effect size. The oligogenic model accounts 
for the few secondary genetic loci with relatively smaller effect sizes that modify the effect of a monogenic 
disorder. Traits explained by both the monogenic and oligogenic models have little or no environmental 
interaction. The polygenic model states that complex diseases are caused by interactions between the environment 
and a large number of common (low MAF) genetic variations with very small effect sizes. The omnigenic model 
however hypothesizes that complex diseases are driven by a small number of core genes with relatively larger 
effects, which interact with a large number of peripheral genes that do not have direct impact on disease but have 
non-zero effects, nonetheless. 

 

The ambiguity resulting from the identification of modifier loci for different monogenic 

disorders gave rise to the oligogenic model, which seeks to explain the genetic contributions 

of modifier loci to phenotypes that were previously thought to be monogenic. The difference 

between the oligogenic and polygenic models is that while the former is primarily genetic and 

involves only a few different genetic loci, the latter is a complex interaction among many loci 

and the environment15. By this definition, cystic fibrosis16, spinal muscular atrophy21, and 

Huntington’s Disease19, etc. fit into the oligogenic model. The model of a disorder depends on 

the number of loci involved, the presence—and effect size—of a primary locus, and the extent 

of interaction with the environment (Figure 1-1).  

Recently, the omnigenic model22 was proposed for complex traits. For example, body 

height involves >100,000 variants in the genome, each of which contributes a very little effect 

(median effect size, 0.14 mm). These variants are found in most 100kb bins of the genome 

suggesting the involvement of a massive number of genes22. The omnigenic model proposes 
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that complex traits are driven by a highly interconnected network of both a small number of 

core genes and many peripheral genes (Figure 1-1). The core genes have direct biological 

implication with the trait and have the largest effects. Peripheral genes on the other hand are 

not directly implicated in the disease but have a non-zero effect on the phenotype through the 

network interactions. The challenge, however, is that some complex phenotypes (e.g. severe 

childhood syndromes) are associated with hundreds of core genes, which may contain variants 

that result in completely different phenotypes23–25. Thus, it is difficult to determine genotype-

phenotype mapping, and to delineate core and peripheral genes in the omnigenic model. 

None of the proposed genetic architecture models describes the complete features of 

human disease. This is due to several factors, one of which is imprecise phenotyping. For 

example, diabetes is usually categorized as type 1 or type 2 based primarily on whether or not 

it has an autoimmune etiology. However, several other sub-phenotypes of diabetes exist 

including maturity onset diabetes of the young (MODY), latent autoimmune diabetes in adults 

(LADA), gestational diabetes, neonatal diabetes mellitus (NDM), and mitochondrial diabetes 

mellitus26. One could propose that narrow sub-phenotyping based on clinical presentations 

will result in the characterization of a precise genetic architecture. But we also know that very 

different genotypes can give rise phenotypes that are clinically identical (i.e. heterogeneity) as 

seen for Duchenne’s and Becker muscular dystrophy27 or rare monogenic and polygenic 

obesity28. Collectively, these observations highlight the need for further investigation of the 

genetic architecture of diseases. 

 

1.3 Methods for determining the genetic 

architecture of phenotypes 

1.3.1 Linkage studies 

Linkage studies map chromosomal loci that co-segregate with a phenotype among related 

individuals or pedigrees. If the inheritance model (e.g. dominant or recessive) of a phenotype 

is known, a parametric linkage analysis is conducted. Parametric linkage analyses are suitable 

for monogenic and oligogenic disorders.  By contrast, non-parametric linkage analyses are used 
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to analyse complex traits and do not require any inheritance model specification27. Linkage 

studies are typically cheaper and less time-consuming than other methods. Linkage studies 

employ the candidate-gene approach, which depends on prior knowledge or assumptions on 

disease mechanisms. Candidate genes are selected because they are biologically relevant to the 

disease and are measurably affected by the variants they harbor. The prioritization of candidate 

genes has been improved by the use of advanced genomic technologies and in silico tools29,30. 

Variants within or near the candidate gene(s) are then tested for association with the phenotype 

among case and control groups. The candidate-gene approach has been successful in 

identifying genes associated with a few traits (e.g. ADHD31, fibromyalgia32, and cardiometabolic 

disease33). 

Linkage studies have drawbacks that are inherent in their design. Linkage studies rely on 

single genetic variants with high penetrance and require multigenerational pedigrees for the 

trait being studied26,34. This makes them generally less powerful in resolving complex traits with 

polygenic genetic architectures. However, meta-analyses of multiple linkage studies have 

proven useful for common complex disorders that include schizophrenia35 and Crohn’s 

Disease36. Linkage studies are also ineffective at identifying novel causal genes because they 

rely on a priori knowledge of gene-phenotype association. Possible confounders of linkage 

studies include locus heterogeneity (i.e. when distinct loci produce different phenotypes that 

are clinically indistinguishable), penetrance (i.e. the probability of observing a phenotype in 

individuals with a variant), mode of inheritance, and gene-gene interactions27. Furthermore, 

most of candidate-gene studies have not been reproducible37 possibly due to variations in study 

design38.  

1.3.2 Association Studies  

Genetic association studies typically adopt a case-control approach to identify genetic 

variants that are linked to a particular phenotype from a sample of a given population (Figure 

1-2). These studies are easier to conduct than linkage studies as familial relatedness and 

multigenerational pedigrees are not required. And since no prior knowledge of causal genes is 

required, association studies are excellent for de novo identification of disease-associated 

variants.  

Genome-wide association studies (GWAS) capture common variants with, minor allele 

frequency (MAF ≥ 5% or MAF ≥0.1% with deep imputation that are associated with a 
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specified phenotype within a population39. GWAS SNP arrays typically test some or all of the 

~3.1 million independent common SNPs (MAF ≥ 5%) that represent or tag the ~84.7 million 

SNPs in the human genome40. These tag SNPs are chosen based on linkage disequilibrium 

(LD) blocks or haplotypes in 270 individuals from four human populations (Yoruba in Ibadan, 

Nigeria; Europeans in Utah, USA; Han Chinese in Beijing, China; and Japanese in Tokyo, 

Japan)41,42. However, the ability of the tag SNPs to predict untyped SNPs varies. In African 

populations, for example, tag SNPs predict only 50% of untyped SNPs43,44. Transferability of 

tag SNPs across populations thus remains a challenge in GWAS. 

 

 
Figure 1-2 Genetic association studies 
A sample of a population is divided into those with the phenotype of interest (cases) and those who do not 
(controls). The frequency of alleles in both groups is determined using SNP arrays, exome sequencing or whole-
genome sequencing. Finally, a test for association (e.g. chi-square) is used to identify variants that are most 
associated (by p-value) with the case and not the control, or vice-versa. 
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Genome-wide exome sequencing (GWES) studies identify rare variants (MAF <0.1%) 

that are likely to affect protein function and may not be useful for common diseases as the 

exome represents only 1% of the genome25,45. Whole genome sequencing (WGS) studies can 

identify nearly all variants in the genome except for regions that are difficult to sequence (e.g. 

highly repetitive DNA sequences). WGS thus have the potential advantage of identifying rare 

causal variants with high impact on disease46. However, WGS are expensive and typically have 

small sample sizes. They also have low statistical power to detect SNPs because of the low 

frequency (MAF <0.1%) of most variants in the genome12.  

As of 2018, the GWAS Catalog (www.ebi.ac.uk/gwas), a database of curated genome-

wide associated studies contains 71,673 variants that have been identified as being associated 

with particular phenotypes in 5,687 studies in 3,567 publications47. GWAS traits include 

common diseases, measurable traits (e.g. metabolite levels), brain-imaging, social and 

behavioural phenotypes. However, connecting GWAS to the biology of phenotypes is not 

straightforward because 1) GWAS SNPs explain only a small proportion of the heritability of 

the phenotypes—the missing heritability problem48; and 2) ~93% of GWAS SNPs do not fall 

in coding regions of the genome39, making it difficult to identify the biological mechanisms 

that lead to phenotypic expression. 

Missing heritability in GWAS maybe explained by the fact that single GWAS are 

underpowered to detect more genetic variants due to their small sample sizes. It has been 

prohibitively expensive to conduct single studies with large sample sizes of hundreds of 

thousands, similar to  that which is currently represented by the UK Biobank49. This led to the 

popularity of meta-analyses of multiple independent studies, which have discovered or 

validated many phenotype-associated genetic variants50. Increasing sample sizes has identified 

more variants with smaller effect sizes and only a relatively few rare variants with large effect 

sizes for complex phenotypes including height51, Alzheimer’s disease52. However, it is unclear 

what sample size is sufficiently powered to detect all disease-associated variants as it remains 

possible that there is a saturation point at which more samples do not lead to the identification 

of more disease variants. Moreover, other factors such as epigenetics, gene-gene and gene-

environment interactions may explain the remainder of the heritability53. 

The popular use of the stringent significance threshold (5 x 10-8) in GWAS contributes to 

the missing heritability. This threshold is a Bonferroni correction for testing the one million 

tag SNPs commonly used in GWAS SNP arrays. However, most SNPs that contribute to 

complex phenotypes do not reach this threshold22,54. This is likely because the Bonferroni 

method for controlling familywise error rate (FWER) is conservative for positively correlated 
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tests. Alternative approaches for combining dependent tests (e.g. false discovery rate55 and the 

harmonic mean p-value56) could help identify more common disease-associated variants.  

Results from GWAS show that only 5% of the validated human disease associations are 

protein-coding variants57. This is consistent with the fact that >80% of the variants that affect 

protein-coding are rare58, and thus will be difficult to identify in array panels designed for 

common genetic variants. It is intuitive that protein-coding variants can cause alterations to 

protein structure or the non-production of proteins, which can result in a change in phenotypic 

expression as is the case in rare disorders. However, most complex disease variants are 

common (MAF >1%) and fall within noncoding regions of the genome, with enrichment in 

predicted gene regulatory regions39. This suggests that variants associated with complex 

diseases affect gene expression rather than protein function. In fact, 85% of human variations 

are associated with gene expression59.  

Initially, scientists expected disease-associated variants to affect the genes that harbor—

or are nearest to—them. However, this was shown to not always be the case. For example, 

obesity-associated variants within introns of the FTO gene do not affect FTO but are 

functionally associated with the homeobox gene IRX3, which is about a megabase away60. This 

phenomenon makes it difficult to identify the target genes of disease-associated variants and 

link them to their phenotypes. 

 

1.4 Application of GWAS: obesity and type 2 

diabetes 

Type 2 diabetes (T2D) is a metabolic disorder that comprises both genetic (heritability, h2 

= 30-70%61,62) and environmental (e.g. diet, physical activity) components63,64. It was estimated 

that 451 million adults had diabetes in 2017, with the number expected to increase to 693 

million by 204565. While ~50% of people living with diabetes are undiagnosed65, 90% of all 

diagnosed diabetes cases are T2D cases63. 

GWAS have identified over 400 signals (i.e. SNPs) at >150 loci as being associated with 

T2D in different populations66–68. Some T2D-associated variants are shared across 

populations—for example, the TCF7L2 variant rs7903146 has been associated with T2D in 

African66, Hispanic and Latino69, African-American70, Japanese71, and Indian72 populations. 
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Conversely, some T2D risk loci are population specific. For example, the p.Ala122Pro variant 

in the secretin receptor (SCTR) gene is associated with T2D in East Asians, but not in 

Europeans67. Population-specific risk loci suggest that the pathophysiology of T2D might be 

slightly different in various populations, and this may explain why certain populations (e.g.  

Asian populations) are more prone to T2D than Europeans with the same BMI or waist 

circumference67. 

Very few rare variants have been associated with T2D. For example, rare loss-of-function 

mutations in the peroxisome proliferator-activated receptor gamma (PPARG)73 and melatonin 

receptor 1B (MTNR1B)74 genes were found to be associated with T2D. Most of the variants 

that have been associated with T2D are common (MAF >5%), even when sample sizes are 

substantially increased and more low-frequency variants included68. This observation suggests 

that the genetic architecture of T2D is polygenic or omnigenic. 

Tissue-specific regulatory interactions involving insulin secretion and utilization were 

identified in the pancreatic islet, adipocytes, monocytes and hepatocytes when T2D-associated 

variants were stratified based on T2D-related quantitative trait associations68. These tissue-

specific interactions have given some insights into the biology of T2D. To maintain glucose 

homeostasis, a feedback loop exists which involves a crosstalk between insulin-producing 

pancreatic β cells and insulin-utilizing tissues including liver, skeletal muscles, and adipose (fat) 

tissue63,75. Insulin-sensitive tissues communicate their need for glucose, amino acids, and fatty 

acids to pancreatic β cells, stimulating them to release insulin, a hormone that facilitates the 

uptake of these molecules by the insulin-sensitive tissues (Figure 1-3). The exact mechanisms 

for this crosstalk are still unknown, but it is suspected that the brain and humoral system are 

involved75. When cells respond poorly to insulin (i.e. insulin resistance), pancreatic β cells 

secrete more insulin to maintain normal glucose tolerance. If pancreatic β cells are however 

unable to produce enough insulin, the consequent abnormal high glucose levels in the blood 

results in diabetes. 
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Figure 1-3 Cross-talk between the pancreas and insulin-sensitive tissues is central to glucose 
homeostasis 
Glucose availability in the blood determines the amount of insulin that is released by pancreatic β cells. Insulin 
suppresses glucose production in the liver while stimulating the skeletal muscle and adipose tissue to use glucose, 
amino acids, and fatty acids.  In the event that the insulin-sensitive tissues become insulin-resistant, β cells increase 
insulin production to maintain glucose homeostasis. If insulin resistance persists and β cells fail to meet the 
demand for insulin, blood glucose levels increase leading to impaired glucose tolerance. Increased and prolonged 
demand on β cells (coupled with lipotoxicity if obesity is present) increases β cell dysfunction and ultimately 
results in T2D. 

 

Insulin resistance is also common in people suffering from obesity, and is possibly the 

link between obesity and T2D76,77.  Although impaired insulin signaling has been observed in 

the pancreas, skeletal muscle and adipocytes of obese T2D patients78, there are certain 

adipocyte-specific defects that could explain the contribution of obesity to insulin resistance. 

For example, knocking out the glucose transporter (GLUT4) gene from adipose tissue in mice 

resulted in insulin resistance, while overexpression of GLUT4 in adipocytes improved the 

overall insulin sensitivity and glucose tolerance in diabetic mice77,79,80. The expression of the 

insulin receptor (IRS1) gene is reduced in the adipocytes (but not in skeletal muscles) from 

obese T2D patients resulting in decreased IRS1-dependent P13K activity81. Lastly, pancreatic 

islet β cells are sensitive to lipotoxicity82,83—a signature feature of obesity. Collectively, these 

observations explain why the risk for diabetes increases with obesity84,85. In fact, obesity was 

found to be the single most important predictor of diabetes in a 16-year longitudinal study 

involving ~85,000 women64.  

Susceptibility to obesity (measured as BMI) is strongly influenced by genetic factors, with 

heritability of 40-70% and 24-81% from twin studies and family studies, respectively86. Several 
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genes have been linked, through linkage studies, to monogenic forms of obesity including the 

leptin (LEP)87,88, leptin receptor (LEPR)87,88, proopiomelanocortin (POMC)89, proprotein 

convertase subtilisin/kexin type 1 (PCSK1)90, and melanocortin 4 receptor (MC4R)91 genes. 

The first GWAS locus—and with the largest effects yet—to be associated with common 

obesity is the first intron of the fat mass and obesity associated (FTO) gene92,93. Since then, at 

least 227 genetic loci  have been identified as being associated with obesity through GWAS94,95. 

These GWAS measured obesity by different anthropometric traits: BMI, waist-to-hip ratio, 

waist circumference, hip circumference, fat body mass, and visceral-to-subcutaneous adipose 

tissue ratio95. The obesity-associated loci are involved in different biological pathways including 

central nervous system, food signaling and digestion, adipocyte differentiation, insulin 

signaling, and lipid metabolism95. The biological pathways identified by analyzing obesity 

GWAS signals further suggest possible molecular connections with T2D and other metabolic 

disorders.  

Despite the strong association between T2D and obesity, most GWAS have been 

designed to study either trait, but not the two together. Among the 123 studies conducted on 

T2D from the GWAS Catalog47, only one meta-analysis96 included both T2D and measures of 

obesity (Figure1-4). 79 (64%) of the studies are on only T2D. Four (3%) studies on T2D and 

schizophrenia represent the highest number of multi-traits T2D-related GWAS (Figure 1-4). 

While single-trait studies are easier to design and less expensive, they miss the insights that 

might be gained by studying comorbid or multimorbid conditions together.   
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Figure 1-4 Summary of type 2 diabetes genome-wide association studies 
79 of the 123 curated T2D GWAS or GWAS meta-analyses in the GWAS Catalog47 (data accessed 19/07/2019) 
are on T2D alone. Only one study96 measured the common metrices of obesity (i.e. BMI and WHR) alongside 
Alzheimer’s disease, T2D, and cardiovascular risk factors. 1,159 distinct SNPs were associated with T2D from 
these studies. Traits include diagnosis of diseases or disorders, measurements of quantitative traits, or response 
to drugs. BMI—body mass index, CAD—coronary artery disease, HDL—high density lipoprotein cholesterol, 
LDL—low density lipoprotein cholesterol, T1D—type 1 diabetes, T2D—type 2 diabetes, WHR—waist-hip ratio.  
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1.5 Comorbidity and multimorbidity 

The terms “comorbidity” and “multimorbidity” are both used to describe the co-

occurrence of more than one chronic health conditions in an individual97. However, the two 

terms are have slightly different implications, and have recently been assigned as different 

Medical Subject Headings (MeSH)9,98. Comorbidity describes additional conditions in 

reference to a primary or index condition9,99 and may be the appropriate approach in specialist 

care. Multimorbidity does not give chronological order or priority to the co-occurring disease 

conditions9,99 and may be a useful in primary healthcare and research.  

The single-disease approach is however more popular than the multimorbidity approach 

in healthcare and research. In fact, health services and other research studies address 

comorbidity or multimorbidity by using either: 1) restrictive eligibility criteria100 to remove 

patients with multimorbid diseases from research studies; or 2) comorbidity summary 

measures (e.g. the Charlson Comorbidity Index100,101 and Elixhauser comorbidity measures102) 

to adjust for the effects of comorbidity. However, neglecting multimorbidity can lead to 

undesirable outcomes. For example, while oral corticosteroids are the standard treatment for 

a patient with chronic obstructive pulmonary disease (COPD), they are potentially harmful if 

the patient also has diabetes103. Therefore, the single-disease approach is suboptimal at best 

and damaging at worst for patients with multimorbid conditions. It is thus important that tools 

that measure multimorbidity (e.g. Chronic Disease Score (CDS)104,105 and medication-based 

Chronic Disease Score (medCDS)106) be incorporated into clinical practice and research. 

Multimorbidity is influenced by different factors including genetics, age, socioeconomic 

status, lifestyle, and access to healthcare systems9. However, it is possible for disease conditions 

to co-occur by chance. For example, if two independent conditions, A and B, affect 10% and 

4% of a given population respectively, then 0.4% (0.1*0.04) of the population would be 

expected to have both A and B by sheer chance. True multimorbidity of A and B thus must 

have a population proportion that departs significantly from the 0.4% estimate99. Selection bias 

can also lead to an inaccurate estimation of multimorbidity. It is a known fact that multimorbid 

conditions are observed more among patients that seek medical care—because they acquire a 

diagnosis—than the general population107. This selection bias can be avoided by using samples 

from the general population rather than only from patients who are actively seeking medical 

care99. Testing for chance and selection bias is therefore crucial to identify genuine 

multimorbidity. 
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Four models for true multimorbidity have been proposed99,108 (Figure 1-5): 1) the direct 

causation model, in which the presence of one disease causes another; 2) the associated risk 

factors model, in which diseases co-occur because their risk factors are associated; 3) the 

heterogeneity model, in which uncorrelated risk factors for different diseases are capable of 

causing the different diseases; and 4) the independence model, in which the diagnostic features 

of co-occurring disease conditions are due to a different disease. These models are non-

exclusive and describe the etiological relationships among multimorbid conditions. 

 

 
Figure 1-5 Models representing the etiological associations among multimorbid conditions 
a In the direct causation model, one disease causes another disease (e.g. diabetes and cataracts).  b The associated 
risk factors model describes when the risk factors for diseases are correlated. For example, the co-occurrence of 
COPD and liver cirrhosis is very likely because their risk factors (i.e. smoking and alcohol, respectively) are 
correlated.  c In the heterogeneity model, risk factors (e.g. age and smoking) for diseases (e.g. ischemic heart disease 
and lung cancer) are not correlated, but are each capable causing the different diseases.  d The independence 
model describes when the diagnostic features of co-occurring diseases are due to a distinct different disease. For 
example, the co-occurrence of hypertension and chronic tension headache might be as a result of 
pheochromocytoma. These models are adapted from Valderas et al.99. 
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1.6 Expression quantitative trait loci and gene 

regulation 

In 2001, Jansen and Nap introduced the concept of “genetical genomics”, an approach 

that integrates population level genetics and genome-wide profiles of intermediate molecular 

quantitative traits (e.g. expression, protein, and methylation levels) to understand the 

mechanisms of phenotypic variation109. Regions of the genome that are linked to changes in 

quantitative trait levels are called quantitative trait loci (QTLs). Therefore, QTLs that are 

mapped, through linkage or association, to changes at the transcript, isoform, and allele levels 

are termed expression quantitative trait loci (eQTLs)57. eQTLs are broadly classified as cis-

eQTLs if they affect the expression of proximal (usually <1Mb distance) genes, or trans-eQTLs 

if their target genes are more than 1Mb away or on different chromosomes. 

Evidence accumulated over two decades suggests that variations in phenotypes across 

different organisms including microorganisms, worms, insects, plants, and mammals are 

driven by changes in gene regulation110–114. The observed overlap between disease-associated 

SNPs (daSNPs) and eQTLs59,115 supports the hypothesis that disease-associated variants affect 

gene expression and protein levels, which consequently determine sub(phenotypic) expression 

(Figure 1-6). And while the heritability explained by phenotype-associated SNPs from GWAS 

are generally low48, human gene expression levels have a stronger heritability of ~25-30%116,117. 

Both cis-eQTLs and trans-eQTLs contribute comparably to gene expression heritability, while 

housekeeping and cis genes have a higher heritability (>50%) than tissue-specific and trans 

genes117. However, it is unclear whether eQTLs affect expression at the transcriptional (e.g. 

initiation, speed), co-transcriptional (e.g. splicing, 5’ capping), or post-transcriptional (e.g. 

antisense RNA-mediated degradation, non-sense mediated decay) level.  
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Figure 1-6 The role of eQTLs in disease 
The overlap of disease-associated SNPs and eQTLs suggests that the SNPs regulate the expression levels of their 
target genes. The overabundance or shortage of the encoded proteins impacts on relevant biological pathways 
resulting in differences in higher-order traits (sub-phenotypes) such as intermediate metabolites, which ultimately 
determine an individual’s risk to disease. 

 

 

A number of human eQTL databases exist including the Genotype-Tissue Expression 

(GTEx) project. The GTEx database, arguably the most comprehensive human tissue eQTL 

database, currently (07/06/2019) has eQTL analysis on 10,294 samples from 48 tissues of 620 

donors. The latest analysis published by GTEx59 reported cis-eQTLs for 50.3% of known 

protein-coding genes and 86.1% of autosomal long intergenic noncoding RNA (lincRNA) 

across 44 human tissues and cell lines. 41.2% of protein-coding genes and 24.8% of lincRNAs 

have >1 cis-eQTLs in at least one tissue. 17.4% of eQTLs have ≥twofold effects on gene 

expression. Variants upstream of genes and those at canonical splice sites have stronger effect 

sizes than variants at the 3’ UTR and those within transcripts59. eQTLs have stronger effects 

on genes that are expressed across many tissues than on genes that expressed in a tissue-

specific manner. Finally, the GTEx analysis revealed that trans-eQTLs are not enriched in 

protein-coding sequences59.  

Most eQTL analysis consider only cis-eQTLs, which are typically within ±0.5–1.0 Mb from 

genes. This is based on the assumption that regulatory elements are close to the promoters of 

their target genes in the linear DNA. The effect of trans-eQTLs on the other hand is difficult 

to establish because of low statistical detection power due to usual small sample sizes, small 

effect sizes, or the large number of hypotheses to be tested. In GTEx, for example, the 

significance threshold for ten cis-eQTLs within ±100 kb distance from genes is 2.5 x 10-7, 

calculated as the Bonferroni correction of 200,000 hypotheses. The trans-eQTL significance 

threshold is 5.0 x 10-13, which is a Bonferroni correction of 20,000 SNPs tested against 5 million 
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genome-wide loci118. It is therefore not surprising that only 673 trans-eQTLs (compared to 

152,869 cis-eQTLs) were identified in GTEx v759. But while the conservative threshold for 

trans-eQTLs is aimed at reducing false positives (type I errors), it also risks missing true trans-

eQTLs (i.e. type II errors).  

Failure to identify true trans-eQTLs is problematic because they contribute, as much as 

cis-eQTLs, to the heritability of gene expression117. One way to identify more trans-eQTLs is 

to conduct studies that have large enough sample sizes to detect trans-eQTLs. This is difficult 

as it requires huge financial and human resources, and decades of work. Another reasonable 

approach to identify trans-eQTLs would be to incorporate known mechanisms through which 

eQTLs exert their regulatory actions into existing eQTL studies. For example, establishing 

whether eQTLs function through intermediary agents (e.g. transcription factors) or via 

enhancer-promoter-like chromatin interactions would reduce the number of hypotheses to 

test.  

 

1.7 The three-dimensional genome 

In 2016, evidence indicated that the three-dimensional genome (3D genome) organisation 

may be a medium through which disease-associated variants regulate the expression of their 

target genes119–121. These studies use proximity ligation based methods such as Hi-C122 (Figure 

1-7). For example, mapping of the genome structure revealed increased frequency of 

chromatin contacts in the region spanning FTO and IRX3, and IRX5 123. This finding indicates 

that chromatin interactions contribute to the FTO intronic SNP rs1421085 regulation of IRX3 

and IRX5 expression, which are 0.5 Mb and 1 Mb away respectively60,123. It is therefore 

important to further investigate the relationship between eQTLs and the 3D genome. 
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Figure 1-7 The Hi-C method 
The protocol (Lieberman-Aiden et al., 2009) enables the unbiased identification of chromatin interaction across 
the entire genome. Formaldehyde is used to crosslink DNA in the nucleus, followed by digestion of DNA at sites 
(grey dotted lines) of a restriction enzyme (e.g. HindIII or MboI) to yield fragments with 5′- sticky ends. Sticky 
ends are then filled with nucleotide sequences that include a biotinylated residue (black dot). The resulting blunt-
end fragments are ligated under extremely dilute conditions. Purification and shearing of the ligated fragments 
are followed by isolation of biotinylated junctions using streptavidin beads. Finally, a catalog of interacting 
fragments is produced by paired-end sequencing, which can be visualised as genome-wide heatmaps. 

 

  

Genomic maps from earlier studies indicated that the mammalian genome is a hierarchical 

three-dimensional structure124,125. At the highest level, chromosomes are located in distinct 

subnuclear territories and segregate into a mostly gene-rich, accessible, transcriptionally active 

(euchromatin) compartment A in the nuclear interior, and a mostly gene-poor, inaccessible 

(heterochromatin) compartment B at the nuclear periphery126 (Figure 1-8). The compartments 

are comprised of topologically associating domains (TADs), which are highly self-interacting 

chromatin (i.e. linear DNA wrapped around histone proteins) regions of between 0.2 to 1 Mb 

(megabase or million bases)127. However, the hierarchical model of the 3D genome is imprecise 

because it is informed by Hi-C maps that 1) have a relatively low coverage (~10 million paired 

reads) and hence a low resolution of 1 Mb; and 2) are generated from of a population of cells 

and thus missing cell-specific information126,127.  

Reductions in sequencing costs have improved Hi-C coverage to 200-300 million paired 

reads, thus allowing map resolutions of up to 4 kilobase (Kb)128. Furthermore, it is now 

possible to perform high resolution imaging (e.g. fluorescence in situ hybridisation, FISH) of 

genome organisation in single cells129. Taking advantage of these technological advancements, 

recent studies suggest that the organisation of the 3D genome is not hierarchical. Specifically, 

compartments and TADs are separate dimensions of genome organisation that are driven by 

different mechanisms127. Formation of compartments may be driven by the affinity of 

heterochromatin to the nuclear lamina and the preferential co-segregation of heterochromatic 

regions with similar histone marks i.e. phase separation130. TAD formation on the other hand, 
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is tightly linked to the action of architectural or insulator proteins including cohesin, 

condensin, CCCTC-binding factor (CTCF), YY1, TOPIIB, NIPBL (cohesion-loading factor), 

WAPL (cohesion-release factor), and RNA polymerase III-associated factor (TFIIIC)131,132. 

These proteins facilitate the looping of chromatin within TADs to enable frequent interactions 

of distant loci in the linear genome. Compartments are generally smaller than thought—

sometimes as small as one active or inactive locus133—thus making it possible for a TAD to 

span or encompass active and inactive compartments (Figure 1-8). 

 

 
Figure 1-8 Organization of the mammalian genome at different resolutions 
Each chromosome occupies in its own territory in the nucleus. At the chromosomal scale, chromatin tend to 
segregate into an active, gene-rich compartment A located at the nucleus center, and a repressed, gene-poor 
compartment B at the nuclear periphery. Topologically associating domains (TADs) are formed when a cohesin 
ring loads onto and extrudes chromatin, thus creating a loop, until it meets convergent CTCF binding sites (red 
arrows). Chromatin loops are represented as strong peaks of interactions (1) in Hi-C maps between TAD borders. 
High resolution Hi-C maps show that TADS comprise chromatin with alternating active and repressed states. 
However, these states are often insulated from each other at transcription start sites (2)126,127.  
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Among the different models that have been proposed to explain TAD formation, the 

loop extrusion model best explains our current understanding of the 3D genome134. During 

interphase, a chromatin loop is formed when a cohesin, a ring-like protein complex comprising 

structural maintenance of chromosomes (SMC) proteins SMC1, SMC3, and RAD21, is loaded 

on a chromatin fibre by the nipped-B-like (NIPBL) protein127. It has been proposed that the 

cohesin ring is moved along the chromatin through any of the following: 1) a transcription-

induced supercoiling initiated by RNA polymerase and DNA topoisomerase TOP1135; 2) 

cohesin diffusion gradient caused by a constant loading cohesin136; or 3) the ATP hydrolysis 

induced motor activity of cohesin137. The continuous sliding of the cohesin ring extrudes the 

chromatin forming a loop until the cohesin ring is unloaded by the wings apart-like (WAPL) 

protein or when it arrives at TAD boundaries, which are marked by convergent head-to-head 

CTCF binding sites127.  

There is no consensus on the extent to which cohesin and CTCF are necessary for TAD 

formation. Firstly, 5-25% of TAD boundaries do not have CTCF-binding sites131,138. 

Furthermore, TADs were observed in both cohesin-depleted and wild-type mammalian cells. 

But while TAD boundaries were positioned at CTCF sites in wild-type cells, they were 

randomly positioned in cohesin-depleted cells129. Similarly, the loss of both cohesin and CTCF 

did not disrupt the active and inactive compartmentalisation of the genome139,140. Altogether, 

these observations suggest that cohesin, probably alongside CTCF, is needed for the proper 

positioning of TAD boundaries and not for TAD formation or genome compartmentalisation. 

The non-CTCF associated TAD formation could be explained by other loop extrusion 

mechanisms such as replication141 or genome compartmentalisation139.  

The 3D genome brings distant regions in the linear genome or on different chromosomes 

close enough in space to physically interact with each other. These spatiotemporal interactions 

are not only non-random, they are also functional, and conserved across developmental stages 

and species142–144. Chromatin loops are important for gene regulation because they bring 

enhancer-bound transcription factors, the mediator complex and RNA polymerase to the core 

promoters of their active target genes145. These transcription chromatin loops seem to be 

transient and cell specific as recently observed in single cell Hi-C experiments129 whereas 

chromatin loops that define TAD boundaries are relatively stable and conserved across cell 

types5. Furthermore, genes within TADs are co-regulated. This is likely because the gene 

promoters are accessible to the same set of regulatory elements within a TAD, and insulator 

proteins at the TAD boundaries restrict the regulatory elements from affecting genes that are 

outside of the TAD. It has been sufficiently demonstrated that the disruption of TAD 
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boundaries allows inter-TAD contacts between regulatory elements and genes, which results 

in gene and phenotypic misexpression such as disease conditions146,147. The organisation of the 

3D genome is thus an important factor in gene dysregulation and disease development. 

 

1.8 Summary 

Most human diseases they have a genetic component and are therefore heritable. Some 

of these diseases tend to be comorbid or multimorbid, suggesting that they may share the same 

genetic component. The evidence indicates that disease develops when genetic variants directly 

or indirectly affect the normal expression of genes in relevant tissues and organs. Furthermore, 

the organisation of the 3D genome in the nucleus seems to play a role in gene regulation. The 

characteristics of a disease is determined by interactions among its genetic components and 

the environment. However, the genetic architecture and mechanisms that underlie disease 

development and co-occurrence are poorly characterised. A systems-based discovery approach 

that integrates information from disease-associated variations, multi-tissue eQTLs, and 3D 

genome organisation could explicate the genetic mechanisms that drive human disease and 

may potentially lead to better prognosis, efficient diagnosis, and personalised therapy.  
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1.9 Aim and Objectives 

The aim of this thesis is to describe the genetic mechanisms of complex diseases in humans 

by identifying the target genes of disease-associated genetic variants and the tissues in which these 

regulatory interactions are active. 

 

1.9.1 Specific objectives 

The aim will be achieved through the following specific objectives: 

1. To identify genes that are regulated by disease-associated variants via chromatin looping 

by integrating publicly available human cell Hi-C libraries128 and multi-tissue eQTL 

datasets148. 

2.  To use this discovery-based approach to elucidate the molecular mechanisms that 

underpin comorbidity and multimorbidity. 

3. To identify the regulatory interactions and tissues that contribute to changes in blood 

metabolite levels. 
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CHAPTER 2  

Chromatin Interactions and Expression 

Quantitative Trait Loci Reveal Genetic Drivers 

of Multimorbidities 

 

 

 

 

 

 
This chapter has been published: 

 

Fadason T., Schierding, W.S., Lumley, T., and O’Sullivan, J.M.  

Chromatin interactions and expression quantitative trait loci reveal genetic drivers of 

multimorbidities. Nature Communications (2018)
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2.1 Background 

The rising incidences of complex diseases and their accompanying cost burdens99,149 are 

driving a shift in disease research and management from the single-disease to a broader paradigm 

that accommodates a patient’s overall health99,150. At the same time, there is great expectation that 

personalised medicine will aid in delivering medical care that is more suitable to the individual. 

Completing this paradigm shift requires many advances including a greater understanding of the 

genetic aetiology of the observed multimorbidities, which remain largely unknown151. The 

importance of understanding the genetic aetiology of multimorbidity is further compounded by 

the fact that almost 90% of single-nucleotide polymorphisms (SNPs)—a major source of shared 

heritability of polygenic disorders—do not fall within coding regions of the genome152. 

Cross-phenotype genetic studies have been conducted on a small number of complex traits 

(the largest one studied 42 traits153) with known associations using methods that included 

systematic reviews33, LD (linkage disequilibrium) score regression154,155, polygenic risk scores156, 

Probabilistic Identification of Causal SNPs157 and Bayesian colocalisation tests153 on Genome Wide 

Association Study (GWAS) summary or molecular data. These studies33,153,154,156,157 typically use 

SNPs, or the genes that are nearest to—or in LD with—the SNPs as the putative genetic drivers 

of cross-phenotype associations. These approaches are limiting as evidence increasingly shows that 

gene regulatory elements (e.g. enhancers) can impact distant genes more strongly than the genes 

harbouring, or closest to, them as a result of physical interactions with distal chromatin regions 

within the 3D organization of the genome119,123,158–162. 

In this study, we undertook a discovery-based approach to identify genes that are spatially 

associated with eQTLs from phenotype-associated SNPs for all human traits within the GWAS 

Catalog. We then used a convex biclustering algorithm to identify multimorbidities by clustering 

the traits according to shared target genes. Lastly, I demonstrated the utility of this approach in 

understanding the common genetic aetiology of multimorbid traits. 
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2.2 Methods 

2.1.1 Data and reference files 

The genetic variants used in this study were Single Nucleotide Polymorphisms  (SNPs) from 

all traits in the GWAS Catalog (www.ebi.ac.uk/gwas; v1.0.1, downloaded on 25/08/2016)  with 

p-values < 5 x10-6. We defined a phenotype as the trait associated with a SNP in the GWAS 

Catalog. A composite phenotype was created when more than one trait is associated with a SNP 

in a single study. Genomic positions of SNPs were obtained from the human hg19 genome build 

chromosome bed files downloaded from the NCBI (see Data Availability). We used the 

GENCODE transcript model (see Data Availability) as the reference for gene annotations. The 

GENCODE transcript model is also used in GTEx. All isoforms of a gene were collapsed into a 

single composite gene region. The human genome reference used in this study is the hg19 

(GRChr37) build of the human genome release 75 (see Data Availability). 

2.1.2 Identification of spatial SNP-Gene pairs 

Rao et al. (2014) have previously prepared high resolution Hi-C chromatin interaction libraries 

of the seven cell lines (i.e. GM12878, HMEC, HUVEC, IMR90, K562, KBM7 and NHEK) used 

in this study. In summary, they used an in-house pipeline that included BWA alignment of paired 

end reads against the hg19 build of the human genome. They then filtered out ambiguous 

alignments, difficult to align read pairs, and duplicates. We downloaded the cleaned mapping 

locations of Hi-C read pairs (i.e. HIC*_merged_nodups.txt files) from Gene Expression Omnibus 

(GEO accession number = GSE63525, *Table 1-1) using the download_default_data module in 

CoDeS3D (see schematic diagram in Box 2-1). The required data format is such that the rows in 

the interaction file describe the alignment of both read pairs (i.e. 1 and 2) with the following 

columns: read name, strand1, chromosome1, position1, fragment1, strand2, chromosome2, 

position2, fragment2. CoDeS3D works with any Hi-C pipeline that can generate interaction files 

in the required data format (e.g. HOMER, Juicer). 

 

http://www.ebi.ac.uk/
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Table 2-1 Hi-C cell lines used in this study 
Cell line GEO IDs of replicate samples 

GM12878 GSM1551552, GSM1551553, GSM1551554, GSM1551555, GSM1551556, GSM1551557, 

GSM1551558, GSM1551559, GSM1551560, GSM1551561, GSM1551562, GSM1551563, 

GSM1551564, GSM1551565, GSM1551566, GSM1551567, GSM1551568, GSM1551569, 

GSM1551570, GSM1551571, GSM1551572, GSM1551573, GSM1551574 

HMEC GSM1551607,GSM1551608, GSM1551609, GSM1551610, GSM1551611, GSM1551612, 

HUVEC GSM1551629, GSM1551630, GSM1551631 

IMR90 GSM1551599, GSM1551600, GSM1551601, GSM1551602, GSM1551603, GSM1551604, 

GSM1551605 

K562 GSM1551618, GSM1551619, GSM1551620, GSM1551621, GSM1551622,GSM1551623 

KBM7 GSM1551624, GSM1551625, GSM1551626, GSM1551627, GSM1551628 

NHEK GSM1551614, GSM1551615, GSM1551616 

 

Box 2-1 The CoDeS3D Pipeline 
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The hg19 human genome sequence was digested with the same restriction enzyme employed 

in preparing the Hi-C libraries (i.e. MboI) using the Restriction package of Biopython in the 

digest_genome module of CoDeS3D. The genome digestion produced a table of DNA fragments, 

which is queried by the process_inputs and find_interactions modules of CoDeS3D to identify the 

fragments harbouring SNPs, and their paired fragments. Next, CoDeS3D. find_genes was used 

with the intersect command in pybedtools to identify paired fragments that overlap with a 

composite gene region within the reference genome (Fig. 1a). There was no binning or padding 

around restriction fragments to obtain gene overlap. Genes within, or overlapping, restriction 

fragments, which are in contact with fragments containing the daSNPs were identified as spatial 

pairs to the SNP-containing fragments.  
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2.1.3 Identification of spatial eQTL-eGene pairs 

The resulting spatial SNP-gene pairs were then used to query the GTEx database 

(www.gtexportal.org, multi-tissue eQTLs analysis v4) to identify eQTL-eGene pairs (i.e. SNPs 

that are associated with a change in the expression genes in at least one tissue). The Test Your 

Own API on the GTEx portal allows for the analysis of both cis and trans eQTL associations. 

Spatial SNP-gene pairs that have no eQTL association are excluded from the subsequent steps, 

which include multiple testing. The false discovery rate of the eQTL associations p-values were 

adjusted using the Benjamini–Hochberg procedure, and associations with adjusted p-values < 

0.05 were deemed spatial eQTL-eGene pairs. 

2.1.4 Construction of phenotype matrices 

A m x n matrix of ai,j was constructed, where m and n are the same set of phenotypes and 

a is the proportion of eGenes in phenotype i that are common with phenotype j. I defined a 

phenotype as the trait associated with a SNP in the GWAS Catalog. Sometimes more than one 

trait is associated with a SNP in a single study, in that case we created a composite phenotype 

of the traits. The pairwise ratio of common eGenes between phenotype i and phenotype j was 

calculated as the number of their common genes divided by the total number of eGenes 

associated with phenotype i,  

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖  = 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖 ∩ 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑗𝑗 
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖 

   

 

A similar matrix of pairwise eQTL ratios was also constructed. 

 

To control for the eGene matrix, I pooled together all 7,917 eGenes and randomly 

assigned them to phenotypes so that each phenotype in the control matrix had the same 

number of eGenes as its corresponding phenotype in the eGene matrix. The pairwise ratios 

of common eGenes among the phenotypes were calculated as done in the eGene matrix. 1000 

different null datasets were constructed in this manner and the mean matrix was calculated. 
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2.1.5 Convex biclustering of phenotypes 

To group phenotypes based on the eGenes they share, I selected only phenotypes that 

have ≥ 4 eGenes in common. I used the cvxbuclustr R package, a convex biclustering 

algorithm that simultaneously groups observations and features of high-dimensional data163 

(see Box 2-2 for details). A combined Gaussian kernel with k-nearest neighbour weights of the 

phenotype eGene ratios matrix was constructed. A biclustering solution path of 100 equally 

spaced γ parameters from 100 to 103 was initialised and a validation using the cobra_validate 

function was performed to select a regularization parameter γ, on which the biclustering 

models would be based. The biclust_smooth function was used to generate a bicluster heatmap 

of data smoothed at the model with the minimum validation error (Uγ*). 

 

 

 

 

 

 

 

 

 

 

 

2.1.6 Multimorbidity Analysis 

To identify eGenes that are central to phenotype biclusters, an eGene commonality index 

was calculated for each eGene in the cluster. I defined the commonality index of an eGene as 

the ratio of phenotypes in a cluster that are associated with that eGene. Mapping of eQTL-

eGene interactions and their effects in the fat metabolism cluster was based on GTEX v7 

multi-tissue analysis and hg19 genome assembly respectively. The linkage disequilibrium 

analysis of eQTLs in the FADS region was done on European (CEU) population data obtained 

Box 2-2 Convex Biclustering 
Convex biclustering163 is a clustering algorithm that simultaneously classifies observations 

(columns) and features (rows) in a data matrix. This identifies subgroups—and thus patterns—in 
both observations and features without giving either dimensions preference. Some biclustering 
approaches (e.g. the clustered dendrogram) have been used to identify subtypes of cancers, for 
example. However, reproducibility has been a major challenge with these approaches because they 
a) may return a biclustering that is only locally and not globally optimised; and b) are sensitive to 
small perturbations in the data. The convex biclustering algorithm overcomes these limitations by 
a) generating a unique global minimiser that always maps data to a single biclustering assignment; 
b) controlling the number of biclusters with a single tuning parameter; and c) selecting the tuning 
parameter using a principled data adaptive procedure that solves a convex matrix completion 
problem. 
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from LDLink 3.0 (https://analysistools.nci.nih.gov/LDlink/)164. Visualization of Hi-C, 

H3K4me1, H3K27ac, DNase and Pol2 data in the GM12878 cell line was done with HiGlass 

(www.higlass.io)165. 

2.1.7 OMIM Analysis 

The ‘genemap2’ data was obtained from the OMIM database (www.omim.org, accessed 

11/08/2017). Spatial eGenes that are included in the OMIM database were analysed for gene-

phenotype mapping methods and compared with the OMIM genes. OMIM’s phenotype-gene 

mapping methods are numbered thus: 1) Gene has unknown underlying defect but is 

associated with the disorder. 2) Disorder is mapped to gene based on linkage but mutation in 

gene has not been found. 3) A mutation in the gene has been identified as the basis of the 

mapped disorder. 4) Disorder is caused by deletion or duplication of contiguous genes.  

2.1.8 URLs 

For GWAS Catalog, see https://www.ebi.ac.uk/gwas/.  

For GTEx portal, see https://www.gtexportal.org/home/.  

For LDLink 3.0, see https://analysistools.nci.nih.gov/LDlink/. 

For HiGlass, see higlass.io. 

2.1.9 Code availability 

CoDeS3D pipeline is available at https://github.com/alcamerone/codes3d (doi: 

10.5281/zenodo.1478239). The cvxbiclustr R package version 0.0.1 was used for convex 

biclustering. All Python and R scripts used for data curation, analysis, and visualisation are 

available at https://github.com/Genome3d/multimorbidity-atlas (doi: 

10.5281/zenodo.1479964). R version 3.3.1 and RStudio version Version 1.0.143 was used for 

all R scripts. All python scripts are based on Python 3.6.6 except for CoDeS3D, which is based 

on Python 2.7. 

https://analysistools.nci.nih.gov/LDlink/
http://www.higlass.io/
https://www.ebi.ac.uk/gwas/
https://www.gtexportal.org/home/
https://analysistools.nci.nih.gov/LDlink/
https://github.com/alcamerone/codes3d
https://github.com/Genome3d/multimorbidity-atlas
https://doi.org/10.5281/zenodo.1479964
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2.1.10 Data availability 

The dataset generated by the CoDeS3D pipeline that support the findings in this study 

are available in figshare with the identifier doi: 10.17608/k6.auckland.6459728.v1. 

Supplementary Data 2-1 is available in figshare with the identifier doi: 

10.17608/k6.auckland.7295681. Supplementary Data 2-2 is available in figshare with the 

identifier doi: 10.17608/k6.auckland.7308455. Supplementary Data 2-3 is available in figshare 

with the identifier doi: 10.17608/k6.auckland.7295687. Supplementary Data 2-4 is available is 

available in figshare with the identifier doi: 10.17608/k6.auckland.7295702. Supplementary 

Data 2-5 is available in figshare with the identifier doi: 10.17608/k6.auckland.7295711. 

Supplementary Data 2-6 is available in figshare with the identifier doi: 

10.17608/k6.auckland.7295843. Source data underlying all Figures are provided as a data 

source at figshare (doi: 10.17608/k6.auckland.7308944) and are also referenced in the 

visualization.Rmd R Markdown file in the Github repository 

(https://github.com/Genome3d/multimorbidity-atlas/). The GWAS Catalog associations 

(version 1.0.1) data are available at https://www.ebi.ac.uk/gwas/docs/file-downloads. The 

Hi-C data (Rao et al., 2014) that support the findings in this study are available from GEO with 

accession number, GSE63525. Accession numbers of cell replicates are given in Table 1-1. 

Human genome build hg19 (GRChr37) was downloaded from ftp.ensembl.org/pub/release-

75/fasta/homo_sapiens/. SNP annotations (human genome, build hg19) were obtained from 

ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13. Gene annotations 

(Transcript model from GENCODE) were downloaded from 

http://www.gtexportal.org/static/ 

datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model. patched_contigs.gtf.gz  

 

2.2 Results 

2.2.1 GWAS SNPs mark spatial regulatory regions 

Disease-associated SNPs often mark gene enhancers, silencers, and insulators166,167. We 

set out to identify the genes whose transcript levels are associated with regulatory regions 

https://doi.org/10.17608/k6.auckland.6459728.v1
https://doi.org/10.17608/k6.auckland.7295681
https://doi.org/10.17608/k6.auckland.7308455
https://doi.org/10.17608/k6.auckland.7295687
https://doi.org/10.17608/k6.auckland.7295702
https://doi.org/10.17608/k6.auckland.7295711
https://doi.org/10.17608/k6.auckland.7295843
https://doi.org/10.17608/k6.auckland.7308944
https://www.ebi.ac.uk/gwas/docs/file-downloads
ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13
http://www.gtexportal.org/static/%20datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.%20patched_contigs.gtf.gz
http://www.gtexportal.org/static/%20datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.%20patched_contigs.gtf.gz
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marked by disease- and phenotype-associated SNPs (daSNPs). We downloaded 20,782 

daSNPs (p<5 x 10-6) from the GWAS Catalog (www.ebi.ac.uk/gwas/). The CoDeS3D 

pipeline159 was used to interrogate Hi-C chromatin interaction libraries128 (see Methods) to 

identify genes that are captured as physically interacting with the GWAS SNP-labelled regions 

(Figure 2-1a) within nuclei from one or more of seven cell lines (GM12878, HMEC, HUVEC, 

IMR90, K562, KBM7 and NHEK)128. The resulting 1,183,037 spatial SNP-gene pairs were 

used to query the GTEx database (www.gtexportal.org, multi-tissue eQTLs analysis v4) to 

identify spatial eQTL-eGene pairs, out of which only 16,248 SNP-gene pairs had significant 

(FDR ≤ 0.05) eQTL associations. Spatial SNP-gene pairs with evidence of interaction in >1 

cell lines or >1 replicates in a single cell line are significantly more enriched (two-proportions 

Z-test, p-value < 2.2 x 10-16) for eQTL associations than pairs with only one interaction in one 

replicate of a cell line (Figure 2-1b). 

 

 

http://www.ebi.ac.uk/gwas/
http://www.gtexportal.org/
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Figure 2-1 Integration of interaction data identifies distant target genes of GWAS SNPs 
A spatial SNP-gene pair is defined as interaction(s), in more than one cell line, between the fragment harbouring 
the SNP and any fragment(s) in the region spanning the gene. In the cartoon example in a there are two unique 
fragment interactions between the SNP and gene fragments. One interaction is captured in only one replicate, 
R1, of cell line, CL1. The second interaction is captured in two replicates, R1 and R2, of cell line CL1, and one 
replicate, R1, of cell line CL2. Thus, the SNP-gene pair has a total of two fragment interactions, and four 
supporting interactions. b Genome-wide SNP–gene pairs with ≥1 supporting interaction are enriched (two-
proportions Z-test p-value < 2.2 × 10 −16) for eQTL association. c Integration of spatial data enabled the 
identification of genome-wide eQTL-eGene pairs that were missed by GWA studies, which typically used linear 
proximity to identify the target gene. It is notable that the identification of eQTL-eGene pairs extended to tissue-
specific effects. d The majority of eQTL associations on chromosome 22 are identifiable by incorporating spatial 
information (i.e. Hi-C interaction data). Calculation of eQTLs using GTEx alone identified 866 GTEx-only 
associations. By contrast, CoDeS3D identified 1001 associations that had a spatial component. e Integration of 
spatial data allows for detection of distal eQTL associations on chromosome 22. ND not determinable. f The 
mean eQTL normalised effect size (NES) of the 1001 spatial eQTL informed associations, on Chr. 22, is 
significantly different from the mean eQTL effect size of the 866 associations from only GTEx. Centre line, 
bounds of box, and whiskers of boxplots represent the median, 2nd and 3rd quartile, and minimum and maximum 
values, respectively. 
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A total of 7,776 (~38.4%) of the GWAS SNPs analysed were associated with a change in 

the expression (i.e. eQTLs) of 7,917 eGenes at an FDR ≤ 0.05 (Benjamini Hotchberg159) , for 

a total of 16,248 distinct spatial eQTL-eGene pairs (76,013 interactions in different tissues). 

daSNPs with significant eQTLs are distributed (range = 86–764) across chromosomes 1-22. 

The distributions of daSNPs and spatial eQTLs correlate (Pearson’s r, 0.86 and 0.74 

respectively) with the sizes of the chromosomes, with Chromosomes 1 and 21 having the most 

and least spatial eQTLs respectively (Figure 2-2a). Similarly, the number of spatial eGenes on 

chromosomes correlated (Pearson’s r = 0.86) with the number of genes per chromosome 

(Figure 2-2b). Notably, none of the 182 daSNPs on chromosome X was identified as having 

significant spatial eQTL effects with any gene (Figure 2-2b). However, expression of 41 genes 

on the X chromosome is associated with spatial eQTLs from other chromosomes (Figure 2-

2b and d). The underrepresentation of GWAS SNPs and spatial eQTLs on the X chromosome 

can be explained by the exclusion of X-linked genetic variants from GTEx and two-thirds of 

GWAS148,168. As none of the databases referenced here have Y or mitochondrial data, there are 

also no SNPs nor spatial eGenes identified on those chromosomes. 
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Figure 2-2 Distribution of spatial eQTL interactions 
a Correlation between chromosome size with number of SNPs (n = 20,782) and eQTLs (n = 7,776). b Correlation 
between number of eGenes on chromosomes and the total number of genes on chromosomes. c Manhattan plot 
showing the eQTL p-values (GTEx v4) of significant (FDR ≤ 0.05) GWAS-mapped eQTL-eGene interactions 
in tissues. d Manhattan plot of significant eQTL-eGene interactions that are not mapped in the GWAS Catalog. 
We considered an interaction as novel if the eGene is not distinctly mentioned in the ‘MAPPED_GENE’ column 
of a SNP association in the GWAS Catalog (v1.0.1). For c and d; X axis tick marks are organized sequentially 
from 1-22, followed by the X chromosome. The Y chromosome is not represented on c or d. 

 

 

Only 24.3% of the spatial eQTL-eGene pairs matched the SNP-gene mapping in the 

GWAS Catalogue (Figure 2-1c). 13,240 (75.7%) spatial eQTL-eGene pairs are missed in the 

GWAS mapping of genes to SNPs. Notably, the inclusion of spatial information was 

associated with a similar increase in the detection of tissue specific eQTL-eGene regulation 
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(Figure 2-1c). This finding is consistent with previous observations148,159 that highlighted the 

discordant results between the nearest-gene and eQTL-based assignment of GWAS SNPs to 

target genes. Of the 7,917 affected eGenes, 70.0% (5,545) were associated with only cis-spatial 

interactions (i.e. both partners are from the same chromosome and separated by <1,000,000 

bp, as defined elsewhere148,169), 19.3% (1,528) by only trans-interactions (i.e. 663 are affected by 

an eQTL SNP on the same chromosome but separated by ≥1,000,000 bp, and 865 are affected 

by an eQTL SNP from different chromosomes148,169), and 10.7% (844) by both cis- and trans-

interactions (Figure 2-1c, Figure 2-3a, Supplementary Data 2-1 [doi: 

10.17608/k6.auckland.7295681]). Approximately 49% of spatial eQTL SNPs affect more than 

one gene (Figure 2-3b). The spatial eQTL-eGene Hi-C fragment loop distances range from 0 

bp to 248 Mb (Figure 2-3c).  The most significant spatial eQTL-eGene interactions involved 

associations between: 1) the long intergenic non-protein coding RNA CRHR1-IT1 (Chr. 17) 

and rs12373124, rs12185268, rs1981997, rs2942168, rs17649553, rs17689882 and rs8072451 

in subcutaneous adipose tissue (peQTL range, 1.39 x 10-95 – 4.33 x 10-94); and 2) PEX6 (Chr. 6) 

and rs9296404 in skeletal muscle (peQTL 1.59x 10-93; Figure 2-2c and d). 

To estimate how much functional information is gained by the integration of spatial data, 

we took all 339 daSNPs on chromosome 22 and queried the GTEx v7 analysis for significant 

eQTL associations. The “GTEx only” method yielded 4,408 eQTL associations, all of which 

were within 1 Mb genomic distance (Figure 2-1d and e). We then analysed the same set of 339 

daSNPs using the CoDeS3D pipeline, which integrates GTEx v7 analysis. The CoDeS3D 

approach identified 4,543 spatial eQTL associations of which 3,542 (~78%) were also found 

in the “GTEx only” associations (Figure 2-1d and e). 866 (19.6%) of the “GTEx only” 

associations, with eQTL normalised effect sizes (NES, i.e. the slope of linear regression) of -

1.11 to 1.15, were lost in the CoDeS3D analysis due to lack of evidence for a spatial connection 

between the genomic fragments containing the SNP and gene. Conversely, the integration of 

spatial data enabled the detection of 1,001 spatial eQTL associations, with eQTL NES ranging 

between -1.61 and 0.74, that were not detected by the “GTEx only” method (Figure 2-1d and 

f). These results are consistent with a significant number of eQTL effects involving 3D looping 

interactions, up to and beyond 1 Mb. The absence of direct physical contacts for the 866 

eQTLs is consistent with alternative mechanisms, including the diffusion of regulatory factors 

released from the eQTL locus158, contributing to the regulatory network. 

 

https://doi.org/10.17608/k6.auckland.7295681
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Figure 2-3 Relationships between eQTL SNPs and eGene 
a Violin plot of eQTL p-values and distance between eQTL SNPs and eGene shows that there are more eQTLs 
within 1 mb of genes than there are within genes. b About half of eQTL SNPs affect only one gene, the other 
half affect multiple genes. c Distribution of distance between eQTL SNP and eGene Hi-C fragment loops. The 
distances here are between the closest SNPs and genes. 
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2.2.2 Multimorbid phenotypes cluster around shared 

eGenes 

We reasoned that the common pathogenesis seen in polygenic diseases and phenotypes 

occurs because they share common biochemical pathways and genes. To identify associations 

among phenotypes, we populated phenotype matrices according to their common spatial 

eQTL SNPs or eGenes (Figure 2-4a and b, Supplementary Data 2-2 [doi: 

10.17608/k6.auckland.7308455]). Density plots of the ratios of shared spatial eQTL SNPs and 

eGenes identified greater coverage of intermediate values between 0 and 1 that was consistent 

with increased information within the phenotype matrix that was populated using the eGenes 

(Figure 2-4d). To ensure that the spatial eGene association pattern was non-random, we 

generated 1000 null datasets by pooling together all phenotype-associated spatial eGenes and 

randomly reassigning them to phenotypes, such that each control phenotype had the same 

number of eGenes as its corresponding test phenotype. Phenotype matrices populated by the 

mean null phenotype eGenes ratios had different association and distribution patterns from 

those generated for the test phenotypes (Figure 2-4c and d, Supplementary Data 2-2). 

 

https://doi.org/10.17608/k6.auckland.7308455
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Figure 2-4 Associations of phenotypes based on shared spatial interactions 
a Phenotypes associate weakly when the 7,776 significant eQTLs were used to define their interrelationship as 
shown by sparser blue dots in the heatmap and gaps on the Q-Q plot. b Relationships among phenotypes are 
enhanced by the eGenes. c 1000 null datasets were generated by randomly assigning eGenes to phenotypes such 
that each control phenotype has the same number as the corresponding sample phenotype. The mean null dataset 
has a different pattern from that of sample phenotypes. Heatmaps in a, b and c are extracts of the same set of 
phenotypes in the same order. Darker squares in matrices indicate higher proportions of shared eGenes (with 1 
being the highest, meaning the sets of eGenes of two phenotypes are the same). d Density plots for ratios of 
shared eQTLs and eGenes among the 861 phenotypes that share ≥1 eGenes. The plot of shared gene ratios of 
the null hypothesis is included for comparison. Density estimates are scaled to maximum of 1. 
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Of the 1,351 phenotypes analysed, 618 are significantly associated with ≥4 spatial eGenes. 

Convex biclustering163 revealed the intricate inter-relationships among the 618 phenotypes 

based on spatial eGene pleiotropy (Figure 2-5). Phenotype clusters included: a) closely related 

measures of a phenotype (e.g. hypertension, blood pressure and pulse pressure); b) phenotypes 

which are observed as multimorbid (e.g. white matter hypersensitivities, stroke and dementia170; 

or ovarian cancer, interstitial lung disease, Alzheimer’s disease and other cognitive disorders171–

173; and c) phenotypes that have controversial reports of inter-phenotype association (e.g. 

autism spectrum disorder and iron biomarker levels174,175). Notably, the observed pattern of 

multimorbidity derived from shared spatial eGenes is different from the inter-relationships 

between phenotypes with ≥4 spatial eQTL SNPs (Supplementary Figure 2-1 [doi: 

10.17608/k6.auckland.7294934]).  

 

https://www.doi.org/10.17608/k6.auckland.7294934
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Figure 2-5 Phenotypes cluster based on common spatial eGenes 
The heat map highlights the multimorbidity of 618 phenotypes that share ≥ 4 spatial eGenes with at least one 
other phenotype. Unsupervised clustering was performed using convex biclustering algorithm from the cvxbiclustr 
R package. Deep blue squares indicate higher proportions of shared eGenes, with 1 being the highest and 
indicating that two phenotypes have the same set of eGenes. The color bands along the top x-axis correspond to 
the sub-clusters. Ten notable clusters are annotated and described. A complete list of inter-phenotype shared 
eGene proportions is presented in Supplementary Data 2-2 (doi: 10.17608/k6.auckland.7308455). To see 
phenotypes in these clusters, a high-resolution version of this image is available at 
https://www.doi.org/10.17608/k6.auckland.7294934. 

 

https://doi.org/10.17608/k6.auckland.7308455
https://www.doi.org/10.17608/k6.auckland.7294934
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Multiple variants from one genomic region have previously been associated with cross-

phenotypes including the IFI30 locus in autoimmune diseases157, and the CDKN2B-ASI locus in 

coronary artery disease, glioma, and intracranial aneurysm176. However, these studies did not 

resolve the target genes of the variants. It is noteworthy that spatial eGenes that are common to 

most phenotypes in the clusters we detected lie adjacent to each other in a contiguous genomic 

region (typically 100 - 400 kb in length) and are in cis-association with the eQTL SNPs. This is 

exemplified by a subset of immune related disorders that cluster about the PGAP3 – GSDMA 

locus (Chromosome 17: 37,827,375–38,134,431; hg19); skin pigmentation and skin cancer, which 

are clustered about the SPATA33–URAHP region (Chromosome 16:89,724,152–90,114,191; 

hg19); and a mood disorder cluster that is built about the NT5DC2-TMEM110 locus 

(Chromosome 3:52558385–52931597; hg19; Figure 2-6).  This study, to the best of our knowledge, 

is the first to observe contiguous target genes of spatial eQTL SNPs in complex cross-phenotypes. 
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Figure 2-6. Examples of phenotype clusters 
a The CHRNA5–ADAMTS7 region (chromosome 3:78,832,747 – 79,103,773; hg19) is important for the clustering 
of disorders of pulmonary function: chronic obstructive pulmonary disease, smoking behaviour, lung carcinoma and 
sudden cardiac arrest. b Immune disorders such as type 1 diabetes, cervical cancer, rheumatoid arthritis, and biliary 
liver cirrhosis are clustered around the PGAP3 – GSDMA region on chromosome 17: 37,827,375 – 38,134,431. c 
Skin pigmentation, hair colour, facial pigmentation, melanoma, basal cell carcinoma, freckles and sunburn share genes 
in the SPATA33 – URAHP (chromosome 16:89724152 – 90114191) region. d Genes from the NT5DC2 - TMEM110 
(chromosome 3:52558385 – 52931597) region are common to mental disorders, body mass index, osteoarthritis, open-
angle glaucoma and adiponectin measurement. Proportions of eGenes for the four clusters are given in Supplementary 
Data 2-3 (doi: 10.17608/k6.auckland.7295687). 

 
 

https://doi.org/10.17608/k6.auckland.7295687
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The largest observed multimorbid cluster (Figure 2-5, cluster#6) is an outgroup of 

phenotypes located in the bottom left hand corner of the matrix that highlights interrelationships 

among polyunsaturated fatty acids (PUFAs), Crohn’s disease, inflammatory bowel disease, 

colorectal cancer, laryngeal squamous carcinoma, insulin sensitivity, comprehensive strength 

index, and cholesterol levels (Figure 2-7a). The cluster is built about a 283 kb region on 

chromosome 11 that contains the DAGLA, MYRF, TMEM258, RP11-467L20, FADS1, FADS2, 

FADS3, and BEST1 genes (Figure 2-7b; Supplementary Data 2-3 [doi: 

10.17608/k6.auckland.7295687]). Consistent with this observation, genetic variations in the 

FADS1-FADS3 region have previously been associated with alterations in the synthesis of PUFAs 
177, inflammatory bowel diseases178, cholesterol levels and BMI179, coronary artery disease and type 

2 diabetes180, and colorectal cancer181. Our discovery-based approach also confirms earlier 

observations of pulmonary multimorbidity and genetically controlled regulatory variation in the 

CHRNA region182 (Figure 2-7a and Figure 2-8). 
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Figure 2-7 The largest cluster comprises 40 phenotypes related to fat metabolism 
a SNPs associated with inflammatory bowel disease, cholesterol levels, insulin sensitivity, muscle strength index and 
laryngeal squamous cell carcinoma, amongst others, are associated with transcription effects at a pool of shared spatial 
eGenes. Deep blue squares indicate higher proportions of shared eGenes, with 1 being the highest and indicating that 
two phenotypes have the same set of eGenes. b The FADS locus on chromosome 11 is responsible for the identified 
interrelationships (i.e. the multimorbidity) between the phenotypes in this cluster. We hypothesise that the 
interrelationships between the additional 2,431 spatial eGenes that are associated with these multimorbid phenotypes 
contribute to the unique characteristics and sub-clustering of the phenotypes (Supplementary Data 2-4 [doi: 
10.17608/k6.auckland.7295702]). In this word cloud, the size of a gene name represents the percentage of phenotypes 
whose associated variants spatially affect the expression of that gene in the cluster. For example, the expression of 
FADS1, FADS2 and TMEM258 are associated with eQTLs in 26 of the 40 phenotypes in the cluster (Supplementary 
Data 2-4 [doi: 10.17608/k6.auckland.7295702]). 

https://doi.org/10.17608/k6.auckland.7295702
https://doi.org/10.17608/k6.auckland.7295702
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Figure 2-8 The CHRNA regulome is central to pulmonary disorders 
a The LD pattern here suggests 2 alternating haplotype blocks, with the smaller block represented by rs503464. 
rs667282, rs8042374, and to a lesser extent, rs13180. b CHRNA3 and CHRNA5 are differentially expressed and 
regulated in the same tissues and by the same eQTLs, which seem consistent with the LD patterns in a. c eQTLs in 
the CHRNA locus region interact with multiple genes both within and outside this region, suggesting that the locus 
may be a super-enhancer. rs8042374, which is located at a TAD boundary also interacts with genes in the two adjacent 
TADs. 
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2.2.3 Common genes are affected by different disease 

eQTLs 

We mapped the spatial eQTL-eGene interactions within the FADS1-3 locus (Figure 2-9a) in 

order to investigate the effect of genetic variation on the regulatory network for the multimorbid 

phenotypes associated with the cluster. The transcription levels of the FADS1, FADS2, 

TMEM258, and DAGLA genes, that are central to this cluster, are associated with eQTLs that are 

located within these genes and across the region (Figure 2-9a). Nine of the putative regulatory 

regions are located within introns of genes (i.e. MYRF, TMEM258, FEN1, FADS1, FADS2 and 

FADS3) in this locus. Putative regulatory effects linking eQTLs in FADS1-3 with DAGLA, or 

eQTLs in MYRF with FADS1-3 cross a topologically associating domain (TAD) boundary located 

in the vicinity of FEN1, whose transcription is not associated with any of the eQTLs (Figure 2-

10). Spatial eQTLs associated with some phenotypes (e.g. LDL cholesterol, muscle measurement 

and comprehensive strength index) are few and localised while others (e.g. cis-trans-18:2 fatty acid, 

phospholipid) are dispersed across the locus. However, despite this, almost all of the phenotype-

associated SNPs in this cluster are correlated with a change in the transcript level of more than 

one gene (Figure 2-9b). We also observed this one-to-many SNP-eGene eQTL association in the 

pulmonary cluster, including inter-TAD connections from the region marked by rs8042374 (Figure 

2-8c). Collectively, these results are consistent with previous reports of the formation of complex 

networks of multiple long-range interactions by regulatory elements and gene promoters183.  
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Figure 2-9 Spatial eQTL-eGene interactions central to the fat metabolism cluster 
a Transcript levels for genes located within Chr. 11: chr11:61447905–61659017 are associated with eQTLs located in 
clusters across the 283 kb locus. For simplicity, we grouped eQTLs according to separation in the linear sequence 
such that they are located in different genes or are separated by ≤5 kb. Genomic locations are from human genome 
Hg19 and the eQTL-eGene interaction analysis used GTEx v4 (18/10/2016). b Phenotype-associated eQTLs are 
localised or dispersed across the FADS1 locus. eQTLs associated with cis-trans- 18:2 fatty acid levels are the most 
dispersed. eQTLs rs174545-50 are associated with the most phenotypes. The regulatory region span (in bp) includes 
the spatial eQTL SNPs in the group. eQTL SNPs are coloured according to the putative regulatory regions in a. 
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Figure 2-10 eGenes are affected distally by eQTLs 
eQTLs in the fat metabolism cluster are found in putative enhancer regions (as marked by epigenetic markers) and 
have both intra- and inter-TAD effects on genes. Hi-C image was produced with HiGlass (www.higlass.io). 
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2.2.4 eQTLs have gene and tissue specific effect patterns 

SNPs that are in high linkage disequilibrium (LD) might be predicted to have inseparable 

regulatory effects on target genes. However, given the composite nature of regulatory elements 

and networks, it is likely that even linked SNPs affect different regulatory elements. Therefore, we 

obtained the effect sizes of spatial eQTLs within the PUFA eGene cluster from different tissues 

(GTEx v7, 01/12/2017) to identify associations between eQTLs that are in strong LD. We 

characterised two distinct patterns (i.e. groups A and B) of eQTL associations with the target genes 

within the FADS region (Supplementary Data 2-4 [doi: 10.17608/k6.auckland.7295702]). The 

tissue eQTL effect patterns of the linked SNPs seem to be consistent with their differences in 

allele frequency, as informed by the R2 and D’ scores (Figure 2-11, Figure 2-12a, Supplementary 

Data 2-4 [doi: 10.17608/k6.auckland.7295702]). However, some exceptions exist. For example, in 

the CEU population rs174574 (minor allele frequency, MAF, 0.63) in Group B and rs1535 (MAF 

= 0.36) in Group A are in complete LD (R2 = D’ = 1) but have opposite effects on their common 

target genes. The minimum and maximum effect sizes of rs1535 are -0.76 (FADS1, peQTL = 5.3 x 

10-21, cerebellum) and 0.8 (FADS2, peQTL = 2.3 x 10-10, spleen, while the maximum and minimum 

effect sizes of rs174574 are -0.72 (FADS2, peQTL = 1.5 x 10-8, spleen) and 0.73 (FADS1, peQTL = 1.5 

x 10-18, cerebellum). By contrast, rs1000778 (MAF = 0.73) and rs422249 (MAF = 0.65) have a 

similar eQTL effect pattern (Group B) on target genes, FADS1 and FADS2 despite lower levels 

of linkage (CEU R2 = 0.365, D’ = 0.753). We observed similar patterns linking LD and regulatory 

effects within the CHRNA locus (Figure 2-8a and b). The minimum CEU D’ and R2 scores for 

the eQTL SNPs in the CHRNA locus is 0.715 and 0.097 respectively. Again, the tissue eQTL 

effect pattern is similar to the R2 scores, which are allele frequency dependent LD measures. 

The spatial eQTLs in the fat metabolism cluster that are located within the FADS1-3 locus 

are all associated with an inverse relationship between FADS1 and FADS2 transcription levels 

(Figure 2-11, Figure 2-12). At the time of writing our results, these inverse eQTL effects on 

FADS1 and FADS2 were also reported in another study184. Our results reveal that FADS1 and 

FADS2 are not the only genes affected in this region (Figure 2-12b). Wherever there is an eQTL 

effect on MYRF, FEN1, and FADS3; the direction of the effect size is the same as observed for 

FADS1. On the other hand, eQTL effects on TMEM258 mirror those that occur at FADS2.  

Notably, all but five eQTLs (i.e. rs174574, rs422249, rs174448, rs174449, and rs100078) are 

associated with a negative effect on FADS1 and a positive effect on FADS2 transcript levels 

(Figure 2-12b). It is possible that the opposite regulatory effect observed for these five eQTLs 

represents allele flipping (Supplementary Data 2-4 [doi: 10.17608/k6.auckland.7295702]). Our 

https://doi.org/10.17608/k6.auckland.7295702
https://doi.org/10.17608/k6.auckland.7295702
https://doi.org/10.17608/k6.auckland.7295702
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results indicate that a composite regulatory hub forms from dispersed locations to regulate the 

convergent, duplicated (61% amino acid identity and have 75% similarity177) FADS1 and FADS2 

genes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-11 eQTLs have different effect patterns within the fat metabolism cluster 
Spatial eQTLs have tissue-specific and LD-dependent effects on genes in the FADS cluster. There is also an inverse 
association between the eQTL effects on FADS1 and FADS2. rs174574, rs422249, rs174448, rs174449, and rs100078 
are associated with an increase in FADS1 and decrease in FADS2 transcript levels. All other eQTLs are associated 
with a decrease in FADS1 and increase in FADS2 transcript levels. Effect sizes of spatial eQTL on eGenes were 
obtained from GTEx v7. 



 55 

 



 56 

 
Figure 2-12 eQTLs have effect sizes that are dependent on allele frequency 
a Linked eQTLs in the FADS locus have different allele specificities in the CEU population, as indicated by the 
differences between the D’ and R2 scores. The difference in allele frequencies is associated with the 2 distinct eQTL 
effect patterns (b and c) across the FADS locus. Groups A and B highlight the distinct pattern of eQTL associated 
transcriptional affects. Effect sizes of spatial eQTL on eGenes were obtained from GTEx v7 analysis. Centre line 
bounds of box, and whiskers of boxplots represent the median, 2nd and 3rd quartile, and minimum and maximum 
values respectively. 
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Consistent with our understanding of tissue and cell type specificity of gene regulation, the 

tissue eQTL associations showed cell line-dependent enrichment patterns (Figure 2-13a). The 

strongest and weakest eQTL associations in subcutaneous adipose were observed in the GM12878 

and KBM7 cell lines respectively, while in omental visceral adipose, they were observed in the 

HMEC and NHEK cell lines. There was no correlation between the total strength (i.e. p-values) 

of eQTL associations and the total number of spatial interactions (Figure 2-14a and b). Similarly, 

the observed frequency of Hi-C fragment contact counts of the eQTL-eGene pairs in the cell lines 

showed less tissue specificity (Figure 2-13b; Figure 2-14c). There was a strong positive correlation 

(r = 0.87) between the percentage of spatial eQTL-eGene interactions and the number of RNA-

Seq GTEx samples in tissues (Figure 2-14d). Collectively, these results suggest that the frequency 

of spatial eQTL-eGene contact in cell lines are relatively uniform across tissues but the eQTL 

effects in the cell lines are tissue specific. This is consistent with previous results that show that 

transcription is not necessary for the formation and maintenance of a spatial connection185,186. 
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Figure 2-13 Tissue and cell line-specific effects of eQTLs 
a eQTL effects are strong in Hi-C cell lines that represent the tissues that they are derived from. The heatmap shows 
the range of mean eQTL p-values in tissues, with the yellow and blue colours representing the Hi-C cell lines with the 
minimum and maximum mean eQTL p-values respectively. b The number of Hi-C contact counts between the regions 
containing the eQTL-eGene pairs show less tissue specificity. 
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Figure 2-14 Tissue specificity of spatial eQTL-eGene interactions 
There is no correlation between eQTL p-values and the total unique Hi-C interactions (a), and the total supporting 
interactions (b) of eQTL SNP-eGene associations. Interactions and supporting interactions are as defined in Fig 2-
1a. c Distribution of eQTL-eGene interactions among the Hi-C cell lines. d The proportion of spatial eQTL-eGene 
associations in tissues positively correlates (r = 0.87) with the number of RNASeq and genotyped samples in GTEx. 
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2.2.5 GWAS eQTLs spatially affect Mendelian genes  

Rare monogenic or Mendelian diseases are typically considered to be associated with highly 

penetrant loss of function mutations. However, genes linked to Mendelian diseases have also been 

implicated in polygenic disorders187–189. Therefore, we determined if the spatial eGenes we 

identified as being associated with complex diseases, were also implicated in Mendelian diseases. 

Using the OMIM database, a catalogue of associations between human genes and mendelian traits, 

we identified that 62% (5,069) of the spatial eGenes are catalogued in the OMIM database (Figure 

2-15a, Supplementary Data 2-5 [doi: 10.17608/k6.auckland.7295711]). This is consistent with the 

possibility that there is a distal regulatory component in rare Mendelian disorders.  

There are four gene-phenotype mapping categories in the OMIM database: 1) The “unknown 

defect” category, in which a disorder is associated with a gene with no known functional role; 2) 

The “linkage” category, which maps a gene to a disorder based on linkage despite no mutation 

having been found in the gene yet; 3) The “mutation” category, in which a mutation in the gene 

has been identified as the basis of the mapped disorder; and 4) The “duplication” category, which 

comprises disorders that are caused by deletion or duplication of contiguous genes. Our method 

captured a significantly low proportion (0.6%) of gene-phenotype associations in the “linkage” 

category (15.4% of the total gene-phenotype associations). During our investigation, we 

discovered that the “linkage” category includes genes whose exact locations and strands are yet to 

be resolved in major resources including the UCSC genome browser, Ensembl, and Gene Cards. 

This may explain why we detected a low number of associations in the “linkage” category. By 

contrast, factoring in the 3D genome organization significantly increased the chance of identifying 

gene-phenotype associations (i.e. 81.9% to 98.2%) in the “mutation” category (Figure 2-15b), 

which is consistent with the functional roles of the genes we identified.  

 

https://doi.org/10.17608/k6.auckland.7295711
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Figure 2-15 OMIM analysis of spatial eQTL-eGene interactions 
a A total of 62% of the spatial eGenes we identified are associated with human disease in the OMIM database 
(retrieved, 11/08/2017, Supplementary Data 2-6 [doi: 10.17608/k6.auckland.7295843]). b A total of 98.2% of gene-
phenotype associations of the identified spatial eGenes are based on known mutations in the genes. OMIM mapping 
methods are: (1) gene has unknown underlying defect but is associated with the disorder; (2) disorder is mapped to 
gene based on linkage but mutation in gene has not been found; (3) a mutation in the gene has been identified as the 
basis of the mapped disorder; and (4) disorder is caused by deletion or duplication of contiguous genes. Mapped gene 
proportions were calculated as the number of genes mapped to at least one phenotype in the OMIM data (annotated 
in graph) divided by the total number of genes in the OMIM data (16,313 for OMIM genes) or the number of spatial 
eGenes annotated in the OMIM data (5069 for eGenes). P-values are for two-tailed Z-test for two population 
proportions at 0.05 significance level. 

https://doi.org/10.17608/k6.auckland.7295843
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2.3 Discussion 

Here we created a genetic multimorbidity atlas of traits that have the same set of genetic 

components (i.e. pleiotropy in spatial eQTLs or eGenes) with no particular bias to causation, 

confounding or endpoint effects. 

The integration of spatial data enabled the identification of distal daSNP target genes that 

have been missed by proximity to GWAS associations. Furthermore, our method also increased 

the ability to detect eQTL associations that are > 1 Mb apart or inter-chromosomal. It is important 

to note that our approach identifies only regulatory interactions that require 3D looping as part of 

their mechanism of action. It remains likely that have we missed regulatory associations that occur 

through alternative mechanisms (e.g. diffusion of regulatory factors, SNP-SNP, SNP-non-gene 

regulatory effects, or non-coding RNAs).    

We identified greater pleiotropy in human complex diseases and phenotypes at the spatial 

eGene level than at daSNP level. The correlation (r = 0.89) between number of daSNPs and spatial 

eGenes suggests that phenotypes with greater number of associated SNPs are better represented 

in pleiotropy. Previous studies have reported pleiotropy in complex traits190–192. Our findings are 

consistent with the work of Sivakumaran et al in 2011, who reported 16.9% and 4.6% pleiotropy 

at the gene and variant levels. However, our study differs from theirs in significant ways as 

Sivakumaren et al.: 1) used 1,687 SNPs that satisfied the GWAS significance threshold (p-values < 

5 x 10-8); 2) adopted the target genes that were suggested by the authors of the GWAS, annotated 

in the GWAS Catalog, or are in LD with tag SNPs; and 3) reported that variant pleiotropy is 

associated with gene location, and that exonic variants are more pleiotropic than intergenic 

variants. By contrast, we used 7,776 SNPs with suggestive GWAS p-values (< 5 x 10-6) and defined 

the target genes using spatial eQTL evidence. Notably, we find that spatial eQTLs within 1 

megabase of eGenes are more than twice as common as eQTLs within genes (Figure 2-3a). The 

integration of genomic organization information into the interpretation of SNP function enabled 

the identification of novel regulatory interactions in complex traits. Further empirical studies are 

required to validate these interactions. 

We hypothesise that the spatial eGene pleiotropy we identified within the phenotype clusters 

makes a biological contribution to the multimorbidity between the phenotypes. The most common 

genes in the multimorbid clusters are typically located adjacent to each other in a contiguous 

genomic region (Figures 2-8 and 2-9). We propose that these regions comprise different composite 

regulatory elements, each having a distinct and distinguishable effect on the genes therein, which 
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in turn play a role in the pathogenesis of the associated complex phenotypes. The effects of these 

composite regulatory elements are reflected in the LD architecture of the regions. The LD data 

was from the 1000 Genomes CEU population (whereas the GTEx population is 85.2% 

Caucasian), however the results indicate that the inheritance of these regions may be linked to 

physical association between regions that are separated in the linear sequence. Moreover, the 

finding of large effect sizes for eQTLs involving variants in genomic regions with low LD is 

consistent with previous observations of greater deleterious effects, and larger per-SNP 

heritability193 for poorly linked variants, while genomic regions with high LD have lower heritability 

and greater exonic deleterious effects194.  

The concentration of multiple intronic spatial eQTLs within low recombination cluster 

regions indicates inherited allelic heterogeneity (i.e. multiple signals at a locus that affect a 

trait)195,196. This is consistent with evidence that discrete multiple variants (and not a single causal 

variant) within an LD block impact multiple linearly separated enhancers and the expression of 

target genes157,197,198. However, causative variants cannot be separated from disease modifiers at 

this level because LD is subject to allele frequency, recombination, selection, genetic drift and 

mutation199,200. As such, variants in LD can affect each other’s statistical values201. 

Our finding that FADS1 (along with MYRF, FEN1, and FADS3) and FADS2 (along with 

TMEM258) are inversely associated with eQTLs located across the FADS locus informs on the 

mechanism through which genetic variation contributes to the biochemistry of PUFA synthesis in 

complex multimorbid disorders. FADS1 and FADS2 encode the delta-5 (D5D) and delta-6 

desaturase (D6D) enzymes, respectively, which catalyse the rate-limiting steps in PUFA 

biosynthesis respectively177,202. Inhibition of D6D, which acts upstream of D5D in the pathway, 

has been correlated with decreases in inflammation in several rodent studies202–204. Our results are 

consistent with a significant genetic (the FADS1 variant rs174548 [Figures 2-11 and 2-12]) 

contribution to reduced expression of D5D, which in turn leads to a build-up of pro-inflammatory 

eicosanoids (via n-6 PUFA). Notably, only 5 genetic variants (rs422249, rs174448, rs174449, 

rs1000778 and rs174574) increase D5D transcript levels and thus favour the synthesis of anti-

inflammatory eicosanoids.  

TAD boundaries are generally considered to be conserved across tissues and developmental 

stages125,205. However, differences in TAD formation do occur206,207. We observed both intra- and 

inter-TAD spatial eQTL-eGene interactions, in addition to eQTLs involving variants located at 

TAD boundaries. For example, eQTLs rs8042374 in the CHRNA locus (about which the lung 

disorders cluster, Figure 2-8) and rs174537 in the FADS locus (Figure 2-10) both lie at a TAD 

boundary. This is consistent with observations that genetic mutations at TAD boundaries can 
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impact on enhancer-promoter interactions208,209. It remains possible that cell line, developmental 

or cellular state specific chromatin interactions210,211 have been missed in the Hi-C libraries we used 

to identify the eQTL-eGene and inter-phenotype relationships due to the heterogeneity of sources 

of the GWAS, Hi-C, and GTEx data. Future work can overcome this limitation by focusing on 

tissue specific Hi-C library formation to enable the teasing apart of the nuances associated with 

cell and tissue specific chromatin interactions in the complex disorders of interest (e.g. using 

pancreatic islet for type 2 diabetes212). 

Several studies have shown that both large-effect rare variants and small-effect variants are 

associated with complex diseases198,213,214. Yet, there is no evidence that the rare variants located at 

the gene locus are the main drivers of the genetic variance215. Our analysis of the OMIM database 

suggests that genes harbouring rare variants with large effects are also distally regulated by 

common variants with small effects.  

We hypothesise that the common genes within a phenotype cluster highlight the underlying 

molecular mechanisms that drive shared multimorbidity (Fig. 2-16a). By contrast, the unique 

presentations of individual phenotypes within a multimorbid cluster result from molecular 

mechanisms driven by genes that are not shared by other members of the cluster (Fig. 2-16a). The 

genetic contribution to the regulation of multimorbidity is explained by three non-exclusive 

models: (1) genetic variants that are associated with more than one disease phenotype affect the 

same target genes (Fig. 2-16b), indicating genetic pleiotropy; (2) different genetic variants 

associated with the multimorbid phenotypes mark a single regulatory element (e.g. a super-

enhancer) and thus common gene(s) (Fig. 2-16c); or (3) different variants each marking different 

regulatory elements that target the same gene (Fig. 2-16d).  
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Figure 2-16 Schematic model of gene pleiotropy in multimorbidities 
a Common target genes between any two complex disorders highlight the molecular mechanism(s) that underlie their 
common pathogenicity. The sets of target genes that are unique to the disorders represent the mechanisms that make 
the disorders different. Gene pleiotropy in multimorbidities of complex disorders can occur when: b a variant 
associated with the disorders marks a regulatory element that target the common gene; c different variants associated 
with different disorders mark the same (super)-regulatory element that impacts the common gene; or d different 
regulatory elements marked by different variants impact the common gene. 
 

 

In conclusion, the integration of spatial interaction and gene eQTL information with 

phenotype association data leads to the identification of the genetic components that encode the 

molecular mechanisms that underlie both the multimorbidity and the unique development of 

complex disorders and traits. Further refinement of these relationships will require empirical 

studies that integrate multi-omics and epigenetic information on cells and tissues from patients 

with multimorbid disorders. 
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CHAPTER 3  

Physical Interactions and Expression 

Quantitative Trait Loci Identify Regulatory 

Connections for Obesity and Type 2 Diabetes 

Associated SNPs 

 

 

 

 

 

 

 

 

 

 

This chapter has been published: 

 

Fadason T., Ekblad, C., Schierding, W.S., Ingram J. and O’Sullivan, J.M.  

Physical interactions and expression quantitative traits loci identify regulatory connections 

for obesity and type 2 diabetes associated SNPs. Frontiers in Genetics (2017)
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In the previous chapter, I established that comorbid and multimorbid diseases share genetic 

components that are regulated via the 3D genome. Here, I focus on one of the commonest 

comorbidities—obesity and type 2 diabetes—to further investigate the molecular mechanisms 

therein. 

3.1 Background 

Genome-wide association studies (GWAS) have been instrumental in identifying numerous 

genetic risk loci for type 2 diabetes and obesity (reviewed in Pigeyre et al.95). Despite this, the 

identified risk loci for obesity and type 2 diabetes only explain 3% and 10% of the heritability of 

these disorders, respectively95,216. Moreover, as most of these variants fall outside of coding regions, 

they do not have clear biological functions that link them to either obesity or diabetes217. Alongside 

other studies into the pathogenesis of polygenic disorders, this has led to the hypothesis that some 

of the information within the genome that is responsible for the heritability of diabetes and obesity 

is not encoded in the linear sequence but instead lies within the spatial organization of the 

chromatin218,219. This hypothesis is increasingly supported by empirical evidence that genetic 

variants fall within regulatory regions (e.g. enhancers, insulators, etc.) that impact on distal, but 

spatially associated, loci rather than on the genes that are closest to them in the linear DNA 

sequence218–220. Pullinger et al., (2014) for example, have reported an association between a type 2 

diabetes variant in HMGA1 on chromosome 6 and the transcription of the INSR gene on 

chromosome 19. 

Proximity-ligation methodologies coupled to high throughput sequencing have enabled a step 

change in the deconvolution of the spatial organization of genomes. These methods (e.g. genome 

conformation capture and Hi-C) capture regions of the genome that are physically associated and 

able to be covalently connected by a cross-linking agent222. Collectively, studies using proximity-

ligation methods have begun to untangle how the organization of the genome into non-membrane 

bound compartments is related to the realization of the information encoded in the DNA sequence 

itself. This increase in our understanding extends to complex looping patterns that contribute to 

gene regulation (e.g. reviewed in Pombo & Dillon, 2015). 

Spatial chromosomal organization is probabilistic224, tissue or cell-type-specific225, 

developmental stage specific5,226 and can change to adapt to an evolutionary selective pressure as 

observed in the inverted genomic structure of rod cells in nocturnal mammals227. Despite the 
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presence of cell type dependent features, there is remarkable retention of some aspects of 

chromosomal organization within metazoan nuclei. For example, topologically associating 

domains (TADs) are remarkably stable across cell types and species125 and preferential intra-TAD 

and inter-TAD contacts have been identified228. Thus, nuclear structure contains both cell type 

dependent and independent features. 

The potential for integrating information on spatial organization and functional data to 

improve our understanding of the genetic basis of complex phenotypes has been illustrated in 

several recent studies (e.g. autoimmune229, cardiometabolic219, and schizophrenia230). It is 

increasingly clear that genetic variants identified by GWAS: a) can have greater regulatory effects 

on distant but spatially proximal genes than on the genes closest to them; and b) can act on more 

than one gene in a tissue- and developmental-stage specific manner. However, these studies 

concentrate on cis-regulatory connections and ignore the trans-connections, which were shown to 

contribute to heritability in human growth218. 

Current approaches to the mapping of genes affected by single nucleotide polymorphisms 

(SNPs) identified in GWAS typically use the nearest gene model. However, clinical risk for 

polygenic disorders is the sum result of the gene-environment interactions. These interactions 

occur within the context of a regulatory network that is ‘tuned’ by the combined action of 

regulatory sites that spatially cluster. These sites are subject to genetic variation, which may alter 

these spatial clusters and thereby disrupt the functioning of target genes. As such, it is imperative 

that previously identified intergenic GWAS variants are tested for spatial interactions. Crucially, 

this approach has the potential to elucidate the regulatory network that describes the disease-

associated SNPs which enhance or reduce the expected co-occurrence and severity of both obesity 

and type 2 diabetes. 

Here we integrate information on spatial organization and functional (i.e. expression) data to 

identify the overlap between regulatory pathways that contribute to type 2 diabetes, obesity, and 

comorbid obesity plus type 2 diabetes phenotypes. We demonstrate that loci marked by diabetes- 

and obesity-related SNPs are involved in regulatory interactions in a tissue- and disease-specific 

manner.  
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3.2 Methods 

3.2.1 Disease-associated SNPs 

The keywords, “obesity”, and “type 2 diabetes” were searched on the GWAS Catalog website. 

The associations returned were then downloaded (13/7/2016) as tab-delimited text files. SNPs 

from non-diabetes traits (Table 3-1) were also obtained in the same manner. 

 

Table 3-1 Non-diabetes associated traits used as controls in this study  
GWAS Catalog traits 

Acute lymphoblastic, leukemia 
AIDS 
Alcohol and nicotine 
codependence 
Alcohol dependence 
Alpha wave measurement 
Electroencephalogram 
measurement 
Antibody measurement 
Epstein-Barr virus infection 
Astigmatism 
Basal cell carcinoma 
Brain aneurysm 
Brain connectivity measurement 
Cleft lip 
Cleft palate, cleft lip 
Corneal topography 
Creutzfeldt Jacob Disease 
Dental caries 
DNA methylation 
Ear protrusion 
Eye color 
Eye measurement 

Freckles  
Sunburn Gene methylation measurement 
Hair color  
Hair morphology 
HIV viral set point measurement 
HIV-1 infection 
Bilirubin measurement 
Body fat distribution 
High density lipoprotein cholesterol 
measurement 
Response to efavirenz 
Virologic response measurement 
Susceptibility to viral and mycobacterial 
infections 
Virologic response measurement 
Response to abacavir 
Hodgkins lymphoma 
HPV seropositivity 
Intra cranial volume 
Leprosy 
Malaria 
Melanoma 
Neuroblastoma 

Orofacial clefting syndrome 
Prion disease 
Prion disease 
mood disorder 
Reading and spelling ability 
Reasoning 
Recombination rate 
Sickle cell anemia 
Smooth surface dental caries 
Social communication 
impairment 
Suntan 
Telomere length 
Tooth eruption 
Tuberculosis 
Typhoid fever 
Word list delayed recall 
measurement 
Memory performance 
Paragraph delayed recall 
measurement 
Word reading 
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3.2.2 Identification of regulatory SNP-gene interactions 

Our aim was to identify SNPs where the genetic variant correlates with the expression level 

of the spatially associated partner gene (i.e. the SNP is an expression quantitative trait locus [eQTL]; 

Figure 3-1). To do this, we developed the “Contextualize Developmental SNPs using 3D 

Information” (CoDeS3D) algorithm (Figure 3-1) for the integrated analysis of GWAS SNPs and 

their phenotypes (GitHub, https://github.com/alcamerone/codes3d).  

 

 
Figure 3-1 The CoDeS3D pipeline 
Hi-C and eQTL data are integrated to identify target genes of disease-associated SNPs and the tissues in which they 
are targeted. 
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Creation of a single comprehensive database to interrogate the physical and regulatory 

interactions between loci, located in cis (<1 Mb apart) and trans (>1Mb apart or on different 

chromosomes), is prohibited by the complexity and continuing evolution of the relevant datasets 

(Table 3-2). To overcome this, CoDeS3D is a series of modular Python scripts that uses 

information on the 3-dimensional organization of the genome (i.e. Hi-C data128) to identify spatial 

connections between regulatory regions, which are marked by SNPs, and the gene(s) that they 

regulate (Figure 3-1). 

 

Table 3-2 Data used in this study 
Data Notes Access Reference 

High 

resolution  

Hi-C data  

 

GM12878 

IMR90 (CCL-186) 

HMEC (CC-2551) 

NHEK (192627) 

K562 (CCL-243) 

KBM7 

HUVEC 

HeLa 

Gene Expression Omnibus 

(GSE63525) 

Rao et al. 

(2014) 

 

eQTL data GTEx version multi-tissue eQTLs 

analysis v4. 

GTEx portal 

(http://www.gtexportal.org/home/) 

 

 

  

The 3-dimensional structure of genomes can be captured by proximity ligation 

methodologies222 of which Hi-C is one. High resolution Hi-C data128 was used to identify loci that 

were captured interacting with restriction fragments containing the SNPs of interest (Figure 3-1 

Step ii). These interactions were identified on a presence/absence basis at the restriction fragment 

level. This approach identifies interacting loci, as defined by the flanking MboI restriction sites128, 

that are spatially co-localized (Figure 3-1 Step iii). In some instances, this spatial co-localization 

equates to linear co-localization within the genome sequence. The spatial clustering, however, is 

not limited to loci that map to adjacent regions within the linear sequence, as trans-spatial 

interactions are readily identified. Finally, genes (as determined by the hg19/GRCh37 human 

genome reference) had to overlap the partner locus of interest in order to be included in the list 

of SNP-gene pairs that were identified (Figure 3-1 Step iii).  
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These SNP-gene pairs were then tested against the Genotype-Tissue Expression (GTEx) 

database (Version 4.1, 09/30/16) to identify those where the identity of the base at the SNP 

position correlated with a change in the mRNA level of the partner gene (i.e. the SNP was an 

eQTL). The identification of spatial SNP-gene connections is a tool to filter the test set of eQTL 

regulatory interactions between the physically connected SNP-gene pairs. This approach reduces 

the number of tests that need to be performed, compared to a systematic approach to identify 

both cis- and trans-acting eQTLs. The adjusted p-value (q-value) is computed for each eQTL SNP-

gene-tissue combination, using the p-value list, the number of tests performed, and a Benjamini-

Hochberg correction procedure55. Trans-acting eQTL SNPs are selected as significant if the 

adjusted p-value is less than 0.05. Cis-acting eQTL SNPs are selected as being significant according 

to the calculated threshold for each gene.  While our FDR thresholds are less stringent than GTEx 

(cis p value < 2.5 x 10-7; trans p value < 5.0 x 10-13), the application of a filtering step to remove 

large numbers of false positives justifies this, as previous work has identified such thresholds as 

identifying biologically significant associations218 and SNPs with p values ≤ 0.05 have clear effects 

on height231. 

3.2.3 Ingenuity® Pathway Analysis 

Lists of the genes regulated by loci marked by the eQTL SNPs were analyzed in Ingenuity® 

Pathway Analysis (IPA®; version 28820210, 2016-09-25) to identify enriched pathways and 

biological functions. 

3.2.4 URLs 

For GWAS Catalog, see https://www.ebi.ac.uk/gwas/  

For GTEx portal, see https://www.gtexportal.org/home/.  

3.2.5 Code availability  

CoDeS3D pipeline is available at https://github.com/alcamerone/codes3d.   

https://www.ebi.ac.uk/gwas/
https://www.gtexportal.org/home/
https://github.com/alcamerone/codes3d
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3.2.6 Data availability 

Supplementary Data 3-1 is available in figshare with the identifier doi: 

10.17608/k6.auckland.5285038. Supplementary Data 2 is available in figshare with the identifier 

doi: 10.17608/k6.auckland.5285041. Supplementary Data 3 is available in figshare with the 

identifier doi: 10.17608/k6.auckland.5285044. The GWAS Catalog associations (version 1.0.1) 

data are available at https://www.ebi.ac.uk/gwas/docs/file-downloads. The Hi-C data (Rao et al., 

2014) that support the findings in this study are available from GEO with accession number, 

GSE63525. Human genome build hg19 (GRChr37) was downloaded from 

ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/ . SNP annotations (human genome, build 

hg19) were obtained from 

ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13. Gene annotations 

(Transcript model from GENCODE) were downloaded from  

http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p

_model. patched_contigs.gtf.gz.   

 

 

 

3.3 Results 

3.3.1 Diabetes and obesity associated SNPs form part of a 

regulatory network 

We reasoned that GWAS SNPs that are associated with type 2 diabetes and obesity mark 

regulatory loci that modulate spatially proximal genes and function to control energy balance. 

Using the CoDeS3D pipeline (Figure 3-1), we were able to identify 45,517 and 27,778 unique pairs 

of spatial SNP gene interactions for 1326 and 483 obesity and diabetes SNPs, respectively (Table 

3-3).  

https://doi.org/10.17608/k6.auckland.5285038
https://doi.org/10.17608/k6.auckland.5285041
https://doi.org/10.17608/k6.auckland.5285044
https://www.ebi.ac.uk/gwas/docs/file-downloads
ftp://ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/
ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13
http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.%20patched_contigs.gtf.gz
http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.%20patched_contigs.gtf.gz
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Table 3-3 Summary of the regulatory network for the obesity and diabetes SNPs 
 Obesity SNPs* Diabetes SNPs* 

p < 5.0E-8 5.0E-8 ≤ p≤ 9.0E-6 p < 5.0E-8 5.00E-8 ≤ p≤ 9.0 E-6 
No. SNPs  186 1140 183 300 
No. spatial SNP-gene pairs#  6441 39076 11344 16434 
No. eQTL SNPs† 76 314 90 106 
No. eGenes|| 125 444 141 151 
No. eQTL SNP-eGene pairs§ 148 478 175 177 
No. trans eQTL SNP-eGene 
pairs 

21 82 26 28 

No. eQTL SNP-eGene 
interactions‡ 

690 1836 605 513 

No. trans eQTL SNP-eGene 
interactions¶ 

23 84 26 28 

*SNPs were identified in GWAS catalogue (version, v1.0; download dates [obesity, 2016-07-13; diabetes, 2016-08-
26]). # Spatial SNP-gene pairs were those whose Hi-C restriction fragments overlapped (Figure 1 Step iii). † eQTL 
SNPs were defined as having significant (FDR ≤ 0.05) interaction(s) with at least one gene. || eGenes were those 
whose expression was shown to be affected by an eQTL SNP. § Non-redundant significant (FDR ≤ 0.05) eQTL 
SNP-eGene pairs (Figure 1 Step v). ‡ The total number of eQTL SNP-eGene interactions with FDR ≤ 0.05 in at least 
one GTEx tissue. ¶ Trans-eQTL interactions were defined as occurring between loci > 1Mb apart, or on different 
chromosomes, with an FDR ≤0.05. 

 

 

The identification of SNP-gene interactions reduces the number of tests required to detect 

eQTL SNPs, the sample sizes, and p-values required for significance. Therefore, we implemented 

a Benjamini-Hochberg correction to select significant eQTLs with an adjusted p-value ≤0.05. This 

approach resulted in the identification of 523 cis-acting and 103 trans-acting eQTL SNP-gene pairs 

for the obesity SNPs, and 28 cis-acting and 54 trans-acting eQTL SNP-gene pairs from the diabetes 

SNPs (Table 3-3; Figure 3-2). Obesity eQTL SNP-gene pairs were identified with high significance 

(p < 7.0 x 10-5 and p < 7.5 x 10-5 for the cis- and trans-acting eQTL-SNPs, respectively; 

Supplementary Data 3-1 [doi: 10.17608/k6.auckland.5285038]). Similarly, highly significant 

diabetes cis- and trans-acting eQTL-SNPs were identified (p < 6.0 x 10-5 and p<6.0 x 10-5, 

respectively; Supplementary Data 3-2 [doi: 10.17608/k6.auckland.5285041]). Comparisons with 

the SNP associations in the GWAS catalogue indicated that >60% of the eQTL SNP associations 

have not been previously mapped (Figure 3-3), consistent with previous observations of the 

accuracy of the ‘nearest gene’ mapping approach for GWAS SNPs148. 

 

https://doi.org/10.17608/k6.auckland.5285038
https://doi.org/10.17608/k6.auckland.5285041
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Figure 3-2 Overlap between obesity and diabetes SNPs and eGenes 
a Ten SNPs that are associated with diabetes and obesity, at p-values that are suggestive of global significance (p≤ 9.0 
x 10-6) (Table 3-1), are shared between both type 2 diabetes and obesity in the GWAS database. b CoDeS3D identified 
sixteen genes that are affected by eQTL SNPs that are associated with both diabetes and obesity. (The empirical p 
value of having 16 common genes from a million bootstraps of two sets of random 569 and 292 genes is 0.007.) 
Fourteen of these genes are regulated by eQTL SNPs that are not shared between diabetes and obesity (Table 3-4). 

 

 

 

 

 

 

 

 
Figure 3-3 GWAS-predicted vs novel SNP-gene interactions 
More than 60% of the eQTL SNP associations that were identified in GTEx were novel and were not associated with 
the diseases in the GWAS database. Of the novel eQTL SNP-gene pairs that were identified for diabetes and obesity 
(Supplementary Data 3-1 [doi: 10.17608/k6.auckland.5285038] and 3-2 [doi: 10.17608/k6.auckland.5285041]), 24.9% 
and 28.0% were trans-acting and regulated genes > 1 Mb away or on another chromosome to the SNP.

https://doi.org/10.17608/k6.auckland.5285038
https://doi.org/10.17608/k6.auckland.5285041


 

Table 3-4 Genes subject to regulation by eQTL SNPs in both obesity and diabetes 

Gene Disease† Interaction SNP Hi-C Cell Lines ¥ eQTL Tissueǂ 

ABO 
Obesity Cis rs657152 HUVEC, NHEK, IMR90, KBM7 Thyroid 
T2D Cis rs651007 HUVEC, IMR90, NHEK, KBM7 Whole Blood 

ARAP1 
Obesity Cis rs11603334 HUVEC, NHEK, K562, HMEC, IMR90, KBM7 Esophagus Mucosa 
T2D Cis  

Cis 
rs11603334 
rs1552224 

HUVEC, NHEK, K562, HMEC, IMR90, KBM7 
HUVEC, NHEK, K562, HMEC, IMR90, KBM7 

Esophagus Mucosa 
Esophagus Mucosa 

BDR7 
Obesity Trans rs8050136 K562 Pituitary 
T2D Trans rs8050136 K562 Pituitary 

CRYL1 
Obesity Cis rs4770049 HUVEC, NHEK, K562, HMEC, IMR90, KBM7 Adipose Subcutaneous 
T2D Trans rs17376456 HUVEC Pituitary 

IRS1 

Obesity Cis rs2176040 HUVEC Adipose Subcutaneous 
T2D Cis 

Cis 
Cis 
Cis 

rs1515110 
rs2943641 
rs2943640 
rs925735 

HUVEC, IMR90, NHEK, KBM7 
HUVEC 
NHEK 
K562, HUVEC, NHEK, KBM7 

Adipose Subcutaneous 
Adipose Subcutaneous 
Adipose Subcutaneous 
Adipose Subcutaneous 

ITIH4 
Obesity Cis rs2710323 K562, HUVEC, NHEK, IMR90 Whole Blood 
T2D Cis rs1108842 KBM7 Whole Blood 

KCNJ11 

Obesity Cis rs1557765 K562, HUVEC, NHEK, IMR90, KBM7 Skin Sun Exposed Lower leg, Esophagus Mucosa, 
Skin Not Sun Exposed Suprapubic 

T2D Cis 
Cis 

rs5215 
rs5219 

K562, HUVEC, IMR90, NHEK, KBM7 
K562, HUVEC, IMR90, NHEK, KBM7 

Skin Not Sun Exposed Suprapubic 
Skin Not Sun Exposed Suprapubic 

METTL10 Obesity Cis rs3740540 KBM7 Thyroid 
 T2D Trans rs1802295 NHEK Thyroid 

NCR3LG1 

Obesity Cis rs1557765 HUVEC, NHEK, IMR90, KBM7 Esophagus Mucosa, Nerve Tibial, Breast Mammary 
Tissue, Skin Sun Exposed Lower leg, Skin Not Sun 
Exposed Suprapubic, Artery Tibial, Thyroid, Cells 
Transformed fibroblasts 

T2D Cis  
Cis 

rs5215 
rs5219 

K562, HUVEC, IMR90, NHEK, KBM7 
K562, HUVEC, NHEK, KBM7 

Thyroid 
Thyroid 
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Gene Disease† Interaction SNP Hi-C Cell Lines ¥ eQTL Tissueǂ 

NEK4 

Obesity Cis rs2710323  K562, NHEK, IMR90, KBM7 Cells Transformed fibroblasts, Artery Tibial, 
Thyroid, Nerve Tibial, Skin Sun Exposed Lower 
leg, Esophagus Mucosa, Adipose Visceral 
Omentum, Muscle Skeletal, Heart Atrial 
Appendage, Breast Mammary Tissue, Esophagus 
Muscularis 

T2D Cis  
Cis 

rs1108842 
rs2590838 

HUVEC, NHEK 
HUVEC, NHEK 

Thyroid 
Thyroid 

PPARG 
Obesity Cis rs11709077 NHEK Heart Left Ventricle 
T2D Cis rs1801282 HUVEC, NHEK, K562, HMEC, IMR90, GM12878, KBM7 Heart Left Ventricle 

SLC38A11 
Obesity Cis rs355810 HUVEC, NHEK Muscle Skeletal 
T2D Cis rs3923113 IMR90, NHEK Breast Mammary Tissue 

SYN2 

Obesity Cis rs11709077 HUVEC Muscle Skeletal 
T2D Cis 

Cis 
rs17036101  
rs1801282 
rs13081389 

HUVEC, NHEK, K562, IMR90, GM12878, KBM7 
HUVEC, NHEK, K562, HMEC, GM12878, KBM7 
K562, HUVEC, IMR90, NHEK, KBM7 

Heart Atrial Appendage 
Muscle Skeletal 
Esophagus Muscularis 

TH 
Obesity Cis rs7111341 NHEK Skin Not Sun Exposed Suprapubic 
T2D Cis rs11043007 HUVEC, IMR90 Skin Not Sun Exposed Suprapubic 

TMEM110 

Obesity Cis rs2710323 HMEC, HUVEC, NHEK, IMR90, KBM7 Artery Aorta, Adipose Subcutaneous, Muscle 
Skeletal, Cells Transformed fibroblasts, Lung, 
Whole Blood 

T2D Cis rs1108842 
rs2590838 

IMR90, NHEK 
IMR90, NHEK, KBM7 

Whole Blood 
Whole Blood 

UGGT2 
Obesity Cis  

Cis 
rs7989336  
rs9634489 

NHEK, KBM7 
NHEK, IMR90 

Skin Not Sun Exposed Suprapubic 
Pancreas 

T2D Cis rs2038823 IMR90, KBM7 Skin Not Sun Exposed Suprapubic 

  †, NHGRI-EBI GWAS Catalog version v1.1 downloaded 13/07/2016 ¥, Rao et al. 2014; ǂ,GTEX version 4.1 accessed 09/30/16. T2D: type 2 diabetes
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We used a Monte Carlo method to test for an enrichment for eQTL connections within the 

diabetes and obesity associated SNPs. eQTLs were identified in 1000 sets of 483 SNPs that were 

randomly chosen (with replacement) from a set of 1264: a) SNPs randomly selected from the 

Single Nucleotide Polymorphism database (dbSNP build 147, 14/04/2016); and b) GWAS Catalog 

SNPs that were associated with non-diabetes related traits (Table 3-1). The dbSNP tests resulted 

in the identification of between 0 - 14 eQTL SNP regions acting on between 0 - 22 genes per set 

of 483 randomly selected SNPs (Table 3-5).  Notably, the diabetes and non-diabetes associated 

SNPs identified significantly (t-test p-value <0.00001) more connections than the dbSNP tests—

consistent with a functional role for the regions labelled with these SNPs in phenotype 

development. Therefore, we conclude that the number of eQTL SNP gene pairs we observed is 

significant (p<0.00001) and unlikely to be due to false positives created from random spatial eQTL 

connections (compare Table 3-5 to Table 3-3).  

 

 
Table 3-5 eQTL relationships of 483 dbSNP and non-diabetes associated SNPs  

Python’s random library was used to randomly select SNPs from dbSNP build 147 (14/04/2016) and non-diabetes 
associated SNPs from the GWAS Catalog (Table 3-1). The cis- and trans-eQTL regulatory interactions within each set 
were identified using CoDeS3D. # Spatial SNP-gene pairs were those whose Hi-C restriction fragments overlapped 
(Figure 3-1 Step iii). † eQTL SNPs were defined as having significant (FDR ≤ 0.05) interaction(s) with at least one 
gene. || eGenes were those whose expression was shown to be affected by an eQTL SNP. § Non-redundant 
significant (FDR ≤ 0.05) eQTL SNP-eGene pairs (Figure 1 Step v). ‡ The total number of eQTL SNP-eGene 
interactions with FDR ≤ 0.05 in at least one GTEx tissue. ¶ Trans eQTL interactions were defined as occurring 
between loci > 1Mb apart, or on different chromosomes, with an FDR ≤0.05. 
 
 

 dbSNP Non-diabetes SNPs 
 Range Mean StDev Range Mean StDev 

Spatial SNP-gene pairs# 842 - 2297 1524.38 224·44 24559–27550 25911.5 452.71 
eQTL SNPs† 0 - 14 5.137 2.77 159–227 191.60 11.63 
eGenes 0 - 22 7.266 4.51 233–380 306.85 24.63 
eQTL SNP-eGene pairs§ 0 - 22 7.266 4.51 264–436 344.63 29.3 
eQTL SNP-eGene interactions‡ 0 - 73 27.943 19.73 987–2001 1431.76 176.23 
Trans eQTL SNP-eGene interactions¶ 0 - 8 1.46 1.51 33–93 59.84 10.13 
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Due to the restrictions on Hi-C data resolution, SNPs that were in strong linkage and located 

on the same restriction enzyme fragment were not separable using CoDeS3D. For example, IRS1 

expression is associated with rs1515110, rs2943640 (r2 = 0.85), rs2943641 (r2 = 0.86), rs925735 (r2 

= 0.93), and rs2176040 (r2 = 0.87) (Table 3-6). All five of these eQTL SNPs mark an IRS1 

regulatory element that is located on a single MboI restriction fragment. Similar effects were 

observed for the genetic variants that regulate the FADS1 (i.e. rs174541 and rs174550 [r2 = 0.89]), 

JAZF1 (i.e. rs849134, rs849135 [r2 = 0.95], rs864745 [r2 = 0.97]) and NPC1 (i.e. rs1805081 and 

rs1808579 [r2 = 0.7]) (Table 3-6). These examples highlight the inappropriateness of annotating 

one SNP as being causal, with respect to the eQTL, in the absence of additional information that 

separates the effects of the combinations of linked variants that are within the restriction fragment.  
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Table 3-6 Spatial eQTL effects on genes involved in lipid metabolism 
eQTL SNP 

 
OR/ 
Beta 

OR/Beta 
Direction 

Disease/Trait Trait 
Description¥ 

GWAS-
mapped Gene 

CoDeS3D-
mappe Gene 

Effect size# 

     
Adipose 
Subcut. 

Adipose 
Visceral 

Skeletal 
Muscle 

Pancreas 

SNPs: Type 2 diabetes; Disease risk: positive* 

rs507506 0.022 decrease Adiponectin 
levels 

 DLG4 ACADVL -0.20 - - - 

rs507506 0.022 decrease Adiponectin 
levels 

 DLG4 CLDN7 -0.36 -0.44 -0.56§ - 

rs174541 0.28 increase Metabolite levels adrenate FEN1 - FADS1 FADS1 - - -0.21 -0.70 

rs174550 ND 
 

Fasting glucose-
related 

 FADS1 FADS1 - - -0.20 -0.73 

rs7945071 3.012 increase Cognitive 
function 

RAVLT LOC105369486 FDX1 - 0.23 - - 

rs2290402 ND 
 

Type 2 diabetes AA TMEM175 IDUA - -0.41 -0.29 - 
rs1515110 0.022 decrease Adiponectin 

levels 
 LOC646736 - 

LOC105373913 
IRS1 -0.26 - - - 

rs2943640 1.09 
 

Type 2 diabetes  LOC646736 - 
LOC105373913 

IRS1 -0.31 - - - 

rs2943641 1.19 
 

Type 2 diabetes 
and other traits 

 LOC646736 - 
LOC105373913 

IRS1 -0.29 - - - 

rs925735 0.02 decrease Adiponectin 
levels 

 LOC105373913- 
LOC105373915 

IRS1 -0.27 - - - 

rs10510110 1.05 
 

Type 2 diabetes  PLEKHA1 - 
LOC105378525 

PLEKHA1 -0.20 - -0.14 - 

rs7493 1.06 
 

Yu-Zhi 
constitution type  

Genotype model PON2 PON2 - - -0.28 -0.37 

 

SNPs: Type 2 diabetes; Disease risk: negative* 
rs849134 1.13 

 
Type 2 diabetes  JAZF1 JAZF1 0.20 0.25 0.27 0.52 

rs849135 1.12 
 

Type 2 diabetes  JAZF1 JAZF1 0.20 0.25 0.27 0.52 
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eQTL SNP 
 

OR/ 
Beta 

OR/Beta 
Direction 

Disease/Trait Trait 
Description¥ 

GWAS-
mapped Gene 

CoDeS3D-
mappe Gene 

Effect size# 

     
Adipose 
Subcut. 

Adipose 
Visceral 

Skeletal 
Muscle 

Pancreas 

rs864745 1.1 
 

Type 2 diabetes 
 

JAZF1 JAZF1 0.20 0.24 0.27 0.51 

rs2290402 ND 
 

Type 2 diabetes AA TMEM175 DGKQ -0.30 - - - 

rs507506 0.022 decrease Adiponectin 
levels 

 DLG4 CTDNEP1 0.21 - - - 

 

SNPs: obesity; Disease risk: positive* 
rs2230061 0.06 decrease Fat body mass Adjusted by Lean 

body mass 
CTSS ARNT - 0.19 - - 

rs2230061 0.06 decrease Fat body mass Adjusted by Lean 
body mass 

CTSS CTSS 0.17 - 0.29§ 0.33 

rs8050907 0.03 increase Obesity-related 
traits 

Total 
antioxidants 

PKD2L1 HMOX2 - - 0.66 - 

rs10540 0.028 increase Body mass index EA, men RNH1 HRAS -0.31 - -0.24 - 
rs2176040 0.024 increase Body mass index EA, men LOC646736 - 

LOC105373913 
IRS1 -0.29 - - - 

rs4144743 0.023 increase Body mass index EA MYL4 - ITGB3 ITGB3 -0.33 - -0.31§ - 
rs1805081 1.41 

 
Obesity Adults NPC1 NPC1 0.54 0.45 0.14 0.40 

rs1808579 0.022 increase Body mass index EA, women C18orf8, NPC1 NPC1 0.45 0.37 0.13 0.38 

rs4888671 0.03 increase Obesity-related 
traits 

Folate NUDT7 - 
VAT1L 

NUDT7 0.44 0.46 - 0.58 

rs11247915 0.03 increase Obesity-related 
traits 

Calorimeter 
activity 

ALLC, 
LOC105373393 

PIGV - - -0.2 - 

rs10540 0.028 increase Body mass index EA, men RNH1 PTDSS2 -0.36 -0.43 -0.36 - 
rs2650492 0.021 increase Body mass index EA SBK1 SULT1A1 - - -0.29 -0.51 
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eQTL SNP 
 

OR/ 
Beta 

OR/Beta 
Direction 

Disease/Trait Trait 
Description¥ 

GWAS-
mapped Gene 

CoDeS3D-
mappe Gene 

Effect size# 

     
Adipose 
Subcut. 

Adipose 
Visceral 

Skeletal 
Muscle 

Pancreas 

SNPs: obesity; Disease risk: negative* 

rs17001654 0.03 increase Body mass index  SCARB2 NAAA 0.35 - - - 

rs7503807 1.04 
 

Obesity Overweight RPTOR RPTOR - - 0.16 - 

The genes have an expression of >1.0 RPKM in subcutaneous and visceral adipose, skeletal muscles and pancreas, and their role in lipid metabolism was identified using the IPA 
knowledgebase. #The effect size of the eQTL as defined by GTEx. The slope of the linear regression computed as the effect of the alternative allele (ALT) relative to the reference 
allele (REF) in the human genome reference GRCh37/hg19 (i.e. the eQTL effect allele is the ALT allele). §Gene has expression of RPKM < 1.0. RPKM (Reads Per Kilobase of 
transcript per Million mapped reads) is a measure of the abundance of transcripts in RNA-Seq. * SNP effect on disease risk is predicted based on SNP OR/BETA on reported role 
of gene in disease: positive variant, increases risk for disease; negative variant, reduces risk for disease; ambiguous variant, risk is unclear. ¥ RAVLT, Rey Auditory-Verbal Learning 
Task; AA, African-Americans; EA East Asians as reported in the GWAS Catalog. ND: Odd ratio or beta not determined in GWAS.
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3.3.2 Co-regulation occurs for localized genes 

Obesity and diabetes spatial eQTL SNPs mark loci that co-regulate the genes they are in 

physical proximity with. The obesity SNP rs2710323, together with two diabetes SNPs, rs2590838 

(R2, 0·78) and rs1108842 (R2, 0.8), are located in loci that regulate genes (TMEM110, MUSTN1, 

ITIH4, NEK4, GNL3, PBRM1 and NT5DC2) within a 300kb genomic region on chromosome 3 

(Figure 3-4). SNPs rs2710323, rs2590838 and rs1108842 are located in a region that upregulates 

TMEM110 and down-regulates NEK4. Although these three SNPs are in high LD and the genes 

are close together, the effect of the SNPs is gene-specific. For example, the region marked by 

rs2590838 is associated with down-regulation of the NT5DC2, PBRM1 and NEK4 genes, and 

upregulation of TMEM110. By contrast, the locus marked by rs1108842 down-regulates the 

GNL3 and NEK4 genes while upregulating PBRM1 and TMEM110. Finally, the locus marked by 

rs2710323 down-regulates NEK4 but upregulates the other genes.  
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Figure 3-4 Spatial co-regulation of genes by obesity and type 2 diabetes eQTL SNPs 
SNPs rs2590838, rs1108842 and rs2710323 are in high LD (0.78 – 0.8) however their effects are gene specific. 
The different line strokes distinguish different SNP-gene interactions. Notably, rs1108842 within the GNL3 gene 
on chromosome 3 trans-regulates RPS6KA2 on chromosome 6, which is also regulated by another trans interaction 
with rs8093481 on chromosome 18. There was only one Hi-C interaction captured supporting the connection 
between the MboI fragments containing rs1108842 and RPS6KA2 in the cell lines used in this study. Intronic 
variants of RPS6KA2 have been associated with diabetic cataracts in the Taiwanese population. Moreover, 
epigenetic modifications within RPS6KA2 have been linked to proliferative diabetic retinopathy, and the gene 
product of RPS6KA2 is linked to insulin resistance through the mTOR signaling pathway 
(http://www.kegg.jp/kegg-bin/show_pathway?hsa04931+6196). 

 

 

3.3.3 Common variant association signals from different 

ethnicities show extensive connectivity 

SNPs within the IGF2BP2 gene that were previously identified, by a trans-ancestral 

GWAS meta-analysis232, as being common in East Asian, European, South Asian, African 

American and Mexican American populations were analysed to determine the pattern of 

connectedness for these SNPs. The transancestral SNPs were located within a 52,598 bp 

region spanning the terminal 5’ intron of IGF2BP2 and were involved in cis-eQTLs with 
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IG2FBP2 itself (Figure 3-5). Notably, the trans-acting SNPs (rs13100823, rs11705729, and 

rs11927381) are in strong LD (>0.97 r2). However, they are located on different MboI 

restriction fragments (Figure 3-5) and act as eQTLs in a gene and tissue specific manner (Table 

3-7). Trans-acting eQTL SNPs associated with the IGF2BP2 locus were also observed between 

rs4402960 - GRM1 (Chr 6), rs1470579 - CCDC14 (Chr 3), and rs1470579 - SND1 (Chr 7).  

 

 

 

 
Figure 3-5 Trans-ancestral SNPs within IGFBP2 have cis- and trans-regulatory effects 
The trans acting SNPs rs13100823, rs11705729, and rs11927381 are in LD but act as eQTLs for different genes 
in a tissue specific manner. This observation is consistent with the SNPs being located on different MboI 
restriction fragments, which are captured interacting with different genomic regions. 
 
 

 

 

 

Table 3-7 Tissue-specific trans-interactions within the fine-mapped IGF2BP2 region. 

eQTL SNP 
Gene GTEx eQTL adj.p-

value Cell line* 
Name Chr Start (bp) Tissue¥ p-value (E-05) 

rs13100823 RBM47 4 40425272 Whole blood 1.68 0.049 HUVEC 
rs11705729 KIAA1430 4 186080819 Hypothalamus 1.18 0.036 NHEK 
rs11927381 DIS3L2 2 232825955 Lung 1.08 0.034 NHEK 

Thirty-three out of the 36 fine-mapped SNPs within the IGF2BP2 region were identified as significant cis-acting 
eQTLs within the thyroid tissue. Trans-eQTL SNPs were defined as occurring between loci > 1Mb apart, or on 
different chromosomes, with FDR ≤0.05. * Cell line in which the SNP-gene interaction was captured.  ¥ Tissue 
the eQTL was identified in. 
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3.3.4 Comorbidity: pathway interactions or shared genes? 

Comorbidity can be explained by direct effects on the same genes or epistatic effects acting 

through pathways. Notably, only sixteen common genes (Table 3-8) were affected by eQTL SNPs 

that were linked to obesity and type 2 diabetes (Table 3-9). Of these, only ARAP1 and BRD7 were 

affected by globally significant SNPs (i.e. rs8050136 and rs11603334) that had previously been 

associated with both obesity and type 2 diabetes.  

 

 

Table 3-8 SNPS associated with both diabetes and obesity 
SNP Context Trait Mapped Genes 

rs9939609 Intron variant Type 2 diabetes, Body mass index FTO 

rs7903146 Intron variant Type 2 diabetes, Metabolic syndrome, 
Proinsulin levels, Body mass index 

TCF7L2 

rs998584 Downstream gene variant Adiponectin levels, Body mass index VEGFA - 
LOC105375070 

rs16862964 Intergenic variant Type 2 diabetes (young onset) and obesity LOC105374268 
rs715 3’ UTR variant Metabolite levels, Body mass index CPS1 
rs8050136 Intron variant Type 2 diabetes, Adiposity, Weight FTO 
rs12970134 Intergenic variant Type 2 diabetes, Weight LOC105372154 - 

LOC105372155 
rs10830963 Intron variant Type 2 diabetes, Fasting glucose-related 

traits, Glucose homeostasis traits, Obesity-
related traits 

MTNR1B 

rs11603334 5’ UTR variant Proinsulin levels, Body mass index ARAP1 
rs6595551 Downstream gene variant Type 2 diabetes (young onset) and obesity LOC105379156 - 

LOC105379157 
These SNPs had significant association (p< 5.0 x10-8) in both type 2 diabetes and obesity genome-wide association 
studies.
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Table 3-9 Top canonical pathways and biological functions of eGenes targeted by both obesity- and type2 diabetes-associated SNPs 
Canonical pathways Tissues No· eGenes P-value Biological functions Tissues No ·eGenes P-value range 
Arsenate detoxification I P 1/4 1.34E-02 Antigen presentation L 1 5.95E-03 – 1.70-03 
D-myo-inositol (1,4,5)-triphosphate 
biosynthesis 

L 1/27 2.28E-02 Carbohydrate metabolism T 15 1.70E-02 – 4.24E-04 

Dopamine degradation B 3/35 2.38E-03 Cell cycle SM 14 1.84E-02 – 1.12E-04 
ERK5 signalling SM 4/63 6.17E-04 Cell death and survival L 3 3.19E-02 – 1.70E-03 

P 2/63 1.91E-02 AV 14 4.90E-02 – 3.90E-04 

AS 4/63 1.03E-03 

AV 3/63 1.23E-03 

Estrogen biosynthesis L 1/39 3.27E-02 Cell morphology B 22 1.52E-02 – 1.11E-05 
AS 30 3.48E-02 – 2.15E-03 

AV 2/39 7.53E-03 AV 9 3.62E-02 – 2.44E-03 

P 9 4.61E-02 – 3.08E-04 

Glycine betaine degradation B 2/10 2.50E-03 Cell-to-cell signalling and interaction L 6 4.83E-02 – 8.53E-04 

AS 2/10 2.15E-03 T 15 1.69E-02 – 7.15E-05 
HER-2 signaling in breast cancer AS 4/88 3.5E-03 Cellular assembly and organisation AS 24 3.48E-02 – 2.17E-04 

AV   

B 38 1.52E-02 – 1.40E-06 

HIPPO signalling SM 4/86 1.97E-03 Cellular compromise T 9 1.69E-02 – 4.24E-04 
AS 12 3.48E-02 – 1.91E-03 

L-serine degradation P 1/3 1.01E-02 Cellular development B 31 1.52E-02 – 1.40E-06 

AV 1/3 1.08E-02 L 5 4.96E-02 – 8.53E-04 
P 11 4.93E-02 – 9.88E-04 

Macropinocytosis signalling AS 4/81 2.61E-03 Cellular growth and proliferation B 55 1.52E-02 – 1.40E-06 

L 4 4.96E-02 – 8.53E-04 
AS 10 3.48E-02 – 1.35E-04 

Melatonin degradation I B 5/62 1.10E-04 Cellular movement T 8 1.69E-02 – 2.13E-04 

T 3/62 1.57E-02 
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Canonical pathways Tissues No· eGenes P-value Biological functions Tissues No ·eGenes P-value range 
Mitochondrial dysfunction T 5/171 1.54E-02 Drug metabolism B 9 1.52E-02 – 1.28E-06 

SM 4 1.84E-02 – 5.55E-04 
T 3 1.69E-02 – 4.24E-04 

MSP-RON signalling  B 4/59 1.07E-03 Energy production P 3 2.33E-02 – 1.66E-04 
Notch signalling L 1/38 3.19E-02 Lipid metabolism AS   

AV 11 4.90E-02 – 7.11E-04 

P 10 4.93E-02 – 1.66E-04 

SM 18 1.57E-02 – 2.24E-04 

Oleate biosynthesis SM 2/13 2.81E-03 Molecular transport AV 8 4.90E-02 – 1.64E-04 
T 2/13 5.24E-03 

SM 10 1.23E-02 – 5.55E-04 
Phosphatidylethanolamine 
biosynthesis III 

P 1/1 3.36E-03 Post-translational modification AS 20 3.24E-02 – 3.23E-04 

T 1/1 8.48E-03 

AV 1/1 3.34E-03 

Role of cytokines in mediating 
communication between immune 
cells 

L 1/54 4.51E-02 Small molecule biochemistry P 14 4.93E-02 – 1.66E-04 

SM 24 1.84E-02 – 5.55E-04 
AV 13 4.90E-02 – 3.90E-04 

Sertoli cell (junction) signalling SM 5/178 4.94E-03     
TNFR1 signalling P 2/49 1.18E-02     
Wnt/Ca+ pathway L 1/57 4.75E-02     
γ-linolenate biosynthesis II SM 2/17 4.82E-03     

T 2/17 8.94E-03 

Dermatan sulfate biosynthesis AV 2/47 1.08E-02     

Virus entry via endocytic pathways AS 4/102 5.94E-03     

The eQTL SNP-eGene interactions were from pancreas (P), subcutaneous adipose (AS), visceral adipose (AV), liver (L), brain (B), skeletal muscle (SM), and thyroid (T). Pathway 
analysis was done in IPA. P-values are overlap p-values calculated by the IPA software233. The p-value range for biological processes is derived from the p-values of their sub-
categories.
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eQTL SNP-gene pairs for obesity and type 2 diabetes showed evidence for significant epistatic 

interactions within the glucose-insulin and leptin signalling pathways (Figure 3-6).  However, the 

number and distribution of significant eQTL effects (FDR ≤ 0.05) associated with the SNP-gene 

pairs occurred in a disease and tissue specific manner (Figure 3-7 and Figure 3-8). The observed 

tissue specific distribution of the eQTL SNP-gene pairs for the non-diabetes associated SNPs was 

significantly different to that obtained for the diabetes associated SNPs for all tissues (t-test p-

value = 0.001347; Figure 3-9).  Restricting the effect to eQTL SNP gene pairs in which the gene 

was expressed at > 1.0 Read(s) Per Kilobase of transcript per Million mapped reads (RPKM), to 

reduce the impact of very lowly expressed genes, identified some small differences in the disease 

and tissue specific distributions of the effects (compare Figure 3-7 and Figure 3-8).  
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Figure 3-6 Target genes within the glucose-insulin and leptin signaling pathways 
Novel and predicted eQTL SNP gene interactions fall within: A) the glucose-insulin; and B) the leptin signaling 
pathways. The dominant effect for the eQTL SNPs is to down-regulate the gene transcript level, consistent with the 
SNP falling within an enhancer region. Novel eQTL SNP-gene pairs contribute numerous regulatory interactions to 
both pathways including trans-regulatory connections (e.g. JAK2), and combined action on single genes (i.e. IRS1 and 
POMC). 
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Figure 3-7 Distribution of eQTLs targeting genes with expression >1.0 RPKM 
Diabetes and obesity disease-associated spatial SNPs with significant eQTL effects (FDR ≤ 0.05) are unevenly 
distributed throughout human tissues. Tissues with <10% total number of spatial eQTL SNPs in type 2 diabetes and 
obesity include the liver (1.3%, 3.9%), stomach (7.5%, 9.7%) and pituitary gland (8.1%, 8.2%) respectively. Other 
tissues: adrenal gland, atrial aorta, coronary artery, brain - anterior cingulate cortex (BA24), brain - caudate basal 
ganglia, brain - cortex, brain - frontal cortex (BA9), brain - hippocampus, brain - hypothalamus, brain - nucleus 
accumbens basal ganglia, brain - putamen basal ganglia, breast - mammary tissue, sigmoid colon, transverse colon, 
gastroesophageal junction, liver, ovary, pituitary, prostrate, spleen, stomach, testis, uterus and vagina. All eQTL SNP 
genes included in this analysis were expressed with an RPKM of >1.0 (GTEx version 4.1, accessed on 09/30/16). 
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Figure 3-8 Distribution of all diabetes and obesity associated eQTLs 
The number of disease-associated spatial SNPs with significant eQTL effects (FDR ≤ 0.05) varies across tissues. 
Tissues with <10% total number of spatial eQTL SNPs in type 2 diabetes and obesity include the liver (2.6%, 4.4%), 
stomach (7.1%, 9.2%) and pituitary gland (7.7%, 8.0%) respectively. Other tissues: adrenal gland, atrial aorta, coronary 
artery, brain - anterior cingulate cortex (BA24), brain - caudate basal ganglia, brain - cerebellar hemisphere, brain - 
cortex, brain - frontal cortex (BA9), brain - hippocampus, brain - hypothalamus, brain - nucleus accumbens basal 
ganglia, brain - putamen basal ganglia, sigmoid colon, transverse colon, gastroesophageal junction, liver, ovary, 
pituitary, prostrate, spleen, stomach, uterus and vagina. Spatial eQTL SNPs are included here regardless of the 
expression levels (RPKM) of the genes they regulate. The distribution of eQTL-SNP gene pairs across human tissues 
was significantly different (p<0.0001, t-test for correlated samples) for GWAS SNPs associated with diabetes and 
obesity (p<9 x 10-6). eQTL data was obtained from the GTEx Portal (Version 4·1, 09/30/16) for spatially associated 
SNP-gene pairs.   
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Figure 3-9 Distribution of eQTL SNPs non-diabetic traits and among random dbSNPs 
To control for the tissue distribution observed in type 2 diabetes, we used the Monte Carlo method on 1000 sets of 
randomly chosen 483 SNPs from dbSNP (Table 3-3) and 57 non-diabetic related traits from the GWAS Catalog 
(Table 3-1) to test for spatial eQTL interactions and their tissue distribution (as means of total eQTL-SNP gene pairs). 
The patterns of eQTL interactions observed in all tissues of the dbSNP and non-diabetic controls were significantly 
different (p-values of <0.00001 and 0.001347 respectively) to tissues in type 2 diabetes. 

 

 

The disease and tissue specificity of the spatial eQTL SNP-gene pairs can be further classified 

according to the metabolic function(s) that the interacting gene is involved in (Table 3-9). Analysis 

using the curated IPA knowledgebase identified enrichment for genes involved in lipid metabolism 

in the following tissues: adipose (p-value < 3.07 x 10-2), skeletal muscle (p-value < 1.57 x 10-2), and 

pancreas (p-value < 4.93 x 10-2; Supplementary Data 3-3 [doi: 10.17608/k6.auckland.5285044]). 

Notably, there was no enrichment for eQTL SNP-gene pairs involving genes for lipid metabolism 

within the liver.  

https://doi.org/10.17608/k6.auckland.5285044


 

 94 

SNPs associated with fasting insulin-based measures of insulin resistance have previously 

been linked to a reduction in subcutaneous adipose tissue and adverse metabolic profiles234. Re-

analysis of these SNPs, using our approach, revealed that they mark loci that spatially regulate 

genes in tissues central to metabolism including subcutaneous adipose, visceral adipose and thyroid 

(Table 3-10). The strength of our integrative approach is again highlighted as fourteen of the 

spatially regulated genes were not previously associated with the SNPs but may contribute to the 

mechanistic interpretation of metabolic dysfunction (e.g. PPA2, a negative regulator of the insulin 

metabolic signaling pathway and CCTN2, a regulator of leptin235 and ADIPOQ236). 

 

Table 3-10 Favourable adiposity SNPs spatially interact (FDR ≤ 0.05) with insulin-related genes in 
different tissues  

SNPs have previously been associated with decreased insulin resistance by Yaghootkar et al., (2016) 234. * Effect size 
of the eQTL SNP on the gene is the normalized effect size as calculated by GTEx (version 4.1). 

 
 

  

SNP Reported Gene Interacting Gene GTEx tissues Effect size* Adj. pval 

rs2943645 IRS1 IRS1 Subcutaneous adipose -0·29 0.000086 

rs731839 PEPD PEPD Esophageal mucosa 0·27 0.003370 

rs974801 TET2 TET2 Transformed fibroblasts -0·16 0.034366 

rs974801 TET2 PPA2  Esophageal mucosa  -0·23 0.000023 

rs974801 TET2 PPA2  Subcutaneous adipose  -0·21 0.003370 

rs4846565 LYPLAL1 SLC30A10   Sun-exposed lower leg skin -0·34 0.007257 

rs780094 GCKR GCKR Thyroid 0·25 0.003614 

rs780094 GCKR FNDC4  Thyroid 0·30 0.000006 

rs780094 GCKR NRBP1  Whole blood -0·23 0.000147 

rs780094 GCKR NRBP1  Subcutaneous adipose -0·17 0.045435 

rs780094 GCKR NRBP1  Sun exposed lower leg skin -0·23 0.016966 

rs780094 GCKR NRBP1  Testis -0·29 0.007126 

rs1530559 YSK4 AC016725.4  Cerebellum -0·52 0.014066 

rs1530559 YSK4 TMEM163  Whole blood -0·29 0.005210 

rs1530559 YSK4 TMEM163  Testis 0·37 0.003614 

rs1530559 YSK4 TMEM163  Esophageal mucosa -0·35 0.018119 

rs1530559 YSK4 DARS  Thyroid 0·23 0.005210 

rs1530559 YSK4 CCNT2  Aortal artery 0·20 0.007299 
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3.4 Discussion 

Here we identify the functional effects of loci marked by SNPs associated with diabetes 

and/or obesity. Our results identify differential regulation of genes by loci marked by diabetes and 

obesity associated spatial eQTL SNPs. These regulatory interactions occur in a disease and tissue 

specific manner. We identify sets of eQTLs in tissues that are not classically associated with 

diabetes or obesity in addition to those that are known to be involved in energy homoestasis and 

adiposity (e.g. thyroid238 and subcutaneous adipose239). Our findings are consistent with the specific 

effects of the genetic variants associated with diabetes and obesity acting combinatorially in an 

individual, tissue and developmental stage manner.  

The identification of SNP-gene pairs is central to our approach to integrate these orthogonal 

data sets. To do this we rely upon high (1 kb) resolution Hi-C data captured from eight non-

synchronized immortalized human cell lines (Table 3-2). It could be argued that the identification 

of these SNP-gene interactions should incorporate a measure of the significance of Hi-C data. 

However, there is: a) a high level of conservation of topologically associated domains between cell 

lines and lineages125; and b) Hi-C contacts captured from a population of cells represent a 

stochastic structure in which permissible interactions occur at a detectable frequency even when 

they are not the dominant interactions240. Thus, we contend that the captured interactions within 

the immortalized cell lines represent those that are capable of forming within the human genome. 

Despite this it is clear that trans interactions show much greater cell-type specificity. Therefore, 

future work should incorporate tissue and developmental stage specific Hi-C maps into the 

analysis to ensure complete identification of all possible SNP-gene pairs.  

The eQTL SNP-gene connections we described were identified across and not within a single 

population. This complication arose because the Hi-C cell lines and GTEx data we used were not 

pair-matched. While this may be sub-optimal, we contend that previous transferability studies have 

identified common genetic variants that have regular effects across populations241,242. Consistent 

with this, we identified a series of regulatory connections that involved previously identified fine-

mapped trans-ancestral SNPs within intron 1 of the IGF2BP2 locus232. In addition to strong zones 

of cis-regulation of IGF2BP2 itself, three of the trans-ancestral eQTL SNPs within intron 1 of 

IGF2BP2 trans-regulate the diabetes and obesity related RBM47 243, KIAA1430 244, and DIS3L2245. 

Notably, the cis-eQTLs affect the thyroid, while trans-eQTLs affect the lung, hypothalamus and 

whole blood tissues. Despite the fact that there is no Hi-C data that identifies race specific changes 

in genome organization, the identification of effects associated with trans-ancestral SNPs is 
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consistent with allele frequencies impacting on elements responsible for the formation, 

maintenance, or regulatory outcomes of SNP-gene interactions. Therefore, allele frequency 

dependent changes to tissue specific eQTL distributions may contribute to race specific 

differences in the development and progression of diabetes and obesity. As such, it is important 

to match samples and integrate the Minor Allele Frequencies (MAFs) of the variants40 into future 

investigations of the combinatory effects of these variants in different genetic backgrounds. 

The etiological association of obesity and diabetes spatial eQTL SNPs can follow any of the 

four described models for comorbidity pathways246: 1) the direct causation model where the genetic 

variants for one disease directly cause the second disease; 2) association, in which the genetic 

variants for the two diseases are correlated and thus increase the likelihood of the diseases 

occurring simultaneously; 3) the heterogeneity model, whereby the genetic variants are 

uncorrelated but each can cause the comorbid diseases; and 4) the independence model, in which 

the comorbid diseases arise as a result of a third distinct disease condition. We observed a low 

direct overlap between the eQTLs for type 2 diabetes and obesity. Yet, regions marked by obesity 

and type 2 diabetes SNPs were associated with numerous significant regulatory impacts on genes 

within the glucose-insulin and leptin signalling pathways. These observations are consistent with 

the rewiring of physical and genetic interaction networks across complex disease conditions22,247–

249. Collectively our results indicate that the comorbidity pathway for diabetes and obesity is likely 

due to the combined effect of correlated changes within pathways and tissues.  

The tissue specificity of the regulatory effects we identified is consistent with current 

observations of the dynamic changes that occur within local and global landscapes of genome 

organization in different cell types125,226. The partitioning we observed was significantly different 

to the tissue-specific profiles for non-diabetes associated SNPs (p<0.001). This finding reinforces 

the high discovery potential of integrating diverse sets of partially orthogonal data. This is 

particularly pertinent for polygenic type 2 diabetes and obesity where the metabolic dysbiosis is 

associated with a fundamental breakdown in the ability of the body to maintain and regulate a 

stable equilibrium for energy metabolism. The increased numbers of obesity eQTLs may reflect 

the fact that obesity can result from perturbations to a greater number of pathways, or at more 

points within these pathways, than diabetes. However, it should be noted that the absolute number 

of eQTL SNP-gene pairs that are impacting on gene regulation in a particular tissue is not 

necessarily a direct measure of the significance of the changes for either diabetes or obesity. 

We undertook a discovery approach that makes no a priori assumption of tissue relevance. 

This was necessary because GTEx is a growing resource that does not currently include all the 

tissues that are classically considered ‘relevant’ to the pathogenesis of Type 2 diabetes or obesity. 
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The utility of our discovery based approach is reinforced by studies on Huntington’s disease that 

have identified pre-pathology changes in tissues, which were not previously associated with 

pathogenesis or disease progression250. Treatment of these tissue specific changes are 

therapeutically possible, can delay onset and improve quality of life for Huntington’s carriers. 

Therefore, the incorporation of non-classical diabetes/obesity tissues into our analysis potentially 

informs on system-wide changes that contribute to the development of the disorders. Future 

expansion to cell-type specific data that overcomes mRNA averaging effects is important. 

However, these approaches also suffer from limitations caused by the artificial nature of the 

environment, lack of appropriate cell-to-cell communication, tissue manipulation etc. Future work 

aimed at understanding how SNPs contribute to these disorders through specific pathological 

pathways, for example impacts on the insulin secreting islets that constitute <1% of the pancreas, 

will require an approach that integrates cellular and tissue specific understandings.  

Our results provide novel insights into the separate roles of different adipose repositories in 

the development of the metabolic syndrome251–254. For example, the adipose expandability 

hypothesis attempts to explain the well-known differential effects of subcutaneous and visceral fat 

on diabetes and obesity. This hypothesis posits that the capacity of subcutaneous adipose to store 

fat and modulate circulating adipokines can be exceeded, after which adipokine derangements and 

ectopic fat deposition occur255–257. Thus, our observation that subsets of population level diabetes 

and obesity associated SNPs impact on gene expression within the sub-cutaneous fat, potentially 

altering its capacity to store fat and moderate levels of circulating adipokines, is notable. However, 

the SNPs we analysed were identified at the population level and specific individuals will contain 

different combinations of these variants. Thus, it is possible that genotype specific combinations 

of diabetes and obesity associated SNPs that mark regulatory regions with negative effects on lipid 

related gene expression within sub-cutaneous fat can partially explain individual responses. Unlike 

single gene disorders, loss of regulatory responsiveness need not be catastrophic but may lead to 

a small but compounding increased risk of spill-over over an individual’s lifetime. Moreover, this 

increased risk can be further impacted by eQTL SNP gene interactions occurring in other tissues 

critical to metabolic control (e.g. pancreatic cells; Figure 3-10).  
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Figure 3-10 Metabolic restriction model for integrated effects SNPs 
In this model, increasing the number of obesity and type 2 diabetes associated eQTL SNP-gene interactions in critical 
tissues results in small but cumulative increases in risk due to reductions in capacity to respond to peak energy supply. 
Genes that are subject to tissue specific eQTL effects are annotated. The esophagus, lungs, and tibial artery and nerve 
do not have established roles in the regulation of metabolic functions although there are associations between these 
organs (or their dysfunction) and diabetes and obesity. 

 

 

In conclusion, we propose that the identity and number of obesity and diabetes spatial eQTL 

SNP-gene pairs that are active within different tissues reduces the ability of these tissues to 

contribute to the maintenance of a healthy energy metabolism (Figure 3-10). However, this genetic 

risk can be moderated by environmental conditions, including absolute levels of food and exercise. 

Thus, the clinical risk for polygenic disorders is the sum result of the gene-environment 
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interactions that occur within the context of a four-dimensional regulatory network that is ‘tuned’ 

by the combinatorial action of regulatory sites that spatially cluster and are subject to genetic 

variation. Future personalized studies that integrate an individual’s tissue specific eQTL profile 

with longitudinal measurements of clinical biomarkers of type 2 diabetes and obesity will clarify 

the different mechanisms that contribute to the development and apparent paradoxes that are 

associated with these disorders. 
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CHAPTER 4  

Reconstructing the Blood Metabolome and 

Genotype Using Long-Range Chromatin 

Interactions 

 

 

 

 

 

 

 

 

 
This chapter is in review for publication. 
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My work so far has focused on diseases. In this chapter, I investigate the genetic regulation 

of intermediate metabolites because metabolism is central to maintaining homeostasis. 

Understanding the genetic mechanisms that regulate metabolism is important because disruption 

of homeostasis underlies the development of many diseases. This investigation also has practical 

utility as intermediate metabolites are often used as diagnostic markers for disease. 

4.1 Background 

The interaction between genetic variation, environment and lifestyle affects metabolite levels 

in humans258. The levels of these metabolites are central to the expression of phenotypes and 

disease development (e.g. cholesterolaemia, cancer, and type 2 diabetes259–261). Despite decades of 

work targeting metabolites of interest, the genetic networks and genes that modify metabolic 

potential remain poorly characterised and their therapeutic and diagnostic utility remains 

unrealized. 

Whole genome or exome sequencing, in combination with metabolomic techniques, have 

been used to identify the genetic influencers of the human blood metabolome262–266. In arguably 

the most comprehensive analysis to date, Shin and colleagues262 performed a genome-wide 

association study (GWAS) and identified 145 genetic loci (SNPs) that correlate with the levels of 

approximately 400 blood metabolites.  As is typical of all GWAS studies, >65% of the SNPs 

identified by Shin et al. were in non-coding regions of the genome. Shin et al. predicted causal genes 

of the genetic loci by scanning 500 kilobase (Kb) regions flanking the SNPs for genes whose 

functions linked with the corresponding metabolite. While it is commonly accepted that GWAS 

SNPs are enriched in regulatory elements, identifying the genes affected by the SNPs using a 

nearest-relevant-gene approach is problematic because the accumulating evidence supports long-

range gene regulatory interactions, including inter-chromosomal, between regulatory elements and 

genes59,123,142,267. Moreover, recent studies suggest that long-range regulatory interactions may play 

a more significant role in modifying disease outcomes than proximal interactions268–270. Long-range 

gene regulatory interactions can occur by several mechanisms: 1) epistatic interactions between 

gene products; 2) widespread action of a transcription factor or non-coding RNA; 3) scanning (e.g. 

the spreading of silencing complexes along a chromosome); or 4) chromatin looping (e.g. direct 

physical contact between enhancers and gene promoters)158. We, and others, have previously used 

genome structural data captured by proximity ligation techniques (e.g. Hi-C122) and eQTL data (e.g. 
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GTEx148 ) to detect chromatin loops that bring long-range regulatory loci in spatial proximity with 

their target genes119,159,268,271–273. 

Here, we set out to use the 3D genome organization to identify target genes for the 145 blood 

metabolite-associated SNPs reported by Shin et al.262. To achieve this, we interrogated chromatin 

interaction (Hi-C) data from eight human cell lines128 (Supplementary Table 1) to identify genes 

that are in physical contact with the SNPs273. Next, we designated functional SNP-gene 

associations by interrogating expression quantitative trait loci (eQTL) in 48 human tissues from 

the Genotype-Tissue Expression (GTEx) database , www.gtexportal.org148. Finally, we employed 

an array of approaches including pathway analysis (KEGG, www.genome.jp), protein classification 

(Protein Atlas, www.proteinatlas.org), drug target analysis (DGIdb, www.dgidb.org), and literature 

text mining (PubMed®, www.ncbi.nlm.nih.gov/pubmed) to annotate the genes that are involved 

in modulating intermediate metabolites in human blood (Figure 4-1). 

 

4.2 Methods 

4.2.1 Data sources 

The 145 metabolite-associated Single Nucleotide Polymorphisms (SNPs) investigated in this 

study are the genome-wide significant hits from Shin et al (2014). Genomic positions of SNPs were 

obtained from the human hg19 genome build chromosome bed files downloaded from NCBI (See 

Data Availability). Gene synonyms and full names were obtained from NCBI’s gene information 

dataset (ftp.ncbi.nih.gov:gene/DATA/GENE_INFO/Mammalia/Homo_sapiens.gene_info.gz). 

We used the GENCODE transcript model (See Data Availability) as reference for gene 

annotations, which is the same reference used in GTEx (Figure 4-1). All isoforms of a gene were 

collapsed into a single gene. The human genome used in this study is the hg19 (GRChr37) build 

of the human genome release 75 (See Data Availability). 

 

ftp://ftp.ncbi.nih.gov:gene/DATA/GENE_INFO/Mammalia/Homo_sapiens.gene_info.gz
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Figure 4-1 Methods workflow 
Methods workflow. Genes in restriction fragments that are spatially interacting with fragments containing metabolite-
associated SNPs were identified using Hi-C libraries. The resulting spatial SNP-gene pairs were used to query GTEx 
for tissue eQTL interactions. Only significant (FDR < 0.05) tissue eSNP-eGene associations were further analyzed 
for ontology, drug associations and literature text mining. 
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4.2.2 Identification of SNP target genes 

The CoDeS3D273 pipeline was used to identify target genes of SNPs (Figure 4-1). In summary, 

restricted fragments that harbor the SNPs were identified in the human genome. Chromatin 

interaction (Hi-C) libraries from eight cell lines (i.e. GM12878, HeLa, HMEC, HUVEC, IMR90, 

K562, KBM7 and NHEK; Supplementary Table 4-1 [doi: 10.17608/k6.auckland.8116097])128 were 

then queried to identify gene fragments that are captured as spatially interacting with the SNP-

containing fragments.  The resulting spatial SNP-gene pairs were used to query GTEx V7 to 

identify eSNP-eGene pairs in 48 human tissues. eSNP-eGene-tissue associations with adjusted p 

values < 0.05 (FDR, Benjamini-Hochberg correction) were deemed significant.  

 

4.2.3 Annotation of genes involved in metabolism 

The Kyoto Encyclopedia of Genes and Genomes (KEGG) PATHWAY274 

(https://www.kegg.jp/kegg/pathway.html, accessed on 01/07/2018) database was queried with a 

list of the eGenes to identify their associated pathways (Figure 4-1). The retrieved results were 

analyzed to identify their first level pathway maps (e.g. metabolism, genetic information processing) 

and second level maps (e.g. carbohydrate metabolism, transcription). See Code Availability for the 

Python scripts used for this analysis. 

 

4.2.4 Drug associations and protein classification 

Data from The Human Protein Atlas275 (https://www.proteinatlas.org/, downloaded on 

25/03/19) version 18.1 was queried to obtain the protein classes of eGenes. The Drug Gene 

Interaction database276 (DGIdb) was interrogated for information on drugs that target the gene 

products (Figure 4-1). The mechanisms of action of the drugs were also obtained. See Code 

Availability for the Python scripts used for this analysis. 

 

 

https://www.doi.org/10.17608/k6.auckland.8116097
https://www.kegg.jp/kegg/pathway.html
https://www.proteinatlas.org/
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4.2.5 Literature support for associations 

To find evidence for eSNP-eGene, eSNP-metabolite, or eGene-metabolite associations in 

literature, we performed a text mining algorithm as follows. We employed the Bio.Entrez python 

API (see Code Availability) to search the underlying MEDLINE database to retrieve the PubMed 

IDs for articles that contain, in their titles or abstracts, exact matches of 1) eSNPs (rsIDs) and 

their linked eGenes (or gene synonyms or full names); 2) eSNPs (rsIDs) and at least one of the 

metabolites associated to the eSNP by Shin et al (2014); or 3) eGenes (or their synonyms or full 

names) and at least one of the metabolites associated to the corresponding eSNP. We then 

identified intersecting articles for corresponding eSNP-eGene, eSNP-metabolite, and eGene-

metabolite associations. Articles supporting gene-metabolite associations not reported in Shin et 

al. were manually curated by at least two persons. 

 

4.2.6 URLs 

CoDeS3D pipeline: https://github.com/Genome3d/codes3d-v1 

The Drug Gene Interaction database: https://dgidb.org 

GTEx portal: https://www.gtexportal.org/home/ 

The KEGG PATHWAY database: https://www.kegg.jp/kegg/pathway.html 

The Human Protein Atlas: https://www.proteinatlas.org/ 

 

4.2.7 Data and code availability 

Supplementary tables are available at Figshare, 

https://www.doi.org/10.17608/k6.auckland.8116097. Scripts used for data curation, analysis, and 

visualisation are available at https://github.com/Genome3d/blood-metabolites-regulation.git. 

Human genome build hg19 (GRChr37) was downloaded from ftp.ensembl.org/pub/release-

75/fasta/homo_sapiens/. SNP annotations (human genome, build hg19) were obtained from 

ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13/BED. Gene annotations 

https://github.com/Genome3d/codes3d-v1
https://dgidb.org/
https://www.gtexportal.org/home/
https://www.kegg.jp/kegg/pathway.html
https://www.proteinatlas.org/
https://www.doi.org/10.17608/k6.auckland.8116097
https://github.com/Genome3d/blood-metabolites-regulation.git
ftp://ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/
ftp://ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/
ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b146_GRCh37p13/BED


 

 106 

(Transcript model from GENCODE) were downloaded from 

http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p

_model.patched_contigs.gtf.gz 

 

 

4.3 Results 

4.3.1 Metabolite-associated SNPs mark eQTLs 

Shin et al. reported 145 metabolite-associated loci that are marked by SNPs with genome-wide 

significance. 102 of these loci were assigned predicted causal genes based on proximity to the SNPs 

and an established association between the gene and metabolite262. Notably, only 57 (~39%) of the 

loci were reported as eQTLs by Shin et al (Figure 3-2a). Integrating genomic organization into the 

analysis identified eQTLs for 130 (~90%) of the 145 metabolite-associated SNPs (hereafter 

eSNPs), more than double that reported by Shin et al. (Figure 3-2a, Supplementary Table 4-2 [doi: 

10.17608/k6.auckland.8116097]). None of the 15 non-eQTL SNPs (Supplementary Table 4-3 [doi: 

10.17608/k6.auckland.8116097]) in our study were reported as being involved in an eQTL by Shin 

et al. This is consistent with a different mode of action, or specificity in the developmental timing 

of the linkage of these SNPs to their metabolites. 

The 130 eSNPs we identified were associated with the expression of 577 genes (i.e. eGenes) 

through 612 unique eSNP-eGene pairs (Figure 4-1b). The eSNP-eGene pairs included 68.6% of 

the causal SNP-gene pairs predicted by Shin et al (Figure 4-1b, Supplementary Table 4-4 [doi: 

10.17608/k6.auckland.8116097]). Notably, the eSNPs were associated with between 1 and 23 

eGenes, with 3 eGenes as the mode (Figure 4-1c), in a tissue specific manner. This is consistent 

with previous reports on shared gene regulatory sites273,277,278. Altogether, we identified 2,757 eSNP-

eGene interactions in 48 different human tissues (Supplementary Table 4-5 [doi: 

10.17608/k6.auckland.8116097]) of which 621 overlapped Shin et al.’s predictions (effect size 

range, -1.69778 to 1.05834), while 2,136 are novel (effect size range, -1.15093 to 1.65858; Figure 

4-1d). 

 

http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.patched_contigs.gtf.gz
http://www.gtexportal.org/static/datasets/gtex_analysis_v6p/reference/gencode.v19.genes.v6p_model.patched_contigs.gtf.gz
https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
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Figure 4-2 Regulatory interactions involving metabolite-associated SNPs 
a 90% of metabolite-associated SNPs mark eQTLs involved in long-range regulatory interactions. b 71 of 102 of the 
causal SNP-gene pairs predicted in Shin et al. are among the 612 eSNP-eGene pairs we identified. c Bar plot of number 
of genes regulated per eSNP (mode = 3). d Violin plots of the normalized effect sizes (beta) of the eQTL interactions 
in different tissues. 

  

 

4.3.2 Metabolite-associated SNPs target genes in 

metabolic pathways 

We annotated the eGenes’ biochemical functions using the Kyoto Encyclopedia of Genes 

and Genomes (KEGG) Pathway database. 218 (37.8%) of the eGenes are annotated as being 

involved in ≥1 biochemical pathway (Supplementary Table 4-4 [doi: 

10.17608/k6.auckland.8116097]). As expected, the largest single set of annotations for the eGenes 

is metabolism (n = 95, Figure 4-3a). The next most represented categories (i.e. organismal systems) 

https://www.doi.org/10.17608/k6.auckland.8116097
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(n = 75) and human diseases (n = 65) each share 12 genes with the metabolism category (Figure 

4-3a). Classification of the eGenes using The Human Protein Atlas identified significant 

enrichment (bootstrapping of null sets) of enzymes, plasma proteins, disease related genes and 

potential drug targets within 490 of the eGenes (Figure 4-3b, Supplementary Table 4-4 [doi: 

10.17608/k6.auckland.8116097]). The observed enrichment in the metabolic pathway and protein 

classification analyses is consistent with the eGene products acting as modifiers of metabolic 

activity. 

We screened the Drug Gene Interaction database (DGIdb) to identify which of the eGenes 

encode potentially targetable products. Products of 147 (25.5%) of the eGenes are targets of at 

least one drug (Figure 4-3c, Supplementary Table 4-6 [doi: 10.17608/k6.auckland.8116097]). 68, 

119, and 142 of the druggable eGenes are also involved with metabolism, >1 biochemical pathway, 

and >1 protein class respectively.  101 of the 147 druggable eGenes have not been previously 

linked to genetic variants associated with metabolism.  

There were several notable examples of metabolite associated gene–eSNP networks. For 

example, APOE, which has been associated with modulation of total cholesterol279, was reported 

by Shin et al. as an eGene and predicted as the causal gene of nearby (3 Kb) cholesterol-associated 

rs445925. In addition to APOE (in suprapubic skin), our study revealed novel eQTL for rs445925 

with BCAM (in basal ganglia, 90 Kb away), RYRI (in skeletal muscle, 6.3 Mb away), and RERE 

(in suprapubic skin, on chromosome 1) (Figure 4-4a). 

We also identified network examples where eGenes linked to multiple regulatory hubs. For 

example, Acyl-CoA Synthetase Medium Chain Family Member 5 (ACSM5) associates with eQTL 

SNPs rs11647589 (in 16 tissues, intronic in ACSM5), rs1394678 (in 14 tissues, 38.5 Kb from 

ACSM5, intronic in ACSM2A), and rs6497490 (in tibial artery, 24.9 Kb from ACSM5, intronic in 

ACSM2A). rs11647589, rs1394678, and rs6497490 are associated with 3-phenylpropionate, 

indolepropionate, and X-117478 (an unknown metabolite) respectively (Figure 4-4b). rs11647589, 

rs1394678 and rs6497490 mark distinct eQTLs because they are not in linkage disequilibrium 

(defined as LD >= 0.8 in the EUR population, HaploReg v4.1280). 

 

https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
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Figure 4-3 Functional annotation of eGenes associated with metabolite eSNPs 
a eGenes are enriched for metabolism (horizontal bars) in KEGG pathways analysis. The metabolism genes are also 
involved in other pathways (vertical bars). b Protein classification of genes is significantly enriched for enzymes, 
plasma proteins, potential drug targets, disease related genes. Error bars represent one standard deviation of 10,000 
bootstraps. c 147 eGene products are druggable based on DGIdb analysis. 68.7% (101) of the druggable products are 
encoded by eGenes that were not previously linked to the metabolite-associated SNPs. 
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Figure 4-4 eGene-metabolite associations 
a Cholesterol-associated rs445925 marks an eQTL that correlates with expression levels of APOE, BCAM, RYRI, 
and RERE. All four genes have literature (PMIDs)279,281–283 supporting their links with cholesterol. b ACSM5 pairs as 
an eGene with rs11647589, rs6497490, and rs1394678, which were associated with 3-phenylpropionate, X-11478 (an 
unknown metabolite), and indolepropionate respectively. The metabolism of 3-phenylpropionate and 
indolepropionate requires a Coenzyme A ligase such as ACSM5284,285. 
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4.3.3 Literature text mining supports eGene-metabolite 

associations 

We conducted a stringent semi-automated literature text mining to identify literature that 

supported a link between the eGenes and the metabolites with which the eSNPs are associated. 

Firstly, we queried the MEDLINE database using PubMed APIs for research article titles or 

abstracts that contain the eSNP-eGene, eSNP-metabolite, or eGene-metabolite pairs (Figure 4-

5a). We then manually curated articles supporting eGene-metabolite pairs. The manual curation 

confirmed literature support for 41 eGene-metabolite pairs, 14 of which were not reported by Shin 

et al. (Supplementary Table 4-7 [doi: 10.17608/k6.auckland.8116097]). 29 of the literature-

supported associations include genes that are involved at least one biochemical pathway and whose 

products are druggable (Figure 4-5b and c). 

The literature supported the putative functional outcomes for the rs445925-APOE, BCAM, 

RYR1, RERE network as follows: 1) BCAM had a suggestive association in a GWAS meta-analysis 

of LDL cholesterol response to statins281; 2) RYRI, together with other nonalcoholic 

steatohepatitis related genes, has been linked to dietary cholesterol282; and 3) RERE was associated 

with circulating blood CD34+, which positively relates to total cholesterol283. Therefore, we 

contend that these eQTL associations not only link SNPs to genes that are relevant to cholesterol, 

they also reveal the tissues that might be important for its metabolism. 

The absence of literature support for eGene-metabolite associations does not equate to an 

absence of relationship. For example, the intergenic rs7809615 is associated with levels of 

androsterone sulfate and 4-androsten-3beta,17beta-diol disulfate 2 in the blood metabolite GWAS 

(Supplementary Table 4-2 [doi: 10.17608/k6.auckland.8116097]). Our method, as well as that of 

Shin et al., links rs7809615 to CYP3A5 (Figure 4-5c), which encodes a cytochrome P450 known 

to be active against steroids such as testosterone286. rs7809615 also links with CYP3A7 (Figure 4-

5c), which encodes another P450. Although our stringent text mining did not find articles that 

directly link the two target eGenes, the STRING database (v10.5, accessed 26/04/2019) reports a 

binding interaction between CYP3A5 and CYP3A7. 

 

https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
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Figure 4-5 Functional annotation of eGenes associated with metabolite eSNPs 
a There is more literature support for eGene-metabolite associations than for eSNP-eGene or eGene-metabolite 
associations. b A schematic of eGenes that are in biochemical pathways, encode druggable products, and whose 
relationship with their SNP metabolite has literature support. c Ideogram of 119 druggable eGenes in b. Genes are 
colored green if the SNP-gene association was reported in Shin et al., or blue if it is not. Numbers in brackets 
correspond to the locus number (in Supplementary Table 4-2 [doi: 10.17608/k6.auckland.8116097]) of the eSNPs 
that spatially interact with the eGenes. The red-colored numbers indicate that the relationship between an eGenes and 
its SNP-associated metabolite (Supplementary Table 4-7 [doi: 10.17608/k6.auckland.8116097]) is supported in 
literature via text mining. 

 

https://www.doi.org/10.17608/k6.auckland.8116097
https://www.doi.org/10.17608/k6.auckland.8116097
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4.4 Discussion 

We systematically integrated evidence from chromatin interactions, eQTL data, gene 

ontology, protein classifications, drug interactions, and the published literature to identify and 

characterize genes that are regulated by metabolite-associated SNPs.  Our results provide a step-

change in our current understanding of the variant-gene regulatory interactions of metabolism, 

particularly those that rely on chromatin looping.  

The integration of chromatin interaction and eQTL data in this study enabled the mapping 

of long-range regulatory interactions for ~90% of the metabolite-associated SNPs. This mapping 

was robust to the  different data sources that were used to identify the eQTLs [GTEx148] and the 

blood metabolite associated SNPs (KORA and Twins UK)262. The identification of associations 

between metabolite-associated eSNPs and eGenes in non-metabolism ontological classes, or with 

unknown functions provides novel data-driven avenues for empirical testing to delineate the roles 

played by these eGenes in metabolism. Similarly, the eSNP-eGene connections reported here for 

variants associated with unknown metabolites could aid the identification of unknown metabolites.  

The limited literature support, identified by text mining, for the eGene-metabolite 

associations can be attributed to: a) the stringent condition that both terms must be mentioned in 

the title or summary of an article; b) the fact that the identity of the SNP associated metabolites 

was not always known; and c) indirect relationships between some eGene products and 

metabolites. That there is more literature support for eGene-metabolite relationships than for the 

eSNP-metabolite or eSNP-eGene associations highlights the utility of our approach in bridging 

the existing knowledge gap.  

Our agnostic systems-based approach is helpful to unravel the wholistic genetic architecture 

that underlies phenotypes including metabolism. Homeostatic metabolite levels in the blood are 

the sum of the rates of importation from the environment, production and  degradation in all of 

the tissues that contact blood287–289. Thus, it is important to include investigations of potential 

genetic mechanisms in all body tissues. Notably, previous studies have demonstrated the effects 

of genetic interactions in tissues that seem irrelevant to the phenotypes under investigation290–293. 

We propose that eQTLs affect metabolism by modulating the expression of genes that encode the 

protein components (i.e. enzymes, transcription factors, inhibitors, transporters, receptors etc.) of 

metabolism.  
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In conclusion, we have shown that blood metabolite-associated SNPs mark expression 

quantitative trait loci that affect the expression of proximal and distal genes in tissues that are 

relevant to the associated metabolites. The hundreds of novel eSNP-eGene-metabolite 

connections identified in this study are a useful resource for further empirical study of the genetic 

influences of the human metabolome. 
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CHAPTER 5  

General Discussion 
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5.1 Summary of findings 

The existing knowledge gap in understanding the effect of genetic variants on complex 

inherited diseases and disorders has limited the translation of disease associated genetic variation 

research into clinical applications. This is largely because >90% of disease-associated variants fall 

within non-coding regions of the genome. In this thesis, I set out to explore the genome-wide 

regulatory mechanisms that drive disease development and phenotype expression in humans. The 

non-existence of a suitable method, coupled with the massive scale of the data to be processed, 

necessitated developing a computational algorithm to this end. In summary, CoDeS3D takes a list 

of single nucleotide polymorphism (SNP) IDs or genomic locations to identify genes that are in 

physical contact with genomic regions harbouring SNPs by interrogating a set of chromatin 

interaction (Hi-C) libraries from human cell lines128. The regulatory impact of the resulting spatial 

SNP-gene pairs is tested using expression quantitative trait loci (eQTL) information from different 

human tissues in the GTEx database148. This approach allows the identification of eQTL SNPs 

(eSNPs) that regulate their target genes (eGenes) via chromatin looping in an enhancer- or 

repressor-promoter manner. 

Using this approach, I analysed 20,782 SNPs, which are associated with 1,351 phenotypes and 

diseases, in the curated GWAS Catalog47 (version 1.0.1). The results showed that disease- or 

phenotype-associated SNPs are enriched for gene regulatory interactions. Notably, long-range (i.e. 

trans) regulatory interactions are widespread in the genome as only ~24% of the distinct 16,284 

eSNP-eGene interactions identified are proximal (cis, i.e. the target gene harbours—or is adjacent 

to—the eSNP). Approximately half of the eSNPs regulate >1 eGenes, with trans-eQTL 

interactions being mostly tissue specific.  

The trans regulatory interactions identified do not only reveal genes that have hitherto been 

missed as targets of disease-associated SNPs, they also potentially reveal the pleiotropy (i.e. the 

phenomenon in which one gene affects multiple traits) that may explain the genetic basis for 

disease comorbidity and multimorbidity. This is consistent with known clinical multimorbidities 

(e.g. ovarian cancer, interstitial lung disease, Alzheimer’s disease and other cognitive disorders171–

173) when an unsupervised machine learning algorithm was used to classify diseases based on the 

eGenes they share. The observation that the regulatory interactions target genes that co-occur in 

the same pathways further suggests epistasis (i.e. gene-gene interactions to produce a phenotype) 

as a feature of complex disease and multimorbidity susceptibility. For example, type 2 diabetes and 
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obesity eSNPs cis- and trans-regulate the same or different genes in the glucose-insulin and leptin 

signalling pathways. 

The analysis of 145 SNPs that have been associated with the modulation of approximately 

400 blood metabolites262 revealed that ~90% of the SNPs form 612 unique eSNP-eGene pairs 

with 577 genes in a total of 2,757 cis- and trans-eQTL interactions in 48 human tissues. Only 12% 

of the eQTL interactions are active in the blood. As expected, I observed an enrichment for 

eGenes that encode: products involved in metabolism regulation; plasma proteins; disease 

development; and potential drug targets. A preliminary semi-automatic literature text mining 

confirmed 42 gene-metabolite associations, 14 of which were not reported in the original 

GWAS262.  

 

5.2 The 3D genome as mediator of 

multimorbidity 

Considering the complexity of human biology and the disproportionately small number of 

protein-coding genes [~20,000, which is equivalent to that of C. elegans294,295], human genes must 

be multifunctional by necessity. The biological sophistication in humans is likely achieved through 

complex gene-gene interactions, complex splicing patterns, and the combinatorial action of 

regulatory elements on these genes296. This is reflected in the complex regulatory networks 

observed when the regulome is considered within the genome modeled as a three-dimensional 

entity rather than a linear sequence of DNA22. 

There are different mechanisms through which long-range regulation can occur (e.g. diffusion 

of regulatory factors, or the spreading of non-coding RNA along the chromatin fiber)142,278. The 

method I have developed is specific for identifying regulatory networks that are implemented via 

chromatin interactions within the 3D organization of the genome. The results I presented reveal 

the varying extent, in the linear DNA, to which genetic variants can exert their effects along the 

chromosome and even across chromosomes. My finding that ~80% of eQTL interactions on 

chromosome 22 are facilitated through chromatin interactions is consistent with other studies that 

reported that up to 70% of eQTL interactions have evidence of fragment interactions with other 

parts of the genome121,267,297. This indicates that the nearest gene is usually not the only—or the 

most—affected gene by the regulatory region marked by a genetic variant. Moreover, accumulating 
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evidence suggests that long-range genetic influences are more important in modifying disease 

outcomes than proximal influences268–270. Collectively, these observations reveal the inadequacy, 

and in some cases the flaw, of the nearest-gene approach to identify a causal gene, which is typically 

the basis for most candidate-based genetic studies. 

My findings have demonstrated that: 1) a majority disease-associated genetic variants are 

involved in long-range gene regulation via chromatin interactions in the 3D genome; 2) disease-

associated variants typically affect multiple genes, most of which have not been previously linked 

to the diseases; 3) the target genes are sometimes affected by distinct regulatory elements that are 

linked to different comorbid or multimorbid phenotypes; and 4) disease-associated variants can 

target different genes that are active in the same biochemical pathway. Collectively, these findings 

are consistent with the observation that a significant contribution to the underlying genetic 

mechanism of multimorbidity is the targeting of pleiotropic genes and shared pathways by disease-

associated variants.  

 

5.3 Homeostasis is affected by long-range gene 

regulation 

Advancements in ’omic techniques over the past decade have enabled the simultaneous 

identification of genetic variants that correlate with changes in hundreds of human blood 

metabolites262–264. Since metabolism is important for cellular health or disease259,260, viewing 

metabolites as intermediate phenotypes in the genotype-to-phenotype gap could provide insights 

into the genetic mechanisms that underlie disease susceptibility. However, interpreting the roles 

of metabolite-associated variants from these association studies remains challenging as most of 

them fall in non-coding regions of the genome. 

The observation of long-range regulatory interactions between metabolism-associated SNPs 

and genes that are enriched for metabolism, disease development, and potential drug targets is 

consistent with the fact that metabolic dysregulation is central to disease development.  Similarly, 

interactions of the SNPs with genes that were not previously annotated as being involved in 

metabolism is consistent with predictions from the omnigenic model hypothesis, which posits that 

there are genes that do not have a direct impact on a phenotype yet have a non-zero effect through 
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network interactions22. Further studies to better define the activity of the target genes of 

metabolism-associated SNPs, especially those with unknown function, are required. 

 

5.4 Genetic studies: systems-based or tissue-

based approach? 

It is common practice for researchers to limit their investigation to organs and tissues that are 

classically associated, based on clinical presentations, with the diseases they study. However, recent 

studies suggest the involvement of multiple tissues in complex diseases. For example, neuronal 

imaging has identified structural changes in the brain in both disease and pre-disease states such 

as diabetes, Cushing’s disease, increased circulating inflammatory cytokines, chronic jetlag etc.298. 

Similarly, treatments that target the HTT gene in non-central nervous system (CNS) organs have 

been shown to modify CNS-related symptoms in patients with Huntington’s disease250. Hence my 

decision to include genetic effects from all 48 tissues available in the GTEx database in these 

discovery-based studies. This system-based discovery approach enabled significant insights into 

possible cross-tissue and spill over regulatory effects by disease-associated variants. 

The advantage of the system-based approach is illustrated in my study on the genetic 

influences on blood metabolite levels. Because sample collection from many tissues and organs is 

difficult, blood (plasma or serum) is commonly used as a proxy for disease diagnosis and prognosis. 

This is particularly ideal as blood bathes every tissue and organ in the body, and is the primary 

carrier of metabolites, hormones, and other small molecules299. My results showed that eSNP-

eGene pairs in whole blood represented only 12% of the 612 distinct regulatory interactions 

involving the blood metabolite-associated SNPs. A previous study reported at least 10x more gene 

expression traits that correlated with biometric traits in adipose tissue than there are in blood300. 

Another study has shown that although there is a great overlap  in the metabolites identified in the 

gut, liver, kidney, muscle and pancreas, each tissue has a distinct metabolic profile and contributed 

differently to the metabolic profile of the plasma, reflecting their unique metabolic function289. 

These examples are consistent with my observation that most of the genetic influences on blood 

metabolites levels are observed not in the blood, but in other tissues. 

My approach to the investigation of the regulatory impact of phenotype associated SNPs 

provides the added advantage of revealing the impacts of each variant in all tested tissues. For 
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example, a causal genetic variant that affects cardiac function was identified in heart tissue after it 

had been previously missed in eQTL analyses of different tissues301. Similarly, I identified type 2 

diabetes associated SNPs that affect gene expression within the sub-cutaneous fat, potentially 

altering its capacity to store fat and moderate levels of circulating adipokines. It remains possible 

that a system-based approach, similar to that I have implemented, can identify crosstalk between 

tissues and organs as a result of the same genetic influence in multiple tissues, or complex 

interactions between different variants. 

 

5.5 Limitations 

The methods used in this thesis involve the use of data from different sources: genetic variants 

from genome-wide association studies (GWAS)47, snapshots (Hi-C) of chromatin interactions 

from  human cell lines128, tissue expression quantitative trait loci (eQTL) from the GTEx project148, 

gene-drug interactions from the drug-gene interaction database (DGIdb)276, biochemical pathways 

from the KEGG pathways database274, and protein classification from the Human Protein Atlas275. 

Thus, many of the limitations of the work outlined in this thesis are due to my attempt to interpret 

biological meaning from heterogeneous datasets that contain embedded limitations. 

The use of Hi-C datasets to identify genes that are interacting with restriction fragments 

marked by SNPs means that only gene regulatory interactions that involve spatial chromatin 

interactions are identified. Other mechanisms of variant-gene regulation (e.g. diffusion of 

regulatory proteins, ncRNA or post-transcriptional regulation) are not captured. Furthermore, Hi-

C captures chromatin contacts that are occurring in a population of cells at a particular moment 

in time 122. This means that transient interactions are potentially missed. The use of SNP-gene pairs 

with evidence of fragment interactions in > 1cell line or in >1 replicate in a single cell line only 

addresses the potential of including spurious interactions (see Section 2.1.2). Lastly, evidence 

indicates that pluripotent and differentiated cells have distinct chromatin organizations144. 

Therefore, it is possible that the chromatin interactions that are captured in the virus-transformed 

cell do not represent the full set of connections that are occurring in primary human cell lines.  

The GTEx eQTL data is derived from a predominantly older (age > 50 years, 68.5%), white 

(85.2%), male (65.8) population who have died from cerebrovascular and heart diseases (GTEx 

v7, https://www.gtexportal.org/home/tissueSummaryPage). This population bias (also common 

in GWAS302) limits the accurate interpretation of the eQTL information for other demographic 

https://www.gtexportal.org/home/tissueSummaryPage
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groups and disease conditions303. Furthermore, the use of eQTL data, which is a correlation 

between genotype and mRNA levels from donors tissues, implicitly assumes mRNA levels are 

predictive of protein levels. The biological significance of mRNA levels has been questioned 

because the relationship between mRNA and protein levels is known to be affected by several 

factors including modulation of translation rates and protein half-life, protein synthesis delay, and 

protein transport304. However, recent studies have reported good correlation between mRNA and 

protein levels in differentially expressed genes and cells in a steady state (i.e. stable mRNA or 

protein levels for several hours)304–306.  

It should also important be note that the mRNA data used in GTEx is at the tissue level and 

not cell type specific. This means that the gene expression profiles represent an average of the cell 

types that comprise the tissue. Tissue averaging is a well-known phenomenon in mRNA studies307. 

Despite the fact that the sub-population of cells in which gene expression is perturbed cannot be 

identified at this level, it suffices to note that the change in expression within these cells is large 

enough to affect the overall profile of the tissue.  

Ideally, we would use chromatin interaction, genotype, and gene expression information that 

is generated from the same population of cells. This would overcome cell population structural 

biases and may delineate disease-specific chromatin rewiring and expression profiles. However, 

the absence of such a dataset necessitated the integration of datasets from different sources to 

serve as a proof of concept. Analysis of paired Hi-C libraries and eQTL data would confirm the 

identity and significance of the spatial regulatory interactions for any number of phenotype-

associated genetic variants. 
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5.6 Future directions 

In this thesis, I have presented a computational method (CoDeS3D) and demonstrated its 

application in identifying target genes of disease-associated genetic variants based on evidence of 

chromatin interactions and eQTL associations. By enabling the identification of genes that 

potentially drive the development of a disease, this approach has great potential in the research 

and delivery of personalized diagnosis, prognosis and treatment. I now discuss the steps necessary 

to turn this potential into a reality. 

 

5.6.1 Investigation of gene-environment interactions 

This thesis focused on the genetic components of disease risk. However, susceptibility to 

disease is not determined by genetic factors alone. The environment interacts with genetics in 

complex ways to predispose individuals to disease308,309. One way through which gene-environment 

interactions are mediated is through epigenetic modifications such as DNA methylation310. For 

example, monozygotic twins have similar epigenetic signatures early in life. However, these 

signatures change as they grow older due to different environmental exposures311, and are possibly 

responsible for the phenotypic differences (including disease susceptibility) observed between 

monozygotic twins in the absence of any genetic modifications. It has also been demonstrated that 

individual genotypes at specific loci can result in different patterns of methylation312. Therefore, 

differential methylation or epigenetic modification data can be analyzed in a similar manner as the 

CoDeS3D pipeline to identify methylation quantitative trait loci (mQTLs). The mQTLs can then 

be overlapped—at the restriction fragment and linkage disequilibrium level—with eQTL 

associations from the CoDes3D pipeline to give insights into gene-environment interactions in a 

disease (Figure 5-1). 
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Figure 5-1 Integration of epigenetic and genetic data to predict disease risk and causality of  gene 
regulatory interactions 
The CoDeS3D pipeline can be used to identify target genes of methylation quantitative trait loci (mQTLs). 
Overlapping the mQTL information with the eQTL information from this thesis would characterize the gene-
environment interactions for diseases. The resulting interactions can be further analyzed for gene expression 
heritability and genetic risk scores to predict disease risk. The causality of gene regulatory interactions can be predicted 
and prioritized using automated literature text mining and Mendelian randomization. 

 

5.6.2 Estimation of gene expression heritability 

The heritability of a phenotype informs on the proportion of phenotypic variation that is due 

to genetic versus environmental or random factors. While the heritability of complex diseases is 

high, disease-associated SNPs explain only a small percentage of their heritability48,313. Recently 

however, it has been shown that the heritability of gene expression can be estimated using variance 

component model analyses on eQTL data117. Gene heritability could be more informative than 

SNP heritability considering that 1) most disease-associated SNPs potentially regulate multiple 

genes, as shown in this thesis, thereby increasing the power of the analysis; 2) the heritability of 

gene expression is mostly driven by trans-eQTL effects270, which can be identified by the CoDeS3D 

pipeline; and 3) gene expression traits are less susceptible to environmental variation than 
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conventional phenotypes since gene expression assays are generally conducted in tightly controlled 

environments117. Therefore, estimating the heritability of the expression of genes targeted by 

eQTLs and mQTLs could help prioritize gene regulatory interactions for downstream analyses. 

5.6.3 Prediction of genetic risks to disease 

To realize the potential application of the CoDeS3D pipeline in personalized therapy, there 

is a need to test if the disease-associated eSNPs I have identified can be used to accurately screen 

individuals for the diseases with which they are associated. The fact that complex diseases are 

driven by many common genetic variants with very small individual effects makes genetic 

screening for common complex disorders more difficult than for rare monogenic diseases. 

However, recent studies have successfully used polygenic scores to reliably identify sub-

populations who are at risk of developing common disorders314–316. A polygenic risk score is the 

weighted sum of all the risk alleles in an individual, where the weights are determined by the 

genomic location and effect size of the risk allele in a GWAS317,318. It would be important to 

calculate the polygenic risk scores for the diseases I have studied in this thesis and validate the 

scores by testing their ability to accurately identify cases from controls in the UK Biobank49 or in 

a cohort that includes patients who have been clinically diagnosed with the disease of interest. 

Validated polygenic risk scores are key to developing SNP arrays that can be used for diagnostic 

genetic screening.  

 

5.6.4 Literature text mining of gene-phenotype links 

While polygenic risk scores predict an individual’s risk of developing a disease, a different set 

of analyses is required to develop interventions to prevent, treat, or manage the disease. The aim 

of these analyses would be to establish the causality of the identified gene regulatory interactions 

(Figure 5-1). The first logical step is to search existing literature to confirm gene-phenotype 

relationship from previous studies. The preliminary literature text mining I conducted for blood 

metabolite regulation revealed that there is more literature support for eGene-metabolite 

relationships than there is for eSNP-metabolite or eSNP-eGene associations. This highlights the 

knowledge gap between variants and their associated metabolites and the utility of my approach 
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in bridging that gap. However, considering the ever-increasing rate at which new research is 

published, it is almost impossible to perform a comprehensive literature search manually. 

Preliminary text mining of literature in the PubMed database using PubTator319, a text mining 

tool, returned literature support for 11 (compared to 42 identified manually) gene-metabolite pairs. 

This low number can be improved with better tagging of literature terms and keywords (e.g. more 

comprehensive synonyms for terms), inclusion of more literature databases (e.g. Microsoft 

Academic Graph) and better natural language processing (NLP) algorithms. 

 

5.6.5 Mendelian randomization 

Disease-associated variants can be used as instrumental variables to test the causality of the 

expression of their target genes on the disease. This approach, called Mendelian randomization, is 

robust to confounding effects (e.g. non-genetic factors) and reverse causation320. Recently, 

Mendelian randomization was used to prioritize causal genes for height, body mass index, waist-

to-hip ratio, adjusted by BMI, rheumatoid arthritis and schizophrenia321. Consistent with the 

findings in this thesis, the researchers found that 61% of the genes are not the nearest annotated 

genes to the disease-associated SNPs. Prioritization of potential causal gene regulatory interactions 

by Mendelian randomization would thus result in cost-effective and streamlined downstream 

validation experiments. 

 

5.6.6 Validation of novel SNP-phenotype-gene 

relationships 

I have identified novel gene-phenotype relationships that do not have any literature support 

yet. It is important to establish the effect of a) the associated SNPs on their target genes, and b) 

the target genes on the phenotypes with which the SNPs are associated. This is especially necessary 

for interactions in which the gene has no known function yet. The effect of SNPs on genes would 

be validated using the high throughput massively parallel reporter assay (MPRA), which was 

recently used to simultaneously test the gene expression effects of more than 30,000 SNPs322. The 

validation of gene-phenotype relationships would require constructing genetically altered animals 
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or cells with respect to the target gene and then quantifying the resulting phenotypic variations323. 

Experimental validation of the SNP-phenotype-gene relationships would confirm the mechanisms 

underlying disease development and might lead to a better understanding on how to prevent or 

treat the disease.  

5.7 Conclusion 

In this thesis, I presented a computational method for identifying the target genes of disease-

and phenotype-associated genetic variants. I have applied this method to demonstrate that most 

disease-associated variants regulate their target genes via chromatin interactions. I have also 

identified the genetic components and tissues that contribute to the modulation of intermediate 

metabolite levels in blood, which in turn affect homeostasis and disease development. Finally, I 

have demonstrated that multimorbid disease conditions (e.g. obesity and diabetes) share a common 

set of genes and biochemical pathways that are regulated by different sets of genetic variants. Thus, 

providing novel insights into the genetic mechanisms that underlie the development of complex 

diseases. Altogether, the data generated in this thesis highlight the potential of this approach in 

genetic screening and personalized therapy. 
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Appendix 
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A. Published article: Chromatin interactions and expression quantitative trait loci 

reveal genetic drivers of multimorbidities 
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B. Published article: Physical interactions and expression quantitative trait loci 

identify regulatory connections for obesity and type 2 diabetes associated SNPs 

 



 

 130 

References 

1. Pauling, L., Itano, H. A., Singer, S. J. & Wells, I. C. Sickle cell anemia, a molecular disease. 

Science (80-. ). 110, 543–548 (1949). 

2. Ingram, V. Gene mutations in human haemoglobin. Nature 180, 326–327 (1957). 

3. Alkan, C., Coe, B. P. & Eichler, E. E. Genome structural variation discovery and 

genotyping. Nat. Rev. Genet. 12, 363–376 (2011). 

4. Cooke, G. S. & Hill, A. V. S. Genetics of susceptibitlity to human infectious disease. Nat. 

Rev. Genet. 2, 967–977 (2001). 

5. Krijger, P. H. L. & de Laat, W. Regulation of disease-associated gene expression in the 3D 

genome. Nat. Rev. Mol. Cell Biol. 17, 771–782 (2016). 

6. Stanley, J., Semper, K., Millar, E. & Sarfati, D. Epidemiology of multimorbidity in New 

Zealand: a cross-sectional study using national-level hospital and pharmaceutical data. BMJ 

Open 8, e021689 (2018). 

7. Koné Pefoyo, A. J. et al. The increasing burden and complexity of multimorbidity. BMC 

Public Health 15, 415 (2015). 

8. Wallace, E. et al. Managing patients with multimorbidity in primary care. BMJ 350, h176–

h176 (2015). 

9. Nicholson, K. et al. Multimorbidity and comorbidity revisited: refining the concepts for 

international health research. J. Clin. Epidemiol. 105, 142–146 (2019). 

10. Nurmohamed, M. T., Heslinga, M. & Kitas, G. D. Cardiovascular comorbidity in rheumatic 

diseases. Nat. Rev. Rheumatol. 11, 693–704 (2015). 

11. Sarfati, D., Koczwara, B. & Jackson, C. The impact of comorbidity on cancer and its 

treatment. CA. Cancer J. Clin. 66, 337–350 (2016). 

12. Timpson, N. J., Greenwood, C. M. T., Soranzo, N., Lawson, D. J. & Richards, J. B. Genetic 

architecture: the shape of the genetic contribution to human traits and disease. Nat. Rev. 

Genet. 19, 110–124 (2017). 

13. Hughes, D. J. Use of association studies to define genetic modifiers of breast cancer risk in 



 

 131 

BRCA1 and BRCA2 mutation carriers. Fam. Cancer 7, 233–244 (2008). 

14. Groman, J. D., Meyer, M. E., Wilmott, R. W., Zeitlin, P. L. & Cutting, G. R. Variant cystic 

fibrosis phenotypes in the absence of CFTR mutations. N. Engl. J. Med. 347, 401–407 

(2002). 

15. Badano, J. L. & Katsanis, N. Beyond Mendel: an evolving view of human genetic disease 

transmission. Nat. Rev. Genet. 3, 779–789 (2002). 

16. Cutting, G. R. Cystic fibrosis genetics: from molecular understanding to clinical application. 

Nat. Rev. Genet. 16, 45–56 (2015). 

17. Curtis, C. et al. The genomic and transcriptomic architecture of 2,000 breast tumours reveals 

novel subgroups. Nature 486, 346–352 (2012). 

18. Eijgelsheim, M. et al. Genetic variation in NOS1AP is associated with sudden cardiac death: 

evidence from the Rotterdam Study. Hum. Mol. Genet. 18, 4213–4218 (2009). 

19. Arning, L. et al. NR2A and NR2B receptor gene variations modify age at onset in 

Huntington disease in a sex-specific manner. Hum. Genet. 122, 175–182 (2007). 

20. Weatherall, D. J. Phenotype—genotype relationships in monogenic disease: lessons from 

the thalassaemias. Nat. Rev. Genet. 2, 245–255 (2001). 

21. Hosseinibarkooie, S. et al. The power of human protective modifiers: PLS3 and CORO1C 

unravel impaired endocytosis in spinal muscular atrophy and rescue SMA phenotype. Am. 

J. Hum. Genet. 99, 647–665 (2016). 

22. Boyle, E. A., Li, Y. I. & Pritchard, J. K. An expanded view of complex traits: from polygenic 

to omnigenic. Cell 169, 1177–1186 (2017). 

23. Jin, S. C. et al. Contribution of rare inherited and de novo variants in 2,871 congenital heart 

disease probands. Nat. Genet. 49, 1593–1601 (2017). 

24. Short, P. J. et al. De novo mutations in regulatory elements in neurodevelopmental 

disorders. Nature 555, 611–616 (2018). 

25. Wray, N. R., Wijmenga, C., Sullivan, P. F., Yang, J. & Visscher, P. M. Common Disease Is 

More Complex Than Implied by the Core Gene Omnigenic Model. Cell 173, 1573–1580 

(2018). 

26. Flannick, J., Johansson, S. & Njølstad, P. R. Common and rare forms of diabetes mellitus: 

towards a continuum of diabetes subtypes. Nat. Rev. Endocrinol. 12, 394–406 (2016). 

27. Lipner, E. M. & Greenberg, D. A. The rise and fall and rise of linkage analysis as a technique 

for finding and characterizing inherited influences on disease expression. in Methods in 



 

 132 

Molecular Biology (ed. DiStefano, J.) 1706, 381–397 (Humana Press, 2018). 

28. Huvenne, H., Dubern, B., Clément, K. & Poitou, C. Rare genetic forms of obesity: clinical 

approach and current treatments in 2016. Obes. Facts 9, 158–173 (2016). 

29. Rebbeck, T. R., Spitz, M. & Wu, X. Assessing the function of genetic variants in candidate 

gene association studies. Nat. Rev. Genet. 5, 589–597 (2004). 

30. Patnala, R., Clements, J. & Batra, J. Candidate gene association studies: a comprehensive 

guide to useful in silico tools. BMC Genet. 14, 39 (2013). 

31. Gizer, I. R., Ficks, C. & Waldman, I. D. Candidate gene studies of ADHD: a meta-analytic 

review. Hum. Genet. 126, 51–90 (2009). 

32. Lee, Y. H., Choi, S. J., Ji, J. D. & Song, G. G. Candidate gene studies of fibromyalgia: a 

systematic review and meta-analysis. Rheumatol. Int. 32, 417–426 (2012). 

33. Amare, A. T., Schubert, K. O., Klingler-Hoffmann, M., Cohen-Woods, S. & Baune, B. T. 

The genetic overlap between mood disorders and cardiometabolic diseases: a systematic 

review of genome wide and candidate gene studies. Transl. Psychiatry 7, e1007–e1007 (2017). 

34. Bertram, L. et al. Evidence for genetic linkage of Alzheimer’s disease to chromosome 10q. 

Science 290, 2302–3 (2000). 

35. Ng, M. Y. M. et al. Meta-analysis of 32 genome-wide linkage studies of schizophrenia. Mol. 

Psychiatry 14, 774–785 (2009). 

36. Cavanaugh, J. & IBD International Genetics Consortium. International collaboration 

provides convincing linkage replication in complex disease through analysis of a large 

pooled data set: Crohn disease and chromosome 16. Am. J. Hum. Genet. 68, 1165–71 (2001). 

37. Ioannidis, J. P. A., Ntzani, E. E., Trikalinos, T. A. & Contopoulos-Ioannidis, D. G. 

Replication validity of genetic association studies. Nat. Genet. 29, 306–309 (2001). 

38. Tabor, H. K., Risch, N. J. & Myers, R. M. Candidate-gene approaches for studying complex 

genetic traits: practical considerations. Nat. Rev. Genet. 3, 391–397 (2002). 

39. Maurano, M. T. et al. Systematic localization of common disease-associated variation in 

regulatory DNA. Science (80-. ). 337, 1190–1195 (2012). 

40. Auton, A. et al. A global reference for human genetic variation. Nature 526, 68–74 (2015). 

41. The International HapMap Consortium. A haplotype map of the human genome. Nature 

437, 1299–320 (2005). 

42. Frazer, K. A. et al. A second generation human haplotype map of over 3.1 million SNPs. 

Nature 449, 851–861 (2007). 



 

 133 

43. Conrad, D. F. et al. A worldwide survey of haplotype variation and linkage disequilibrium 

in the human genome. Nat. Genet. 38, 1251–1260 (2006). 

44. de Bakker, P. I. W. et al. Transferability of tag SNPs in genetic association studies in multiple 

populations. Nat. Genet. 38, 1298–1303 (2006). 

45. Clark, M. J. et al. Performance comparison of exome DNA sequencing technologies. Nat. 

Biotechnol. 29, 908–914 (2011). 

46. Cirulli, E. T. & Goldstein, D. B. Uncovering the roles of rare variants in common disease 

through whole-genome sequencing. Nat. Rev. Genet. 11, 415–425 (2010). 

47. Buniello, A. et al. The NHGRI-EBI GWAS Catalog of published genome-wide association 

studies, targeted arrays and summary statistics 2019. Nucleic Acids Res. 47, D1005–D1012 

(2019). 

48. Manolio, T. A. et al. Finding the missing heritability of complex diseases. Nature 461, 747–

53 (2009). 

49. Bycroft, C. et al. The UK Biobank resource with deep phenotyping and genomic data. Nature 

562, 203–209 (2018). 

50. Evangelou, E. & Ioannidis, J. P. A. Meta-analysis methods for genome-wide association 

studies and beyond. Nat. Rev. Genet. 14, 379–89 (2013). 

51. Marouli, E. et al. Rare and low-frequency coding variants alter human adult height. Nature 

542, 186–190 (2017). 

52. Sims, R. et al. Rare coding variants in PLCG2, ABI3, and TREM2 implicate microglial-

mediated innate immunity in Alzheimer’s disease. Nat. Genet. 49, 1373–1384 (2017). 

53. Gibson, G. Hints of hidden heritability in GWAS. Nat. Genet. 42, 558–560 (2010). 

54. Panagiotou, O. A. & Ioannidis, J. P. A. What should the genome-wide significance 

threshold be? Empirical replication of borderline genetic associations. Int. J. Epidemiol. 41, 

273–286 (2012). 

55. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate: A practical and powerful 

approach to multiple testing. J. R. Stat. Soc. Ser. B 57, 289–300 (1995). 

56. Wilson, D. J. The harmonic mean p -value for combining dependent tests. Proc. Natl. Acad. 

Sci. 116, 1195–1200 (2019). 

57. Majewski, J. & Pastinen, T. The study of eQTL variations by RNA-seq: from SNPs to 

phenotypes. Trends Genet. 27, 72–79 (2011). 

58. Fu, W., O’Connor, T. D. & Akey, J. M. Genetic architecture of quantitative traits and 



 

 134 

complex diseases. Curr. Opin. Genet. Dev. 23, 678–683 (2013). 

59. Aguet, F. et al. Genetic effects on gene expression across human tissues. Nature 550, 204–

213 (2017). 

60. Smemo, S. et al. Obesity-associated variants within FTO form long-range functional 

connections with IRX3. Nature 507, 371–375 (2014). 

61. Almgren, P. et al. Heritability and familiality of type 2 diabetes and related quantitative traits 

in the Botnia Study. Diabetologia 54, 2811–2819 (2011). 

62. Flannick, J. & Florez, J. C. Type 2 diabetes: genetic data sharing to advance complex disease 

research. Nat. Rev. Genet. 17, 535–549 (2016). 

63. Chatterjee, S., Khunti, K. & Davies, M. J. Type 2 diabetes. Lancet 389, 2239–2251 (2017). 

64. Hu, F. B. et al. Diet, Lifestyle, and the Risk of Type 2 Diabetes Mellitus in Women. N. Engl. 

J. Med. 345, 790–797 (2001). 

65. Cho, N. H. et al. IDF Diabetes Atlas: Global estimates of diabetes prevalence for 2017 and 

projections for 2045. Diabetes Res. Clin. Pract. 138, 271–281 (2018). 

66. Chen, J. et al. Genome-wide association study of type 2 diabetes in Africa. Diabetologia 62, 

1204–1211 (2019). 

67. Suzuki, K. et al. Identification of 28 new susceptibility loci for type 2 diabetes in the Japanese 

population. Nat. Genet. 51, 379–386 (2019). 

68. Scott, R. A. et al. An expanded genome-wide association study of type 2 diabetes in 

Europeans. Diabetes 66, 2888–2902 (2017). 

69. Qi, Q. et al. Genetics of type 2 diabetes in U.S. Hispanic/Latino individuals: results from 

the Hispanic Community Health Study/Study of Latinos (HCHS/SOL). Diabetes 66, 1419–

1425 (2017). 

70. Ng, M. C. Y. et al. Meta-analysis of genome-wide association studies in African Americans 

provides insights into the genetic architecture of type 2 diabetes. PLoS Genet. 10, (2014). 

71. Takeuchi, F. et al. Confirmation of multiple risk loci and genetic impacts by a genome-wide 

association study of type 2 diabetes in the Japanese population. Diabetes 58, 1690–1699 

(2009). 

72. Tabassum, R. et al. Genome-wide association study for type 2 diabetes in indians identifies 

a new susceptibility locus at 2q21. Diabetes 62, 977–986 (2013). 

73. Majithia, A. R. et al. Rare variants in PPARG with decreased activity in adipocyte 

differentiation are associated with increased risk of type 2 diabetes. Proc. Natl. Acad. Sci. 111, 



 

 135 

13127–13132 (2014). 

74. Bonnefond, A. et al. Rare MTNR1B variants impairing melatonin receptor 1B function 

contribute to type 2 diabetes. Nat. Genet. 44, 297–301 (2012). 

75. Kahn, S. E., Cooper, M. E. & Del Prato, S. Pathophysiology and treatment of type 2 

diabetes: perspectives on the past, present, and future. Lancet 383, 1068–1083 (2014). 

76. Kahn, S. E., Hull, R. L. & Utzschneider, K. M. Mechanisms linking obesity to insulin 

resistance and type 2 diabetes. Nature 444, 840–846 (2006). 

77. Kahn, B. B. & Flier, J. S. Obesity and insulin resistance. J. Clin. Invest. 106, 473–481 (2000). 

78. Reaven, G. M. Pathophysiology of insulin resistance in human disease. Physiol. Rev. 75, 473–

486 (1995). 

79. Shepherd, P. R. et al. Adipose cell hyperplasia and enhanced glucose disposal in transgenic 

mice overexpressing GLUT4 selectively in adipose tissue. J. Biol. Chem. 268, 22243–22246 

(1993). 

80. Tozzo, E., Gnudi, L. & Kahn, B. B. Amelioration of Insulin Resistance in Streptozotocin 

Diabetic Mice by Transgenic Overexpression of GLUT4 Driven by an Adipose-Specific 

Promoter 1. Endocrinology 138, 1604–1611 (1997). 

81. Rondinone, C. M. et al. Insulin receptor substrate (IRS) 1 is reduced and IRS-2 is the main 

docking protein for phosphatidylinositol 3-kinase in adipocytes from subjects with non-

insulin-dependent diabetes mellitus. Proc. Natl. Acad. Sci. 94, 4171–4175 (1997). 

82. Cunha, D. A. et al. Initiation and execution of lipotoxic ER stress in pancreatic β-cells. J. 

Cell Sci. 121, 2308–2318 (2008). 

83. Ye, R., Onodera, T. & Scherer, P. E. Lipotoxicity and β cell maintenance in obesity and 

type 2 diabetes. J. Endocr. Soc. 3, 617–631 (2019). 

84. Colditz, G. A., Willctt, W. C., Rotnitzky, A. & Manson, J. E. Annals of internal medicine 

weight gain as a risk factor for clinical diabetes mellitus in women. Ann. Intern. Med. 122, 

481–486 (1995). 

85. Chan, J. M., Rimm, E. B., Colditz, G. A., Stampfer, M. J. & Willett, W. C. Obesity, fat 

distribution, and weight gain as risk factors for clinical diabetes in men. Diabetes Care 17, 

961–969 (1994). 

86. Elks, C. E. et al. Variability in the heritability of body mass index: a systematic review and 

meta-regression. Front. Endocrinol. (Lausanne). 3, 1–16 (2012). 

87. Montague, C. T. et al. Congenital leptin deficiency is associated with severe early-onset 



 

 136 

obesity in humans. Nature 387, 903–908 (1997). 

88. Clément, K. et al. A mutation in the human leptin receptor gene causes obesity and pituitary 

dysfunction. Nature 392, 398–401 (1998). 

89. Challis, B. G. A missense mutation disrupting a dibasic prohormone processing site in pro-

opiomelanocortin (POMC) increases susceptibility to early-onset obesity through a novel 

molecular mechanism. Hum. Mol. Genet. 11, 1997–2004 (2002). 

90. Benzinou, M. et al. Common nonsynonymous variants in PCSK1 confer risk of obesity. 

Nat. Genet. 40, 943–945 (2008). 

91. Farooqi, I. S. et al. Dominant and recessive inheritance of morbid obesity associated with 

melanocortin 4 receptor deficiency. J. Clin. Invest. 106, 271–279 (2000). 

92. Frayling, T. M. et al. A common variant in the FTO gene is associated with body mass index 

and predisposes to childhood and adult obesity. Science (80-. ). 316, 889–894 (2007). 

93. Scuteri, A. et al. Genome-wide association scan shows genetic variants in the FTO gene are 

associated with obesity-related traits. PLoS Genet. 3, e115 (2007). 

94. Alonso, R., Farías, M., Alvarez, V. & Cuevas, A. The Genetics of Obesity. in Translational 

Cardiometabolic Genomic Medicine 161–177 (Elsevier, 2016). doi:10.1016/B978-0-12-799961-

6.00007-X 

95. Pigeyre, M., Yazdi, F. T., Kaur, Y. & Meyre, D. Recent progress in genetics, epigenetics and 

metagenomics unveils the pathophysiology of human obesity. Clin. Sci. 130, 943–986 (2016). 

96. Broce, I. J. et al. Dissecting the genetic relationship between cardiovascular risk factors and 

Alzheimer’s disease. Acta Neuropathol. 137, 209–226 (2019). 

97. van den Akker, M., Buntinx, F. & Knottnerus, J. A. Comorbidity or multimorbidity. Eur. J. 

Gen. Pract. 2, 65–70 (1996). 

98. Tugwell, P. & Knottnerus, J. A. Multimorbidity and Comorbidity are now separate MESH 

headings. J. Clin. Epidemiol. 105, vi–viii (2019). 

99. Valderas, J. M., Starfield, B., Sibbald, B., Salisbury, C. & Roland, M. Defining comorbidity: 

implications for understanding health and health services. Ann. Fam. Med. 7, 357–363 

(2009). 

100. Charlson, M. E., Pompei, P., Ales, K. L. & MacKenzie, C. R. A new method of classifying 

prognostic comorbidity in longitudinal studies: Development and validation. J. Chronic Dis. 

40, 373–383 (1987). 

101. Sundararajan, V. et al. Cross-national comparative performance of three versions of the 



 

 137 

ICD-10 Charlson Index. Med. Care 45, 1210–1215 (2007). 

102. Elixhauser, A., Steiner, C. & Harris, D. R. Comorbidity measures for use with administrative 

data. Med. Care 36, 8–27 (1998). 

103. van Weel, C. & Schellevis, F. G. Comorbidity and guidelines: conflicting interests. Lancet 

367, 550–551 (2006). 

104. Von Korff, M., Wagner, E. H. & Saunders, K. A chronic disease score from automated 

pharmacy data. J. Clin. Epidemiol. 45, 197–203 (1992). 

105. McGregor, J. C. et al. Utility of the Chronic Disease Score and Charlson Comorbidity Index 

as comorbidity measures for use in epidemiologic studies of antibiotic-resistant organisms. 

Am. J. Epidemiol. 161, 483–493 (2005). 

106. Quinzler, R. et al. A novel superior medication-based chronic disease score predicted all-

cause mortality in independent geriatric cohorts. J. Clin. Epidemiol. 105, 112–124 (2019). 

107. Berkson, J. Limitations of the application of fourfold table analysis to hospital data. 

Biometrics 2, 47–53 (1946). 

108. Rhee, S. H. et al. The validity of the Neale and Kendler model-fitting approach in examining 

the etiology of eomorbidity. Behav. Genet. 34, 251–265 (2004). 

109. Jansen, R. C. & Nap, J. P. Genetical genomics: the added value from segregation. Trends 

Genet. 17, 388–91 (2001). 

110. Keurentjes, J. J. B. et al. Regulatory network construction in Arabidopsis by using genome-

wide gene expression quantitative trait loci. Proc. Natl. Acad. Sci. 104, 1708–1713 (2007). 

111. Viñuela, A., Snoek, L. B., Riksen, J. A. G. & Kammenga, J. E. Aging uncouples heritability 

and expression-QTL in Caenorhabditis elegans. G3 Genes|Genomes|Genetics 2, 597–605 

(2012). 

112. Lloyd-Jones, L. R. et al. The Genetic Architecture of Gene Expression in Peripheral Blood. 

Am. J. Hum. Genet. 100, 228–237 (2017). 

113. Huang, W. et al. Genetic basis of transcriptome diversity in Drosophila melanogaster. Proc. 

Natl. Acad. Sci. 112, E6010–E6019 (2015). 

114. Brem, R. B. Genetic Dissection of Transcriptional Regulation in Budding Yeast. Science (80-

. ). 296, 752–755 (2002). 

115. Guo, X. et al. A Comprehensive cis-eQTL Analysis Revealed Target Genes in Breast Cancer 

Susceptibility Loci Identified in Genome-wide Association Studies. Am. J. Hum. Genet. 102, 

890–903 (2018). 



 

 138 

116. Dixon, A. L. et al. A genome-wide association study of global gene expression. Nat. Genet. 

39, 1202–1207 (2007). 

117. Yang, S. et al. Genome-wide eQTLs and heritability for gene expression traits in unrelated 

individuals. BMC Genomics 15, 13 (2014). 

118. Lonsdale, J. et al. The Genotype-Tissue Expression (GTEx) project. Nat. Genet. 45, 580–5 

(2013). 

119. Schierding, W., Antony, J., Cutfield, W. S., Horsfield, J. A. J. A. & O’Sullivan, J. M. 

Intergenic GWAS SNPs are key components of the spatial and regulatory network for 

human growth. Hum. Mol. Genet. 0, 1–11 (2016). 

120. Schierding, W. S., O’Sullivan, J. M. & O’Sullivan, J. M. Connecting SNPs in Diabetes: a 

spatial analysis of meta-GWAS Loci. Front. Endocrinol. (Lausanne). 6, 1–6 (2015). 

121. Duggal, G., Wang, H. & Kingsford, C. Higher-order chromatin domains link eQTLs with 

the expression of far-away genes. Nucleic Acids Res. 42, 87–96 (2014). 

122. Lieberman-Aiden, E. et al. Comprehensive mapping of long-range interactions reveals 

folding principles of the human genome. Science (80-. ). 326, 289–293 (2009). 

123. Claussnitzer, M. et al. FTO obesity variant circuitry and adipocyte browning in humans. N. 

Engl. J. Med. 373, 895–907 (2015). 

124. Bonev, B. & Cavalli, G. Organization and function of the 3D genome. Nat. Rev. Genet. 17, 

661–678 (2016). 

125. Dixon, J. R. et al. Topological domains in mammalian genomes identified by analysis of 

chromatin interactions. Nature 485, 376–380 (2012). 

126. Szabo, Q., Bantignies, F. & Cavalli, G. Principles of genome folding into topologically 

associating domains. Sci. Adv. 5, eaaw1668 (2019). 

127. Rowley, M. J. & Corces, V. G. Organizational principles of 3D genome architecture. Nat. 

Rev. Genet. 19, 789–800 (2018). 

128. Rao, S. S. P. et al. A 3D map of the human genome at kilobase resolution reveals principles 

of chromatin looping. Cell 159, 1665–1680 (2014). 

129. Bintu, B. et al. Super-resolution chromatin tracing reveals domains and cooperative 

interactions in single cells. Science (80-. ). 362, eaau1783 (2018). 

130. Falk, M. et al. Heterochromatin drives compartmentalization of inverted and conventional 

nuclei. Nature (2019). doi:10.1038/s41586-019-1275-3 

131. Gómez-Díaz, E. & Corces, V. G. Architectural proteins: regulators of 3D genome 



 

 139 

organization in cell fate. Trends Cell Biol. 24, 703–711 (2014). 

132. Weintraub, A. S. et al. YY1 Is a structural regulator of enhancer-promoter loops. Cell 171, 

1573-1588.e28 (2017). 

133. Rowley, M. J. et al. Evolutionarily Conserved Principles Predict 3D Chromatin 

Organization. Mol. Cell 67, 837-852.e7 (2017). 

134. Sanborn, A. L. et al. Chromatin extrusion explains key features of loop and domain 

formation in wild-type and engineered genomes. Proc. Natl. Acad. Sci. 112, E6456–E6465 

(2015). 

135. Racko, D., Benedetti, F., Dorier, J. & Stasiak, A. Transcription-induced supercoiling as the 

driving force of chromatin loop extrusion during formation of TADs in interphase 

chromosomes. Nucleic Acids Res. 46, 1648–1660 (2018). 

136. Brackley, C. A. et al. Nonequilibrium Chromosome Looping via Molecular Slip Links. Phys. 

Rev. Lett. 119, 138101 (2017). 

137. Vian, L. et al. The energetics and physiological impact of cohesin extrusion. Cell 173, 1165-

1178.e20 (2018). 

138. Barutcu, A. R., Maass, P. G., Lewandowski, J. P., Weiner, C. L. & Rinn, J. L. A TAD 

boundary is preserved upon deletion of the CTCF-rich Firre locus. Nat. Commun. 9, 1444 

(2018). 

139. Nora, E. P. et al. Targeted degradation of CTCF decouples local insulation of chromosome 

domains from genomic compartmentalization. Cell 169, 930-944.e22 (2017). 

140. Rao, S. S. P. et al. Cohesin loss eliminates all loop domains. Cell 171, 305-320.e24 (2017). 

141. Ke, Y. et al. 3D chromatin structures of mature gametes and structural reprogramming 

during mammalian embryogenesis. Cell 170, 367-381.e20 (2017). 

142. Dekker, J. & Misteli, T. Long-Range Chromatin Interactions. Cold Spring Harb. Perspect. Biol. 

7, a019356 (2015). 

143. Fraser, P. & Bickmore, W. Nuclear organization of the genome and the potential for gene 

regulation. Nature 447, 413–417 (2007). 

144. Dixon, J. R. et al. Chromatin architecture reorganization during stem cell differentiation. 

Nature 518, 331–336 (2015). 

145. Kagey, M. H. et al. Mediator and cohesin connect gene expression and chromatin 

architecture. Nature 467, 430–435 (2010). 

146. Lupiáñez, D. G. et al. Disruptions of topological chromatin domains cause pathogenic 



 

 140 

rewiring of gene-enhancer interactions. Cell 161, 1012–1025 (2015). 

147. Katainen, R. et al. CTCF/cohesin-binding sites are frequently mutated in cancer. Nat. Genet. 

47, 818–821 (2015). 

148. Ardlie, K. G. et al. The Genotype-Tissue Expression (GTEx) pilot analysis: Multitissue gene 

regulation in humans. Science (80-. ). 348, 648–660 (2015). 

149. Gulbech Ording, A. & Toft Sørensen, H. Concepts of comorbidities, multiple morbidities, 

complications, and their clinical epidemiologic analogs. Clin. Epidemiol. 5, 199–203 (2013). 

150. Tran, J. et al. Patterns and temporal trends of comorbidity among adult patients with 

incident cardiovascular disease in the UK between 2000 and 2014: A population-based 

cohort study. PLOS Med. 15, e1002513 (2018). 

151. Visscher, P. M. Challenges in understanding common disease. Genome Med. 9, 112 (2017). 

152. Hindorff, L. a et al. Potential etiologic and functional implications of genome-wide 

association loci for human diseases and traits. Proc. Natl. Acad. Sci. U. S. A. 106, 9362–7 

(2009). 

153. Pickrell, J. K. et al. Detection and interpretation of shared genetic influences on 42 human 

traits. Nat. Genet. 48, 709–717 (2016). 

154. Bulik-Sullivan, B. et al. An atlas of genetic correlations across human diseases and traits. 

Nat. Genet. 47, 1236–1241 (2015). 

155. Zheng, J. et al. LD Hub: A centralized database and web interface to perform LD score 

regression that maximizes the potential of summary level GWAS data for SNP heritability 

and genetic correlation analysis. Bioinformatics 33, 272–279 (2017). 

156. Purcell, S. M. et al. Common polygenic variation contributes to risk of schizophrenia and 

bipolar disorder. Nature 460, 748–752 (2009). 

157. Farh, K. K. et al. Genetic and epigenetic fine mapping of causal autoimmune disease 

variants. Nature 518, 337–343 (2015). 

158. Dekker, J. & Mirny, L. The 3D genome as moderator of chromosomal communication. Cell 

164, 1110–1121 (2016). 

159. Fadason, T., Ekblad, C., Ingram, J. R., Schierding, W. S. & Justin, M. Physical interactions 

and expression quantitative traits loci identify regulatory connections for obesity and type 

2 diabetes associated SNPs. Front. Genet. 8, 1–12 (2017). 

160. Tang, Z. et al. CTCF-mediated human 3D genome architecture reveals chromatin topology 

for transcription. Cell 163, 1611–1627 (2015). 



 

 141 

161. Montavon, T. et al. A regulatory archipelago controls Hox genes transcription in digits. Cell 

147, 1132–1145 (2011). 

162. Gorkin, D. U., Leung, D. & Ren, B. The 3D genome in transcriptional regulation and 

pluripotency. Cell Stem Cell 14, 762–75 (2014). 

163. Chi, E. C., Allen, G. I. & Baraniuk, R. G. Convex biclustering. Biometrics 73, 10–19 (2017). 

164. Machiela, M. J. & Chanock, S. J. LDlink: a web-based application for exploring population-

specific haplotype structure and linking correlated alleles of possible functional variants: 

Fig. 1. Bioinformatics 31, 3555–3557 (2015). 

165. Kerpedjiev, P. et al. HiGlass: web-based visual exploration and analysis of genome 

interaction maps. Genome Biol. 19, 125 (2018). 

166. Tak, Y. G. & Farnham, P. J. Making sense of GWAS: using epigenomics and genome 

engineering to understand the functional relevance of SNPs in non-coding regions of the 

human genome. Epigenetics Chromatin 8, 57 (2015). 

167. Elkon, R. & Agami, R. Characterization of noncoding regulatory DNA in the human 

genome. Nat. Biotechnol. 35, 732–746 (2017). 

168. Kukurba, K. R. et al. Impact of the X chromosome and sex on regulatory variation. Genome 

Res. 26, 768–777 (2016). 

169. Taneera, J. et al. A systems genetics approach identifies genes and pathways for type 2 

diabetes in human islets. Cell Metab. 16, 122–134 (2012). 

170. Wardlaw, J. M., Valdés Hernández, M. C. & Muñoz‐Maniega, S. What are white matter 

hyperintensities made of? Relevance to vascular cognitive impairment. J. Am. Heart Assoc. 

4, e001140 (2015). 

171. Suberbielle, E. et al. DNA repair factor BRCA1 depletion occurs in Alzheimer brains and 

impairs cognitive function in mice. Nat. Commun. 6, 8897 (2015). 

172. Buttin, B. M. & Moore, M. J. Thalidomide-induced reversible interstitial pneumonitis in a 

patient with recurrent ovarian cancer. Gynecol. Oncol. 111, 546–548 (2008). 

173. Fernandez, K., O’Hanlan, K. A., Rodriguez-Rodriguez, L. & Marino, W. D. Respiratory 

failure due to interstitial lung metastases of ovarian carcinoma reversed by chemotherapy. 

Chest 99, 1533–1534 (1991). 

174. Hergüner, S., Keleşoğlu, F. M., Tanıdır, C. & Çöpür, M. Ferritin and iron levels in children 

with autistic disorder. Eur. J. Pediatr. 171, 143–146 (2012). 

175. Reynolds, A. et al. Iron status in children with autism spectrum disorder. Pediatrics 130, S154–



 

 142 

S159 (2012). 

176. Solovieff, N., Cotsapas, C., Lee, P. H., Purcell, S. M. & Smoller, J. W. Pleiotropy in complex 

traits: challenges and strategies. Nat. Rev. Genet. 14, 483–495 (2013). 

177. Lattka, E., Illig, T., Heinrich, J. & Koletzko, B. Do FADS genotypes enhance our 

knowledge about fatty acid related phenotypes? Clin. Nutr. 29, 277–287 (2010). 

178. Ananthakrishnan, A. N. et al. Genetic polymorphisms in fatty acid metabolism modify the 

association between dietary n3. Inflamm. Bowel Dis. 23, 1898–1904 (2017). 

179. Dumont, J. et al. Dietary linoleic acid interacts with FADS1 genetic variability to modulate 

HDL-cholesterol and obesity-related traits. Clin. Nutr. 1–7 (2017). 

doi:10.1016/j.clnu.2017.07.012 

180. Li, S.-W. et al. Polymorphisms in FADS1 and FADS2 alter plasma fatty acids and desaturase 

levels in type 2 diabetic patients with coronary artery disease. J. Transl. Med. 14, 79 (2016). 

181. Zhang, B. et al. Large-scale genetic study in East Asians identifies six new loci associated 

with colorectal cancer risk. Nat. Genet. 46, 533–542 (2014). 

182. Barrie, E. S. et al. The CHRNA5/CHRNA3/CHRNB4 nicotinic receptor regulome: 

genomic architecture, regulatory variants, and clinical associations. Hum. Mutat. 38, 112–

119 (2017). 

183. Sanyal, A., Lajoie, B. R., Jain, G. & Dekker, J. The long-range interaction landscape of gene 

promoters. Nature 489, 109–113 (2012). 

184. Reynolds, L. M. et al. Tissue-specific impact of FADS cluster variants on FADS1 and 

FADS2 gene expression. PLoS One 13, e0194610 (2018). 

185. Krivega, I. & Dean, A. LDB1-mediated enhancer looping can be established independent 

of mediator and cohesin. Nucleic Acids Res. 45, 8255–8268 (2017). 

186. Palstra, R.-J. et al. Maintenance of long-range DNA interactions after inhibition of ongoing 

RNA polymerase II transcription. PLoS One 3, e1661 (2008). 

187. Price, A. L., Spencer, C. C. A. & Donnelly, P. Progress and promise in understanding the 

genetic basis of common diseases. Proc. R. Soc. B Biol. Sci. 282, 20151684 (2015). 

188. Rosenson, R. S. et al. HDL and atherosclerotic cardiovascular disease: genetic insights into 

complex biology. Nat. Rev. Cardiol. 15, 9–19 (2017). 

189. Wiggs, J. L. & Pasquale, L. R. Genetics of glaucoma. Hum. Mol. Genet. 26, R21–R27 (2017). 

190. Sirota, M., Schaub, M. A., Batzoglou, S., Robinson, W. H. & Butte, A. J. Autoimmune 

disease classification by inverse association with SNP alleles. PLoS Genet. 5, e1000792 



 

 143 

(2009). 

191. Cotsapas, C. et al. Pervasive sharing of genetic effects in autoimmune disease. PLoS Genet. 

7, e1002254 (2011). 

192. Sivakumaran, S. et al. Abundant pleiotropy in human complex diseases and traits. Am. J. 

Hum. Genet. 89, 607–618 (2011). 

193. Gazal, S. et al. Linkage disequilibrium–dependent architecture of human complex traits 

shows action of negative selection. Nat. Genet. 49, 1421–1427 (2017). 

194. Hussin, J. G. et al. Recombination affects accumulation of damaging and disease-associated 

mutations in human populations. Nat. Genet. 47, 400–404 (2015). 

195. Wood, A. R. et al. Allelic heterogeneity and more detailed analyses of known loci explain 

additional phenotypic variation and reveal complex patterns of association. Hum. Mol. Genet. 

20, 4082–4092 (2011). 

196. Amin Al Olama, A. et al. Multiple novel prostate cancer susceptibility signals identified by 

fine-mapping of known risk loci among Europeans. Hum. Mol. Genet. 24, 5589–5602 (2015). 

197. Corradin, O. et al. Combinatorial effects of multiple enhancer variants in linkage 

disequilibrium dictate levels of gene expression to confer susceptibility to common traits. 

Genome Res. 24, 1–13 (2014). 

198. Lowe, W. L. & Reddy, T. E. Genomic approaches for understanding the genetics of 

complex disease. Genome Res. 25, 1432–1441 (2015). 

199. Wall, J. D. & Pritchard, J. K. Haplotype blocks and linkage disequilibrium in the human 

genome. Nat. Rev. Genet. 4, 587–597 (2003). 

200. Slatkin, M. Linkage disequilibrium--understanding the evolutionary past and mapping the 

medical future. Nat. Rev. Genet. 9, 477–85 (2008). 

201. Hormozdiari, F., Kichaev, G., Yang, W.-Y., Pasaniuc, B. & Eskin, E. Identification of causal 

genes for complex traits. Bioinformatics 31, i206–i213 (2015). 

202. Merino, D. M., Ma, D. W. & Mutch, D. M. Genetic variation in lipid desaturases and its 

impact on the development of human disease. Lipids Health Dis. 9, 63 (2010). 

203. Obukowicz, M. G. et al. Identification and characterization of a novel delta6/delta5 fatty 

acid desaturase inhibitor as a potential anti-inflammatory agent. Biochem. Pharmacol. 55, 

1045–1058 (1998). 

204. Dwyer, J. H. et al. Arachidonate 5-lipoxygenase promoter genotype, dietary arachidonic 

acid, and atherosclerosis. N. Engl. J. Med. 350, 29–37 (2004). 



 

 144 

205. Nora, E. P. et al. Spatial partitioning of the regulatory landscape of the X-inactivation centre. 

Nature 485, 381–385 (2012). 

206. O’Sullivan, J., Doynova, M., Antony, J., Pichlmuller, F. & Horsfield, J. Insights from space: 

potential role of diet in the spatial organization of chromosomes. Nutrients 5724–5739 

(2014). doi:10.3390/nu6125724 

207. Ramani, V., Shendure, J. & Duan, Z. Understanding spatial genome organization: methods 

and insights. Genomics. Proteomics Bioinformatics 14, 7–20 (2016). 

208. Taberlay, P. C. et al. Three-dimensional disorganization of the cancer genome occurs 

coincident with long-range genetic and epigenetic alterations. Genome Res. 26, 719–731 

(2016). 

209. Zhou, S., Treloar, A. E. & Lupien, M. Emergence of the noncoding cancer genome: a target 

of genetic and epigenetic alterations. Cancer Discov. 6, 1215–1229 (2016). 

210. Fraser, J., Williamson, I., Bickmore, W. A. & Dostie, J. An Overview of Genome 

Organization and How We Got There: from FISH to Hi-C. Microbiol. Mol. Biol. Rev. 79, 

347–372 (2015). 

211. Fuchsberger, C. et al. The genetic architecture of type 2 diabetes. Nature 536, 41–7 (2016). 

212. Miguel-Escalada, I. et al. Human pancreatic islet three-dimensional chromatin architecture 

provides insights into the genetics of type 2 diabetes. Nat. Genet. 51, 1137–1148 (2019). 

213. Surakka, I. et al. The impact of low-frequency and rare variants on lipid levels. Nat. Genet. 

47, 589–597 (2015). 

214. Trynka, G. et al. Dense genotyping identifies and localizes multiple common and rare variant 

association signals in celiac disease. Nat. Genet. 43, 1193–1201 (2011). 

215. Gibson, G. Rare and common variants: twenty arguments. Nat. Rev. Genet. 13, 135–145 

(2012). 

216. Sanghera, D. K. & Blackett, P. R. Type 2 diabetes genetics : beyond GWAS. J. Diabetes 

Metab. 3, (2012). 

217. Speliotes, E. K. et al. Association analyses of 249,796 individuals reveal 18 new loci 

associated with body mass index. Nat. Genet. 42, 937–948 (2010). 

218. Schierding, W., Antony, J., Cutfield, W. S., Horsfield, J. A. & O’Sullivan, J. M. Intergenic 

GWAS SNPs are key components of the spatial and regulatory network for human growth. 

Hum. Mol. Genet. 25, 3372–3382 (2016). 

219. Franzen, O. et al. Cardiometabolic risk loci share downstream cis- and trans-gene regulation 



 

 145 

across tissues and diseases. Science (80-. ). 353, 827–830 (2016). 

220. Jo, B. et al. Distant regulatory effects of genetic variation in multiple human tissues. bioRxiv 

(2016). doi:10.1101/074419 

221. Pullinger, C. R. et al. Evidence that an HMGA1 gene variant associates with type 2 diabetes, 

body mass index, and high-density lipoprotein cholesterol in a Hispanic-American 

population. Metab. Syndr. Relat. Disord. 12, 25–30 (2014). 

222. Grand, R. S., Gehlen, L. R. & O’Sullivan, J. M. Methods for the investigation of 

chromosome organization. in Advances in Genetics Research (ed. Urbano, K. V) 5, 111–129 

(NOVA, 2011). 

223. Pombo, A. & Dillon, N. Three-dimensional genome architecture: players and mechanisms. 

Nat Rev Mol Cell Biol 16, 245–257 (2015). 

224. Bolzer, A. et al. Three-Dimensional Maps of All Chromosomes in Human Male Fibroblast 

Nuclei and Prometaphase Rosettes. PLoS Biol. 3, e157 (2005). 

225. Parada, L. A., McQueen, P. G. & Misteli, T. Tissue-specific spatial organization of genomes. 

Genome Biol. 5, (2004). 

226. Doynova, M. D., Markworth, J. F., Cameron-Smith, D., Vickers, M. H. & O’Sullivan, J. M. 

Linkages between changes in the 3D organization of the genome and transcription during 

myotube differentiation in vitro. Skelet. Muscle 7, 5 (2017). 

227. Solovei, I. et al. Nuclear Architecture of Rod Photoreceptor Cells Adapts to Vision in 

Mammalian Evolution. Cell 137, 356–368 (2009). 

228. Fraser, J. et al. Hierarchical folding and reorganization of chromosomes are linked to 

transcriptional changes in cellular differentiation. Mol. Syst. Biol. 11, 852–852 (2015). 

229. Farh, K. K. et al. Genetic and epigenetic fine mapping of causal autoimmune disease 

variants. Nature 518, 337–343 (2015). 

230. Won, H. et al. Chromosome conformation elucidates regulatory relationships in developing 

human brain. Nature 538, 523–527 (2016). 

231. Boyle, E. A., Li, Y. I. & Pritchard, J. K. An Expanded View of Complex Traits: From 

Polygenic to Omnigenic. Cell 169, 1177–1186 (2017). 

232. Horikoshi, M. et al. Transancestral fine-mapping of four type 2 diabetes susceptibility loci 

highlights potential causal regulatory mechanisms. Hum. Mol. Genet. 25, 2070–2081 (2016). 

233. Krämer, A., Green, J., Pollard, J. & Tugendreich, S. Causal analysis approaches in Ingenuity 

Pathway Analysis. Bioinformatics 30, 523–530 (2014). 



 

 146 

234. Yaghootkar, H. et al. Genetic evidence for a normal-weight ‘metabolically obese’ phenotype 

linking insulin resistance, hypertension, coronary artery disease, and type 2 diabetes. Diabetes 

63, 4369–4377 (2014). 

235. Ugi, S. et al. Protein phosphatase 2A negatively regulates insulin’s metabolic signaling 

pathway by inhibiting Akt (Protein Kinase B) activity in 3T3-L1 adipocytes. Mol. Cell. Biol. 

24, 8778–8789 (2004). 

236. Broholm, C. et al. Epigenetic programming of adipose-derived stem cells in low birthweight 

individuals. Diabetologia 59, 2664–2673 (2016). 

237. Yaghootkar, H. et al. Genetic evidence for a link between favorable adiposity and lower risk 

of type 2 diabetes, hypertension, and heart disease. Diabetes 65, 2448–2460 (2016). 

238. Milionis, A. & Milionis, C. Correlation between Body Mass Index and Thyroid Function in 

Euthyroid Individuals in Greece. ISRN Biomarkers 2013, 1–7 (2013). 

239. Lee, M.-J., Wu, Y. & Fried, S. K. Adipose tissue heterogeneity: Implication of depot 

differences in adipose tissue for obesity complications. Mol. Aspects Med. 34, 1–11 (2013). 

240. Nagano, T. et al. Single-cell Hi-C reveals cell-to-cell variability in chromosome structure. 

Nature 502, 59–64 (2013). 

241. Saxena, R. & Palmer, N. D. The Genetics of Type 2 Diabetes and Related Traits. (Springer 

International Publishing, 2016). doi:10.1007/978-3-319-01574-3 

242. Waters, K. M. et al. Consistent Association of Type 2 Diabetes Risk Variants Found in 

Europeans in Diverse Racial and Ethnic Groups. PLoS Genet. 6, e1001078 (2010). 

243. Benton, M. C. et al. An analysis of DNA methylation in human adipose tissue reveals 

differential modification of obesity genes before and after gastric bypass and weight loss. 

Genome Biol. 16, 8 (2015). 

244. Sandholm, N. et al. The Genetic Landscape of Renal Complications in Type 1 Diabetes. J. 

Am. Soc. Nephrol. 28, 557–574 (2017). 

245. Kim, J.-Y., Namkung, J.-H., Lee, S.-M. & Park, T.-S. Application of Structural Equation 

Models to Genome-wide Association Analysis. Genomics Inform. 8, 150–158 (2010). 

246. Valderas, J. M., Starfield, B., Sibbald, B., Salisbury, C. & Roland, M. Defining Comorbidity: 

Implications for Understanding Health and Health Services. Ann. Fam. Med. 7, 357–363 

(2009). 

247. Hu, J. X., Thomas, C. E. & Brunak, S. Network biology concepts in complex disease 

comorbidities. Nat. Rev. Genet. 17, 615–629 (2016). 



 

 147 

248. Muoio, D. M. & Newgard, C. B. Mechanisms of disease: Molecular and metabolic 

mechanisms of insulin resistance and β-cell failure in type 2 diabetes. Nat. Rev. Mol. Cell Biol. 

9, 193–205 (2008). 

249. Hou, L., Chen, M., Zhang, C. K., Cho, J. & Zhao, H. Guilt by rewiring: gene prioritization 

through network rewiring in Genome Wide Association Studies. Hum. Mol. Genet. 23, 2780–

2790 (2014). 

250. Carroll, J. B., Bates, G. P., Steffan, J., Saft, C. & Tabrizi, S. J. Treating the whole body in 

Huntington’s disease. Lancet Neurol. 14, 1135–1142 (2015). 

251. Tahara, N. et al. Clinical and Biochemical Factors Associated With Area and Metabolic 

Activity in the Visceral and Subcutaneous Adipose Tissues by FDG-PET/CT. J. Clin. 

Endocrinol. Metab. 100, E739–E747 (2015). 

252. Lee, M.-J., Wu, Y. & Fried, S. K. Adipose tissue heterogeneity: Implication of depot 

differences in adipose tissue for obesity complications. Mol. Aspects Med. 34, 1–11 (2013). 

253. Neeland, I. J. et al. Associations of visceral and abdominal subcutaneous adipose tissue with 

markers of cardiac and metabolic risk in obese adults. Obesity 21, n/a-n/a (2013). 

254. Liesenfeld, D. B. et al. Metabolomics and transcriptomics identify pathway differences 

between visceral and subcutaneous adipose tissue in colorectal cancer patients: the 

ColoCare study. Am. J. Clin. Nutr. 102, 433–443 (2015). 

255. Cuthbertson, D. J. et al. What have human experimental overfeeding studies taught us about 

adipose tissue expansion and susceptibility to obesity and metabolic complications? Int. J. 

Obes. 1–40 (2017). doi:10.1038/ijo.2017.4 

256. Tan, C. Y. & Vidal-Puig, A. Adipose tissue expandability: the metabolic problems of obesity 

may arise from the inability to become more obese. Biochem. Soc. Trans. 36, 935–940 (2008). 

257. Lagathu, C. et al. Secreted frizzled-related protein 1 regulates adipose tissue expansion and 

is dysregulated in severe obesity. Int. J. Obes. 34, 1695–1705 (2010). 

258. Kastenmüller, G., Raffler, J., Gieger, C. & Suhre, K. Genetics of human metabolism: an 

update. Hum. Mol. Genet. 24, R93–R101 (2015). 

259. Martinez-Outschoorn, U. E., Peiris-Pagés, M., Pestell, R. G., Sotgia, F. & Lisanti, M. P. 

Cancer metabolism: a therapeutic perspective. Nat. Rev. Clin. Oncol. 14, 11–31 (2017). 

260. Sonnenburg, J. L. & Bäckhed, F. Diet–microbiota interactions as moderators of human 

metabolism. Nature 535, 56–64 (2016). 

261. Yang, W. et al. Potentiating the antitumour response of CD8+ T cells by modulating 



 

 148 

cholesterol metabolism. Nature 531, 651–655 (2016). 

262. Shin, S.-Y. et al. An atlas of genetic influences on human blood metabolites. Nat. Genet. 46, 

543–550 (2014). 

263. Draisma, H. H. M. et al. Genome-wide association study identifies novel genetic variants 

contributing to variation in blood metabolite levels. Nat. Commun. 6, 7208 (2015). 

264. Rhee, E. P. et al. An exome array study of the plasma metabolome. Nat. Commun. 7, 12360 

(2016). 

265. Kettunen, J. et al. Genome-wide study for circulating metabolites identifies 62 loci and 

reveals novel systemic effects of LPA. Nat. Commun. 7, 11122 (2016). 

266. Long, T. et al. Whole-genome sequencing identifies common-to-rare variants associated 

with human blood metabolites. Nat. Genet. 49, 568–578 (2017). 

267. Delaneau, O. et al. Chromatin three-dimensional interactions mediate genetic effects on 

gene expression. Science (80-. ). 364, eaat8266 (2019). 

268. Martin, P. et al. Capture Hi-C reveals novel candidate genes and complex long-range 

interactions with related autoimmune risk loci. Nat. Commun. 6, 10069 (2015). 

269. Võsa, U. et al. Unraveling the polygenic architecture of complex traits using blood eQTL 

metaanalysis. bioRxiv 18, 10 (2018). 

270. Liu, X., Li, Y. I. & Pritchard, J. K. Trans Effects on Gene Expression Can Drive Omnigenic 

Inheritance. Cell 177, 1022-1034.e6 (2019). 

271. Jäger, R. et al. Capture Hi-C identifies the chromatin interactome of colorectal cancer risk 

loci. Nat. Commun. 6, 6178 (2015). 

272. Schierding, W. et al. GWAS on prolonged gestation (post-term birth): analysis of successive 

Finnish birth cohorts. J. Med. Genet. 55, 55–63 (2018). 

273. Fadason, T., Schierding, W., Lumley, T. & O’Sullivan, J. M. Chromatin interactions and 

expression quantitative trait loci reveal genetic drivers of multimorbidities. Nat. Commun. 9, 

5198 (2018). 

274. Kanehisa, M., Furumichi, M., Tanabe, M., Sato, Y. & Morishima, K. KEGG: new 

perspectives on genomes, pathways, diseases and drugs. Nucleic Acids Res. 45, D353–D361 

(2017). 

275. Uhlen, M. et al. Tissue-based map of the human proteome. Science (80-. ). 347, 1260419–

1260419 (2015). 

276. Cotto, K. C. et al. DGIdb 3.0: a redesign and expansion of the drug–gene interaction 



 

 149 

database. Nucleic Acids Res. 46, D1068–D1073 (2018). 

277. Tong, P., Monahan, J. & Prendergast, J. G. D. Shared regulatory sites are abundant in the 

human genome and shed light on genome evolution and disease pleiotropy. PLOS Genet. 

13, e1006673 (2017). 

278. Yang, F., Wang, J., Pierce, B. L. & Chen, L. S. Identifying cis -mediators for trans -eQTLs 

across many human tissues using genomic mediation analysis. Genome Res. 27, 1859–1871 

(2017). 

279. Low‐Kam, C. et al. Variants at the APOE/C1/C2/C4 Locus Modulate Cholesterol Efflux 

Capacity Independently of High‐Density Lipoprotein Cholesterol. J. Am. Heart Assoc. 7, 

e009545 (2018). 

280. Ward, L. D. & Kellis, M. HaploReg: a resource for exploring chromatin states, conservation, 

and regulatory motif alterations within sets of genetically linked variants. Nucleic Acids Res. 

40, D930–D934 (2012). 

281. Postmus, I. et al. Pharmacogenetic meta-analysis of genome-wide association studies of 

LDL cholesterol response to statins. Nat. Commun. 5, 5068 (2014). 

282. Liang, J. Q. et al. Dietary cholesterol promotes steatohepatitis related hepatocellular 

carcinoma through dysregulated metabolism and calcium signaling. Nat. Commun. 9, 4490 

(2018). 

283. Cohen, K. S. et al. Circulating CD34+ progenitor cell frequency is associated with clinical 

and genetic factors. Blood 121, e50–e56 (2013). 

284. Li, H. (R)-Indolelactyl-CoA dehydratase, the key enzyme of tryptophan reduction to 

indolepropionate in Clostridium sporogenes. (Philipps Universität, Marburg., 2014). 

285. Ebenau-Jehle, C. et al. Anaerobic Metabolism of Indoleacetate. J. Bacteriol. 194, 2894–2903 

(2012). 

286. Yamakoshi, Y., Kishimoto, T., Sugimura, K. & Kawashima, H. Human Prostate CYP3A5: 

Identification of a Unique 5′-Untranslated Sequence and Characterization of Purified 

Recombinant Protein. Biochem. Biophys. Res. Commun. 260, 676–681 (1999). 

287. Boulet, M. M. et al. Alterations of plasma metabolite profiles related to adipose tissue 

distribution and cardiometabolic risk. Am. J. Physiol. Metab. 309, E736–E746 (2015). 

288. Giesbertz, P. et al. Metabolite profiling in plasma and tissues of ob/ob and db/db mice 

identifies novel markers of obesity and type 2 diabetes. Diabetologia 58, 2133–2143 (2015). 

289. Torell, F. et al. Multi-Organ Contribution to the Metabolic Plasma Profile Using 



 

 150 

Hierarchical Modelling. PLoS One 10, e0129260 (2015). 

290. Hensman Moss, D. J. et al. Huntington’s disease blood and brain show a common gene 

expression pattern and share an immune signature with Alzheimer’s disease. Sci. Rep. 7, 

44849 (2017). 

291. Dobrin, R. et al. Multi-tissue coexpression networks reveal unexpected subnetworks 

associated with disease. Genome Biol. 10, R55 (2009). 

292. Greenawalt, D. M. et al. A survey of the genetics of stomach, liver, and adipose gene 

expression from a morbidly obese cohort. Genome Res. 21, 1008–1016 (2011). 

293. Reynolds, R. H. et al. Moving beyond neurons: the role of cell type-specific gene regulation 

in Parkinson’s disease heritability. npj Park. Dis. 5, 6 (2019). 

294. International Human Genome Sequencing Consortium. Finishing the euchromatic 

sequence of the human genome. Nature 431, 931–945 (2004). 

295. The C. elegans Sequencing Consortium. Genome Sequence of the Nematode C. elegans: A 

Platform for Investigating Biology. Science (80-. ). 282, 2012–2018 (1998). 

296. Claverie, J.-M. What If There Are Only 30,000 Human Genes? Science (80-. ). 291, 1255–

1257 (2001). 

297. Grubert, F. et al. Genetic Control of Chromatin States in Humans Involves Local and Distal 

Chromosomal Interactions. Cell 162, 1051–1065 (2015). 

298. McEwen, B. S. The brain is the central organ of stress and adaptation. Neuroimage 47, 911–

913 (2009). 

299. Psychogios, N. et al. The Human Serum Metabolome. PLoS One 6, e16957 (2011). 

300. Emilsson, V. et al. Genetics of gene expression and its effect on disease. Nature 452, 423–

428 (2008). 

301. Kapoor, A. et al. An Enhancer Polymorphism at the Cardiomyocyte Intercalated Disc 

Protein NOS1AP Locus Is a Major Regulator of the QT Interval. Am. J. Hum. Genet. 94, 

854–869 (2014). 

302. Martin, A. R. et al. Human Demographic History Impacts Genetic Risk Prediction across 

Diverse Populations. Am. J. Hum. Genet. 100, 635–649 (2017). 

303. Palmer, N. D. et al. A genome-wide association search for type 2 diabetes genes in african 

americans. PLoS One 7, (2012). 

304. Liu, Y., Beyer, A. & Aebersold, R. Review On the Dependency of Cellular Protein Levels 

on mRNA Abundance. Cell 165, 535–550 (2016). 



 

 151 

305. Koussounadis, A., Langdon, S. P., Um, I. H., Harrison, D. J. & Smith, V. A. Relationship 

between differentially expressed mRNA and mRNA-protein correlations in a xenograft 

model system. Sci. Rep. 5, 10775 (2015). 

306. Edfors, F. et al. Gene‐specific correlation of RNA and protein levels in human cells and 

tissues. Mol. Syst. Biol. 12, 883 (2016). 

307. Tang, F. et al. RNA-Seq analysis to capture the transcriptome landscape of a single cell. Nat. 

Protoc. 5, 516–535 (2010). 

308. Andreassi, M. G. Metabolic syndrome, diabetes and atherosclerosis: Influence of gene–

environment interaction. Mutat. Res. Mol. Mech. Mutagen. 667, 35–43 (2009). 

309. Vrieze, A. et al. The environment within: how gut microbiota may influence metabolism 

and body composition. Diabetologia 53, 606–613 (2010). 

310. Benton, M. C. et al. An analysis of DNA methylation in human adipose tissue reveals 

differential modification of obesity genes before and after gastric bypass and weight loss. 

Genome Biol. 16, 8 (2015). 

311. Fraga, M. F. et al. From The Cover: Epigenetic differences arise during the lifetime of 

monozygotic twins. Proc. Natl. Acad. Sci. 102, 10604–10609 (2005). 

312. Smith, A. K. et al. Methylation quantitative trait loci (meQTLs) are consistently detected 

across ancestry, developmental stage, and tissue type. BMC Genomics 15, 145 (2014). 

313. Yang, J. et al. Common SNPs explain a large proportion of the heritability for human height. 

Nat Gen 42, 565–569 (2010). 

314. Fritsche, L. G. et al. Association of Polygenic Risk Scores for Multiple Cancers in a 

Phenome-wide Study: Results from The Michigan Genomics Initiative. Am. J. Hum. Genet. 

102, 1048–1061 (2018). 

315. Escott-Price, V., Shoai, M., Pither, R., Williams, J. & Hardy, J. Polygenic score prediction 

captures nearly all common genetic risk for Alzheimer’s disease. Neurobiol. Aging 49, 214.e7-

214.e11 (2017). 

316. Khera, A. V. et al. Genome-wide polygenic scores for common diseases identify individuals 

with risk equivalent to monogenic mutations. Nat. Genet. 50, 1219–1224 (2018). 

317. Torkamani, A., Wineinger, N. E. & Topol, E. J. The personal and clinical utility of polygenic 

risk scores. Nat. Rev. Genet. 19, 581–590 (2018). 

318. Chatterjee, N., Shi, J. & García-Closas, M. Developing and evaluating polygenic risk 

prediction models for stratified disease prevention. Nat. Rev. Genet. 17, 392–406 (2016). 



 

 152 

319. Wei, C.-H., Kao, H.-Y. & Lu, Z. PubTator: a web-based text mining tool for assisting 

biocuration. Nucleic Acids Res. 41, W518–W522 (2013). 

320. Lawlor, D. A., Harbord, R. M., Sterne, J. A. C., Timpson, N. & Davey Smith, G. Mendelian 

randomization: Using genes as instruments for making causal inferences in epidemiology. 

Stat. Med. 27, 1133–1163 (2008). 

321. Zhu, Z. et al. Integration of summary data from GWAS and eQTL studies predicts complex 

trait gene targets. Nat. Genet. 48, 481–487 (2016). 

322. Tewhey, R. et al. Direct Identification of Hundreds of Expression-Modulating Variants 

using a Multiplexed Reporter Assay. Cell 165, 1519–1529 (2016). 

323. Schadt, E. E. et al. An integrative genomics approach to infer causal associations between 

gene expression and disease. Nat. Genet. 37, 710–717 (2005). 

 


	Abstract
	Acknowledgements
	Table of contents
	List of figures
	List of tables
	Glossary
	Output from this research
	Co-authorship forms
	Chapter 1
	Introduction
	1.1 Genes and disease
	1.2 Are genetic architecture models oversimplified?
	1.3 Methods for determining the genetic architecture of phenotypes
	1.3.1 Linkage studies
	1.3.2 Association Studies

	1.4 Application of GWAS: obesity and type 2 diabetes
	1.5 Comorbidity and multimorbidity
	1.6 Expression quantitative trait loci and gene regulation
	1.7 The three-dimensional genome
	1.8 Summary
	1.9 Aim and Objectives
	1.9.1 Specific objectives


	Chapter 2
	Chromatin Interactions and Expression Quantitative Trait Loci Reveal Genetic Drivers of Multimorbidities
	2.1 Background
	2.2 Methods
	2.1.1 Data and reference files
	2.1.2 Identification of spatial SNP-Gene pairs
	2.1.3 Identification of spatial eQTL-eGene pairs
	2.1.4 Construction of phenotype matrices
	2.1.5 Convex biclustering of phenotypes
	2.1.6 Multimorbidity Analysis
	2.1.7 OMIM Analysis
	2.1.8 URLs
	2.1.9 Code availability
	2.1.10 Data availability

	2.2 Results
	2.2.1 GWAS SNPs mark spatial regulatory regions
	2.2.2 Multimorbid phenotypes cluster around shared eGenes
	2.2.3 Common genes are affected by different disease eQTLs
	2.2.4 eQTLs have gene and tissue specific effect patterns
	2.2.5 GWAS eQTLs spatially affect Mendelian genes

	2.3 Discussion

	Chapter 3
	Physical Interactions and Expression Quantitative Trait Loci Identify Regulatory Connections for Obesity and Type 2 Diabetes Associated SNPs
	3.1 Background
	3.2 Methods
	3.2.1 Disease-associated SNPs
	3.2.2 Identification of regulatory SNP-gene interactions
	3.2.3 Ingenuity® Pathway Analysis
	3.2.4 URLs
	3.2.5 Code availability
	3.2.6 Data availability

	3.3 Results
	3.3.1 Diabetes and obesity associated SNPs form part of a regulatory network
	3.3.2 Co-regulation occurs for localized genes
	3.3.3 Common variant association signals from different ethnicities show extensive connectivity
	3.3.4 Comorbidity: pathway interactions or shared genes?

	3.4 Discussion

	Chapter 4
	Reconstructing the Blood Metabolome and Genotype Using Long-Range Chromatin Interactions
	4.1 Background
	4.2 Methods
	4.2.1 Data sources
	4.2.2 Identification of SNP target genes
	4.2.3 Annotation of genes involved in metabolism
	4.2.4 Drug associations and protein classification
	4.2.5 Literature support for associations
	4.2.6 URLs
	4.2.7 Data and code availability

	4.3 Results
	4.3.1 Metabolite-associated SNPs mark eQTLs
	4.3.2 Metabolite-associated SNPs target genes in metabolic pathways
	4.3.3 Literature text mining supports eGene-metabolite associations

	4.4 Discussion

	Chapter 5
	General Discussion
	5.1 Summary of findings
	5.2 The 3D genome as mediator of multimorbidity
	5.3 Homeostasis is affected by long-range gene regulation
	5.4 Genetic studies: systems-based or tissue-based approach?
	5.5 Limitations
	5.6 Future directions
	5.6.1 Investigation of gene-environment interactions
	5.6.2 Estimation of gene expression heritability
	5.6.3 Prediction of genetic risks to disease
	5.6.4 Literature text mining of gene-phenotype links
	5.6.5 Mendelian randomization
	5.6.6 Validation of novel SNP-phenotype-gene relationships

	5.7 Conclusion

	Appendix
	References



