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INTRODUCTION

Tremendous progress in the field of genomics has created a basis for large-scale
characterization of the role of genetics in human complex traits and diseases.
Linking genetic variants with the variability in traits using genome-wide
association studies (GWAS) has enhanced our understanding of the heritability
and genetic architecture of human traits. However, a majority of the trait-
associated variants fall in noncoding regions of the human genome, providing
no direct information about the functional consequences of the genetic variants.
This limits our ability to discern key genes and molecular mechanisms affected
by the associated variants.

Gene expression gives rise to observable phenotypes latent in the underlying
genetic code. The regulation of gene expression is a dynamic process involving
a diverse set of mechanisms in time- and context-specific manners. Thereby,
genetic variants play an important role in various events, such as transcription
factor binding efficiency at promoter or enhancer regions, alternative splicing,
microRNA activity in post-transcriptional regulation, and post-translational
modifications. Considering genetic variants as modulators of gene expression
levels, the intermediate quantitative trait between DNA variants and human
traits or diseases, offers new instruments to leverage the knowledge gathered by
genome-wide association studies by pinpointing the crucial links and refining
our understanding about gene regulation in general. By learning how genetic
variants change gene expression in healthy individuals, we can gain insights
into how diseases develop in people. Therefore, expression quantitative trait
loci (eQTL) mapping holds promise to improve our understanding of how to
read the genetic code and translate it to the benefit of human health.

As gene expression is differentially regulated in different tissues and environ-
mental or cellular contexts, the comprehensive profiling of the effects of genetic
variants on gene expression in a broad range of tissues and contexts is necessary
to obtain a complete picture of the complex pattern of gene regulation. Over the
last years, the maps of eQTLs in humans have been extensively composed and
improved. As an example of one ambitious initiative, the National Institutes of
Health launched the Genotype-Tissue Expression (GTEx) project in September
2010, which aims to profile the association between genetic variants and gene
expression levels in more than 50 tissue types from 900 post-mortem donors.

This thesis focuses on characterizing the different aspects of genetic regu-
lation of gene expression. In the first part of the thesis, I give an overview of
eQTLs from different perspectives based on the literature: the rationale behind
eQTLs; the nature, properties and importance of eQTLs; the analytical frame-
work for eQTL mapping; and the future prospects of eQTLs to improve human
health. In the second part, I describe the investigation of the genetic regulation
of gene expression in liver tissue and purified T cells, aiming to study normal
variation in gene expression and to detect tissue- and cell type-specific effects.
Finally, I discuss and analyze the impact of polymorphisms in microRNA
binding sites in regulating gene expression levels.



1. REVIEW OF THE LITERATURE

1.1. Genome-wide association studies

Dissecting the role of common variation in human traits and complex diseases
have been the key questions in genomics for the last decade. GWAS have proven
to be a well-suited experimental design to investigate the genetic architecture
and heritability of complex human traits and to provide novel biological
mechanisms (Bush and Moore, 2012; Visscher et al., 2012). In GWAS, the
distribution of the genotypes at each common single-nucleotide polymorphism
(SNP) in individuals with a phenotype of interest (cases) and in the general
population (controls) are compared, resulting in an estimated effect size of the
main additive effect of a SNP for the given phenotype.

Since the first GWAS in 2005, over two thousand studies have been
conducted and tens of thousands of genetic variants linked to complex diseases
and traits have been found (Welter et al., 2014, GWAS Catalog by the National
Human Genome Research Institute and the European Bioinformatics Institute
accessed on 27/02/2017), highlighting the important role of genetics in common
diseases. However, GWAS hits explain a relatively moderate portion of the
phenotypic variance (Visscher et al., 2012) and it remains challenging to pin-
point the precise disease-causal variants and genes (Edwards et al., 2013).

In general, the numerous identified associations mark the region of SNPs in
strong linkage disequilibrium (LD) that influences the risk for a certain disease
or phenotypic expression. Typically, the susceptibility region, which is expected
to include the biologically relevant variant, is substantial in length (Schaub et
al., 2012). Moreover, a majority of the trait-associated variants are either localized
in intergenic regions or introns (Hindorff et al., 2009). Thus, instead of directly
affecting the sequence of proteins via non-synonymous substitutions, the functio-
nal effects of SNPs on phenotypes may be mediated by other mechanisms, such
as regulation of gene expression levels. Indeed, the success of mapping functional
elements in the human genome have revealed that GWAS SNPs are enriched in
or near regulatory regions outside of protein-coding genes (Dunham et al.,
2012; Schaub et al., 2012), such as chromatin immunoprecipitation sequencing
(ChIP-seq) peaks and DNase I hypersensitive sites, and are more likely to
influence gene expression (Nicolae et al., 2010). Furthermore, their molecular
consequences are likely to be restricted to specific tissue or cell type and to
particular periods of development (Fu et al., 2012; Maurano et al., 2012; Trynka
et al., 2013).

To translate the information gathered by GWAS into clinical advances, the
next challenge beyond finding association signals is defining the molecular
mechanisms whereby the risk SNPs modulate traits and diseases (McCarthy et
al., 2008). Thus, to unravel the causal chain, eQTL studies hold promise to
characterize the downstream targets of risk SNPs through their effect on gene
expression in specific tissues or cell types most relevant to the phenotype of
interest.
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1.2. Genetic regulation of gene expression

Gene expression forms a fundamental bridge between genotypes and observable
traits through the synthesis of functional gene products (proteins, functional
RNA) from the genetic code stored in the DNA. The variety of elements and
mechanisms that induce or repress the expression of a gene act in a concerted
manner (Phillips, 2008; White and Sharrocks, 2010). These processes include
epigenetic modifications, such as DNA methylation, histone acetylation, and
other histone modifications, to the genome to modulate the accessibility of DNA
to transcription factors, binding of transcription factors to specific DNA
elements to activate transcription, and mechanisms that modulate the translation
of mRNA transcripts into proteins (Cooper, 2000; Lelli et al., 2012). Of note,
genetic variation plays a critical role in various events regulating gene expression
(Knight, 2014).

Importantly, the control of gene expression is a dynamic process altered in
response to the changing cellular context during given stage of development and
environmental stimulus (Jaenisch and Bird, 2003; White and Sharrocks, 2010).
In general, gene regulation defines the function of a cell and in case of mis-
regulation, if improper transcripts are expressed at a wrong time or location, can
lead to diseases, such as cancer, autoimmune and inflammatory diseases,
developmental disorders, diabetes and cardiovascular diseases (Lee and Young,
2013).

Gene expression levels can be considered as a quantitative trait like height
and lipid levels. As a heritable intermediate phenotype between DNA variants
and complex traits (Price et al., 2011; Wright et al., 2014; Lloyd-Jones et al.,
2017), dissecting the genetic basis of gene expression in tissues and cell types
with biological relevance to the trait of interest provides characterization of the
mechanistic link between the genetic variant and the trait (Dermitzakis, 2008).
For this reason, it is appealing to map functional genetic variants (both coding
and regulatory) that affect gene expression, to advance the understanding and
interpretation of the genetic architecture of natural and disease-associated
variation in gene expression.

Large scale eQTL mapping studies were proposed in 2001 (Jansen and Nap,
2001). The first genome-wide mapping of expression levels measured with
microarrays was carried out in 2002 in a cross between two strains of yeast
(Brem et al., 2002), and the first large eQTL study in humans was reported in
2004 by linkage analysis in 14 large families (Morley et al., 2004). Starting
from 2010, the advances in RNA-sequencing (RNA-seq) technologies have
enabled higher-resolution analyses, including transcripts not present on
commercial microarrays and additionally, allowing for analyses of alternative
splicing and allele-specific expression to determine cis-acting variants per se
(Montgomery et al., 2010; Pickrell et al., 2010). RNA-seq, combined with the
advances in whole-genome sequencing, provides a deeper understanding of the
functional variants (Lappalainen et al., 2013). As the effect of the functional
variants depends on the dynamic epigenomic landscape in which the variants
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exert their effect (Knight, 2014), it is highly informative to accompany eQTLs
with epigenomic maps in different human cell and tissue types. Thus, initiatives
such as the Encyclopedia of DNA Elements (ENCODE Project Consortium,
2004, 2012; Birney et al., 2007) and National Institutes of Health Roadmap
Epigenomics Mapping Consortium (Bernstein et al., 2010; Roadmap Epige-
nomics Consortium et al., 2015) are essential to characterize the genomic
properties of eQTLs.

Today, the analysis of eQTLs has become a standard approach to provide
functional annotation to GWAS hits. Also, it extends the conception of the
genetics of gene expression and comprehension of the nature, properties, and
importance of eQTLs in general.

1.2.1. The nature of eQTLs

eQTLs are classified into two groups based on either the distance between the
genetic variant and the gene (local or distal eQTLs) or the underlying molecular
nature through which expression is affected (cis- or trans-eQTLs) (Rockman
and Kruglyak, 2006).

Usually, local eQTLs act in cis and influence the expression levels of a gene
in an allele-specific manner, resulting in an allelic imbalance (Fig. 1A; Albert
and Kruglyak, 2015), i.e. differential expression of the two alleles of a
heterozygous individual. On the other hand, local eQTLs that act in trans
modify both of the alleles of a close by gene (Albert and Kruglyak, 2015). Two
typical scenarios of the trans association are a polymorphism in a nearby gene
and an autoregulative feedback loop (Rockman and Kruglyak, 2006). Firstly, a
polymorphism in a nearby gene regulates the gene of interest due to the close
location of regulators and their targets in the genome. Secondly, a gene is regu-
lated by its own product triggered by a polymorphism in the coding sequence.

Distal eQTLs typically act in tans through the downstream effects of coding
variants in the regulatory genes or local eQTLs of such genes (Fig. 1B; Albert
and Kruglyak, 2015). The phenomena of trans-eQTL hotspots, loci that can
affect the expression of hundreds of distal genes, have been reported both in
model organisms and human studies (Breitling et al., 2008). Cis-mediated
mechanisms and co-regulatory landscapes are considered as two possible
explanations for trans-eQTL hotspots. According to the first proposal, the SNP
has both cis and trans effects, therefore trans regulation is mediated by the
expression of a gene with a cis-eQTL effect serving as a master regulator for a
number of distal genes (Pierce et al., 2014; Yao et al., 2017). The second proposal
suggests that trans-eQTL hotspots regulate genes of functionally related groups,
e.g. genes that encode proteins that interact directly, genes from the same bio-
logical pathways, or genes regulated by the same transcription factors (Brynedal
etal., 2017).

12
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Figure 1. Local and distal eQTLs. Local and distal effects of regulatory variants (red
stars) are illustrated for different scenarios highlighting the roles of coding regions (bars
with arrows), promoters (smaller bars), mRNA transcripts (black lines), gene
products/proteins (circles). Affected genes and promoter regions are denoted by pale
green and pale blue bars, respectively. (A) Local regulatory variants are found in the
proximity of the target gene. Local eQTLs can act both in cis and trans. Cis-regulatory
variants affect gene expression in an allele-specific manner (Al). For example, a
regulatory mutation in the promoter sequence can influence the binding of a
transcription factor and hence the abundance of mRNA transcripts. In the illustrated
example, a transcription factor binds with stronger affinity to allele 1 than allele 2,
resulting in differential expression of the two alleles of a heterozygous individual. A
cis-regulatory variant that acts in trans can be a SNP in a nearby gene that alter the
encoded protein, which in turn affects the expression of a target gene (A2), or a SNP in
the coding sequence of a gene, which regulates its own expression by binding to its
promoter sequence (A3). (B) Distal regulatory variants are found farther from the target
gene or on a different chromosome. Distal eQTLs act in trans. A distal eQTL can be a
SNP in the coding region of a gene that encodes a product that acts as a transcription
factor for the target gene (B1). In the illustrated example, an altered transcription factor
binds with stronger affinity to the promotor region on both alleles, hence resulting in
more mRNA transcripts compared to the original transcription factor, which binds
poorly to both alleles of the target gene. A distal eQTL can also be a local eQTL of a
regulatory gene (B2), influencing the abundance of the gene’s product which affects a
downstream target gene. In the illustrated example, the abundance of the protein
positively affects the expression of the target gene. Adapted from Albert and Kruglyak
(2015).

¥
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1.2.1.1. The molecular basis of eQTLs

The growing availability of whole genome sequences has provided a deeper
characterization of regulatory variation causing changes in the mechanism regu-
lating gene expression levels. Cis-eQTLs have been linked to different mole-
cular mechanisms and processes prior to, during, and after transcription, which
can, in turn, affect the expression of other genes as trans-eQTLs.

Pre-transcriptional regulatory variation alters transcription rate uniformly
over all isoforms of a gene (Gaffney, 2013). The key processes prior to trans-
cription are transcription factor binding, histone modifications, enhancer activity,
and DNA methylation. Of these, most support has been gained for genetically
driven variation in transcription factor binding as likely the strongest contributor
to gene expression regulation, interacting with or even affecting other regu-
latory mechanisms, such as DNA methylation and chromatin accessibility (Pai
et al., 2015).

In contrast to the pre-transcriptional regulatory variation, post-transcriptional
variants alter the relative abundances of a set of isoforms (Gaffney, 2013).
Splicing, the removal of transcribed introns from the pre-mRNA, is one of the
several important mechanisms taking place co-transcriptionally and after
transcription. The genetic basis of mRNA splicing variation is mainly localized
in the proximity of or within the targeted exon (Fraser and Xie, 2009; Pickrell et
al., 2010). Interestingly, most of the genetic variants that affect splicing have no
effect on gene expression levels, on the contrary, they possibly influence the
protein function by affecting the coding sequence (Li et al., 2016).

Following RNA processing, steady-state mRNA levels are determined by the
rate of mRNA degradation modulated by mRNA stability and small regulatory
RNAs, including microRNAs (miRNA) (Garneau et al., 2007). Genetic variation
affects post-transcriptional mechanisms by influencing the general RNA decay,
alternative polyadenylation and miRNA binding (Pai et al., 2015). The variants
associated with the aforementioned processes are found predominantly in the
untranslated regions (UTRs) at the 3° end of an mRNA transcript, specifically at
the regulatory elements associated with mRNA-stability determinants, such as
adenylate-uridylate (AU)-rich elements and miRNA binding sites (Lu and
Clark, 2012; Pai et al., 2012; Yoon et al., 2012).

All these mechanisms illustrate the molecular complexity and combinatorial
nature of gene regulation (Fig. 2). However, the exact extent of contributions
from specific pre-, co- and post-transcriptional processes currently remains
unclear.
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Figure 2. Mechanisms by which an eQTL can regulate gene expression from pre-
transcription to post-transcription. Prior to transcription, an eQTL can impact
transcription factor binding to promotor or enhancer regions and epigenetic alterations,
such as DNA methylation and histone modifications. For example, heavy methylation in
gene promoter regions is known to repress gene transcription and histone modifications
influence the accessibility of DNA regions, thus activating or repressing transcription.
During and after transcription, an eQTL localized in the vicinity of the targeted exon
can impact the inclusion of the exon in the processed mRNA transcript, thus resulting in
alternatively spliced isoforms. After transcription, eQTLs have a role both in mRNA
degradation and translation. For example, by affecting miRNA binding efficiency,
eQTLs may indirectly repress the expression of its target gene via the destabilization of
mRNA or translation blockage of mRNA. TF — transcription factor. Adapted from Pai et
al. (2015).

1.2.2. Properties of eQTLs

Tremendous progress in the field of eQTL mapping has led to characterizing the
effect of genetic variants on gene expression in a diverse range of human popu-
lations and context. eQTLs are extremely widespread throughout the human
genome and highly conserved across populations of different ancestry with
similar allelic direction and effect size (Raj et al., 2014; Stranger et al., 2012). It
is expected that a majority of the eQTLs do not dramatically impact organism-
level phenotype, however, they are essential for understanding the potential
function of the non-coding variants on gene expression (Battle and Montgomery,
2014; Lappalainen, 2015).

To date, ecQTL maps have been composed for several easily accessible tissues
such as whole blood (Westra et al., 2013; Yao et al., 2017), liver (Schadt et al.,
2008; Innocenti et al., 2011; Fu et al., 2012), subcutaneous adipose tissue (Fu et
al., 2012; Grundberg et al., 2012), visceral adipose tissue (Fu et al., 2012), and
cell types such as lymphoblastoid cell-lines (Grundberg et al., 2012; Lappalainen
et al., 2013; Bryois et al., 2014), B cells (Fairfax et al., 2012), T cells (Ferraro et
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al., 2014; Raj et al., 2014; Chen et al., 2016), monocytes (Zeller et al., 2010;
Fairfax et al., 2012; Raj et al., 2014; Chen et al., 2016), neutrophils (Andiappan
et al., 2015; Naranbhai et al., 2015; Chen et al., 2016). As a part of the GTEx
project, 44 tissues and cell lines from post-mortem samples have been assessed
(GTEx Consortium, 2015). Each of these studies has made a notable con-
tribution to describing the complex landscape of genetic regulation of gene
expression and determining the extent of tissue- and condition-specific effects.

1.2.2.1. Effect sizes and functional architecture

Cis-eQTLs are widespread in the human genome. By the most recent estimate
based on a broad range of tissues, 88% of all annotated protein-coding genes are
regulated by local genetic variants and the number of discoveries has not
reached the plateau yet (Aguet et al., 2016). Moreover, it is consistently
estimated that one-third of the genes have conditionally independent effects in
at least one tissue type (Aguet et al., 2016; Brown et al., 2013). The number of
discovered and replicable trans-eQTLs has been low compared to cis-eQTLs,
mainly reflecting the multiple testing burden with generally smaller effect sizes
in trans and limited number of samples in comparable cohorts and tissues
(Westra and Franke, 2014). Growing sample sizes of the datasets hold great
promise to find more cis- and trans-eQTLs with even smaller effect sizes as the
statistical power is influenced by the sample size and the number of highly
expressed genes (Joehanes et al., 2017).

Generally, the effect size of a local eQTL increases as the distance to the
transcription start site (TSS) of a gene decreases (Fairfax and Knight, 2014;
Westra and Franke, 2014), with a stronger effect on gene expression demon-
strated by upstream variants compared to downstream variants (Aguet et al.,
2016). Also, the average effect size is negatively correlated with the number of
tissues the gene is expressed in. Therefore, at the same significance level,
tissue-specific local eQTLs have significantly larger effect sizes than tissue-
shared eQTLs (Aguet et al., 2016). Altogether, genetic variants that are likely to
affect transcription (by altering transcription factor binding sites or other cis-
regulatory elements) rather than post-transcriptional regulation of mRNA levels
have been shown to have stronger impact on gene expression levels (Aguet et
al., 2016). For example, variants at canonical splice sites have the strongest
effect on gene expression, inversely, variants in 3’UTRs have the weakest effect
with median absolute normalized effect sizes ranging from 0.3 to 1.6-fold
between the two eQTL alleles.

A comprehensive study of the functional architecture of local and distal
eQTLs in peripheral blood explored the enrichment of eQTLs depending on
their location in the genome as well as their “epigenomic context”, altogether
referred to as 57 functional categories (Liu et al., 2017). Of note, the authors
made use of stratified LD-score regression (Bulik-Sullivan et al., 2015) to be
able to include those genetic variants below the stringent significance threshold,
and estimated the enrichment of a functional category as a proportion of gene
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expression heritability in that category divided by the proportion of SNPs in the
given category. The most enriched categories for both local eQTLs and distal
eQTLs included coding regions, conserved regions, and histone marks H3K27ac
(linked with active enhancers) and H3K4me3 (linked with transcriptionally
active promoters). The importance of variants in 5°UTRs, promoter regions, and
transcription factor binding sites were observed for local regulatory control,
while the coding regions of expressed genes (such as transcription factors) were
important contributors in the distal regulatory control of gene expression, well
in line with the known nature of local and distal eQTLs. Importantly, the
functional architecture of the regulation of gene expression was consistent
across 15 different tissues (Liu et al., 2017).

1.2.2.2. Cell type- and tissue-specificity

Numerous analyses of different tissues and cell types has extended the knowledge
about tissue/cell type-specificity of eQTLs. In general, cis-eQTLs tend to have
stronger effect sizes and are mainly shared across tissues, while trans-eQTLs
have weaker effects sizes and are tissue-specific (Grundberg et al., 2012; Price
et al., 2011). For example, to quantify the tissue-sharing of cis-eQTLs, a high
degree of shared cis-eQTLs have been found between brain tissues (mean
estimated overlap of 0.864), arterial tissues (mean estimated overlap of 0.854),
skeletal muscle and heart tissues (mean estimated overlap of 0.819) from the
GTEx V6 study (Aguet et al., 2016), reflecting the functional similarities of the
tissues. Among primary immune cells, expectedly, sharing of local genetic
variants is marginally greater between myeloid cells (monocytes and neutrophils)
than with lymphoid cells (CD4" T cells), profiled as part of the BLUEPRINT
epigenome (Chen et al., 2016) and Immune Variation (Raj et al., 2014) projects,
with estimated proportions of shared effects being 0.85 for profiled myeloid
cells and 0.62—0.71 between myeloid and lymphoid cells. In general, tissue
sharing of local eQTLs is linked with cell type-specific implications in complex
genetic diseases (Aguet et al.,, 2016). The genes affected by an eQTL in a
specific tissue are overrepresented in different disease gene datasets annotated
by several databases, such as the GWAS Catalog (Welter et al., 2014) and the
list of loss-of-function intolerant genes from the Exome Aggregation Con-
sortium (Lek et al., 2016).

While the sharing patterns of trans-eQTLs between tissues in the GTEx V6
study are in concordance with the patterns among cis-eQTLs, the regulation of
gene expression in trans demonstrates greater tissue-specificity than regulation
in cis (Jo et al., 2016). This is also confirmed by the patterns of genetic corre-
lation of gene expression across tissues (Liu et al., 2017). Moreover, trans-
eQTLs reveal greater enrichment for enhancer regions than cis-eQTLs (Jo et al.,
2016), well in line with the greater tissue-specificity linked with enhancer
activity. Also, similar promoter versus enhancer enrichment and specificity
relatedness is observed among primary and secondary cis-eQTLs (conditionally
independent from the primary cis-eQTLs), in accordance with the increased
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distance of the secondary variants from the TSS and their greater tissue-specific
nature (Aguet et al., 2016).

1.2.2.3. Condition-specificity

In addition to tissue- or cell-dependent regulation of gene expression, the extent
and the strength of the effect of eQTLs on gene expression levels may vary with
different cellular and environmental conditions.

In 2014, the first comprehensive studies described stimulus-induced eQTLs
in monocytes (Fairfax et al., 2014) and human dendritic cells (Lee et al., 2014).
For example, Fairfax and colleagues showed that in monocytes, a majority of
the identified cis-eQTLs were observed only in cells activated by the exposure
to early (2 hours) or late (24 hours) bacterial lipopolysaccharide or interferon-
gamma treatment, which trigger an inflammatory response in cells. In addition
to the treatment- and time-specific eQTLs, a notable proportion (54.1%) of cis-
eQTLs found before stimulation were specific to the unstimulated state in
resting cells, showing no association after the treatment. In general, cis-eQTLs
were found to act through well-annotated pathways of monocyte signaling,
while trans-eQTLs were putatively driven by various mechanisms, such as
coding variants in genes known to modulate enzymatic activity and a cis-eQTL
for a gene that modulates cytokine networks over time.

Recent studies have highlighted the interplay between environmental
modifiers and genetic predisposition to complex diseases. Interestingly, a
substantial fraction of disease-associated eQTLs remain hidden in resting cells,
while about a half of them already alter the chromatin accessibility in
unstimulated cells, waiting for the right cellular state or condition to modulate
gene expression as a response to immune activation (Alasoo et al., 2017).
Moreover, genetic predisposition to autoimmune diseases may also be driven by
faulty response to an environmental stimuli rather than static and uniform
malfunction (Kim-Hellmuth et al., 2017). Altogether, context-specific eQTLs
present a highly dynamic role of response to stimulus in modulating genetic
regulation of gene expression and the need to study this phenomenon in depth.

1.2.3. Importance of eQTLs

The most notable benefit of mapping eQTLs is the identification of genes and
pathways that contribute to disease susceptibility or trait formation and are the
targets of GWAS loci (Gibson et al., 2015). As the disease genes tend to be
overexpressed in specific tissues (Goh et al., 2007; Lage et al., 2008), eQTLs
are also promising in narrowing down the tissue or cell type essential for
disease etiology. Thereby, eQTLs provide means for improved understanding of
disease mechanisms, identification of promising new targets for therapeutic
interventions, and discoveries of drug mechanisms.
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1.2.3.1. eQTLs as means for understanding disease mechanisms

A striking example is the unravelling of causal connections between the
chromosome 1p13 locus, plasma low-density lipoprotein cholesterol (LDL-C),
and myocardial infarction (MI) in humans (Musunuru et al., 2010). LDL-C is a
well-known risk factor for MI (Brown and Goldstein, 1996; Rader et al., 2003).
A GWAS for plasma lipoprotein traits identified the locus on 1pl13 as the
strongest for the associations with LDL-C across the genome (Teslovich et al.,
2010). Meanwhile, the same SNPs in the locus have been linked to coronary
artery disease and MI (Kathiresan et al., 2009; Samani et al., 2007). Notably,
the SNPs lie in the noncoding region of 6.1 kilobases (kb) in size between the
3’UTR of CELSR2 and 3’UTR of PSRCI (oriented in the opposite direction).
eQTL mapping harboring the 1p13 locus in liver, subcutaneous fat, and omental
fat, suggests liver-specific cis-regulation of the expression of PSRCI and the
nearby SORT] gene, whereas the 1p13 minor haplotype associates with increased
expression of the genes as well as decreased LDL-C. The SNP rs12740374 was
established to be the putative causal SNP. Its minor allele creates a binding site
for the C/EBP transcription factor that consequently upregulates the SORTI
gene. The functional effects of altered SORT expression on lipoprotein meta-
bolism were confirmed by knockdown and overexpression studies of Sort/ in
the livers of mice. Concordant with the findings in humans, the overexpression
of Sortl lowered LDL-C and very low-density lipoprotein (VLDL) particle
levels in the mouse liver, with the effects arising from altered hepatic VLDL
secretion.

Another example involves the fat mass and obesity-associated (F70O) gene.
Common variants in introns 1 and 2 of the /'TO gene are strongly associated
with childhood and adult obesity (Dina et al., 2007; Frayling et al., 2007;
Scuteri et al., 2007). In the original study by Frayling et al. (2007), the 16% of
the adults carrying both of the risk alleles were about 3 kilograms heavier than
those with no risk alleles. However, no clear candidate functional variants for
the association in the coding region of the F'7O gene were revealed, neither in
minimal splice sites nor 3’UTRs. The mouse studies that followed demonstrated
that Fro-deficiency resulted in leaner mice (Fischer et al., 2009) and the over-
expression of Fto lead to increased body mass due to the increased food intake
(Church et al., 2010). Meta-analysis of 45 studies (218,166 adults in total)
highlighted the benefits of physical activity in regulation of body weight in
adults, despite their genetic predisposition to obesity (Kilpelédinen et al., 2011).
The authors found that each additional risk allele increased the odds of obesity
by 1.23-fold (95% confidence interval (CI): 1.20—1.26), while the odds of obesity
was 1.22-fold/per risk allele (95% CI 1.19-1.25) for physically active indi-
viduals and 1.30-fold/per risk allele (95% CI: 1.24-1.36) for the physically
inactive individuals. By utilizing chromatin looping, a physical contact over a
range of 500 kb between the noncoding sequence of the 70 and the homeobox
gene [RX3 was established (Smemo et al., 2014). Namely, the obesity-
associated F70 region interacts with the promoters of both F70 and IRX3 in
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the human, mouse and zebrafish genomes. /RX3 encodes a transcription factor
highly expressed in the brain. Concordantly, by utilizing eQTL mapping, the
intronic variants were shown to influence the expression of /RX3 in the human
brain, but not F70 itself, suggesting that the obesity-associated interval belongs
to the regulatory region of /RX3. Notably, /rx3-deficient mice reduced body
weight by 25-30%, mostly through the loss of fat mass and elevated basal
metabolic rate, and were protected against diet-induced obesity. Still, more
work needs to be done to elucidate the causal variants and precise molecular
mechanisms involving /RX3 as an important metabolic regulator.

1.3. Analytical framework for eQTL mapping

Mapping of eQTLs aims to find genetic variants that influence gene expression
levels in a given cell or tissue under specific conditions in a cohort of unrelated
individuals. The trait of interest is a quantitative measure of mRNA abundance,
measured by a high-throughput and low-cost genome-wide expression array or
RNA-seq, which enables a finer-scale resolution. Determination of genetic
variants in each individual is done by genotyping using microarrays followed by
imputation or whole-genome sequencing. For each gene (or probe or exon), a
set of SNPs is used to test for significant correlation between allele dosages and
expression levels, using linear regression or non-parametric Spearman correlation.

Associations between SNPs and gene expression levels are categorized into
two classes based on the SNP-gene proximity. As a golden standard in mapping
studies, SNPs with the physical distance of +/— 1 megabase (Mb, the distance of
the longest human enhancer from the TSS (Raj et al., 2013)) from the gene are
considered as local or cis-eQTLs, and all other SNPs with physical distances
greater than 5 Mb from the gene, or where the SNP is located on a different
chromosome than the gene, as distal or trans-eQTLs. Thus, the terminology
used does not differentiate the relative position from the underlying mode of
action of the eQTL. True cis-eQTLs can only be distinguished from local
eQTLs by using RNA-seq data allowing to assess the imbalance in the expression
levels of the two alleles, which is impossible with microarrays. Of note, testing
for trans associations is usually constrained to SNPs that have been found to be
significant in the genome-wide association studies to limit the number of tests
performed. For example, a cis-eQTL mapping with close to 6 million autosomal
SNPs and 39,000 probes results in approximately 155 million SNP-probe pairs
to test, but for trans-eQTL mapping the number of SNP-probe pairs to test
would be 234 billion.

Further, to formally link the disease-associated loci to their target genes (in
specific tissue or cell types), a colocalization analysis is needed to assess
whether both the GWAS and eQTL signals are driven by the same causal
variant. Due to the extensive LD structure in the genome, it is possible that a
particular genetic variant is associated with both signals, but it is more likely
that two distinct underlying causal SNPs exist in LD with the given one
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(Wallace et al., 2012). Currently, there are different colocalization approaches
available, such as COLOC (Giambartolomei et al., 2014) and eCAVIAR
(Hormozdiari et al., 2016), based on summary statistics, or regulatory trait
concordance (Nica et al., 2010) that uses individual genotype level data. As an
advantage over the other methods, eCAVIAR allows for more than one causal
variant in a given locus, which is biologically relevant phenomena named as
allelic heterogeneity.

1.3.1. Statistical approaches

The success of eQTL mapping depends on the sample size and the effect size of
the genetic variant on gene expression levels. Linear regression analysis or non-
parametric Spearman correlation are efficient approaches for detecting eQTL
effects in a single tissue (tissue-by-tissue analysis). Due to multiple testing burden
and arbitrary cut-off levels for significance, counting the overlap of eQTLs in
different tissues or cell types in a tissue-by-tissue analysis may lead to higher
estimates of tissue-specificity than actually present (Flutre et al., 2013).
Therefore, multi-tissue eQTL analysis is a favorable choice to formally estimate
the proportion of shared eQTLs among tissues and gain power to detect eQTLs
by modelling the sharing patterns across tissues. Additionally, gene-by-environ-
ment interaction models allow to search for cell type- or context-dependent
eQTLs in whole blood samples without the need to sort or stimulate the cells
(Westra et al., 2015; Zhernakova et al., 2016).

Details of tissue-by-tissue and multi-tissue analyses of microarray data are
described in a framework of a non-parametric eQTL model based on the
Spearman correlation developed in Prof. Lude Franke’s lab (Westra et al., 2013)
and the Bayesian model averaging developed in Prof. Matthew Stephens’ lab
(Flutre et al., 2013), respectively, in the next subchapters.

1.3.1.1. Tissue-by-tissue analysis

The eQTL mapping analysis cookbook by Prof. Lude Franke’s group provides
tools for normalization, correction for population stratification, identifying
sample mix-ups, correction for confounders, and cis- and trans-eQTL mapping
(Westra et al., 2013).

To minimize the number of artificial associations, data pre-processing is
essential as a first step in every analysis pipeline involving microarray data. Raw
data sets usually contain systematic variation to some extent (Leek et al., 2010).
Both technical (for example, the day the experiments were run, several lots of
reagents or chips used) and biological (for example, different age and sex of the
individuals) factors contribute to the overall variation. To ensure the com-
parability of measurements for individual samples, firstly the raw gene
expression data is quantile normalized to match the percentiles of each array
(Bolstad et al., 2003), log,-transformed, and expression values of probes are
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centered and expression values of samples are standardized (to have mean 0 and
variance 1). Next, normalized expression data is corrected for possible popu-
lation stratification by regressing out the four multidimensional scaling vectors
obtained from the pruned SNP genotype data, and the resulting residuals are
used for subsequent steps.

As normalization does not remove batch effects, additional effects of some
covariates need to be removed. Firstly, the components capturing majority of
the variation between the samples are established by principal component (PC)
analysis on the sample correlation matrix calculated on the normalized gene
expression data adjusted for population stratification. The first PCs primarily
capture sample differences in expression that are reflected by the major sources
of variation due to technical, environmental, demographic, or genetic factors
(Leek and Storey, 2007). Thus, by regressing out the first PCs, the resulting
residual expression data would be more strongly determined by the genetic
variants and the power to detect eQTLs would increase (Fehrmann et al., 2011;
Westra et al., 2013). To ensure that no genetic effects are removed, only the
PCs showing no association with SNPs are accounted for. The optimal number
of non-genetic-PCs to remove is determined by the highest number of eQTLs
detected in iteratively performing eQTL mapping on the residual expression
data adjusted for an increasing number of PCs each time. To quicken the
process, only a subset of SNPs is used.

Standard settings from GWAS are applied for SNPs used for eQTL mapping,
including minor allele frequency > 0.01 or 0.05, call rate > 0.95, and Hardy-
Weinberg P-value > 0.0001. In addition, polymorphisms in the probe sequence
may cause hybridization differences captured by the microarray probe (Alberts
et al., 2007). To minimize the number of false-positive cis-eQTLs driven by such
SNPs that are in LD (r* > 0.2) with the target SNP of interest, any target SNP-
probe pair fulfilling the criteria is excluded from the analysis. However, false-
positive trans-eQTLs may arise by cross-hybridizing probes. Therefore, the list
of probes with trans-eQTLs are mapped again to a region of 5 Mb of the frans-
eQTL with relaxed settings. Any SNP-probe pair, where the probe maps to the
tested region with at least 15 identical bases, is considered to be false positive
and excluded from the downstream analyses.

Both cis- and frans-associations are estimated using the Spearman’s rank
correlation coefficient (p) between the imputed allele dosages ranging from 0 to
2 and the residual gene expression levels obtained after normalization, correction
for population stratification, and correction for technical and biological factors.
Namely, the Pearson correlation coefficient (») is computed on the ranks of the
two aforementioned variables:

e CoVgxTgy)
- rgx,rgy - 4
UTgX UTQY
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where rgy and rgy denotes the ranks of the respective variable (allele dosages
or residual gene expression), cov(rgy,rgy) is the covariance of the rank
variables, 0,4, and o4, are the standard deviations of the respective rank
variable.

To determine the significance of the correlation coefficient, firstly the Spear-
man’s correlation coefficients are converted to t-values, which follow ¢-distri-
bution with n — 2 degrees of freedom:

where p is the Spearman’s correlation coefficient and # is the sample size. Then
t-values are converted to Z-scores by matching the quantiles of #-values to the
corresponding quantiles in the standard normal distribution. Finally, two-sided
P-values are calculated using the standard normal distribution.

In a case of meta-analysis, the sum of Z-scores weighted by the square root
of the sample size in a given cohort and divided by the square root of the
number of total individuals with both genotype and expression data available is
found over the datasets:

Z 4/ nDatasetiSNPj X ZDatasetiSNPjProbek
)

Z =
meta .
SNPJProbek /N

where Zpgtaset; SNPProbey, denotes the Z-score between the probe k& and the SNP
J in the cohort i, Npgraset; SNP; is the number of individuals with genotype data

available for the SNP j in the cohort i, and N is the total number of individuals
with both genotype and expression data available over the cohorts.

To control for multiple testing, a false discovery rate (FDR) procedure using
permutations is applied on probe-level to account for the number of SNPs tested
per probe. In short, firstly, a null distribution is generated by performing eQTL
mapping on the permuted residual gene expression data with shuffled sample
labels and repeating the procedure ten times. Shuffling the sample labels in the
gene expression data preserves the LD-structure in the genotype data and the
co-expression structure in the gene expression data, but breaks the correct link
between the genotypes and the expression levels. Then, for both the real and the
permuted P-value distributions, only the most significant SNP per probe is used
to determine the FDR, the proportion of the incorrect rejections (false
discoveries or false positive results) among all rejected null hypothesis.
Namely, for any given q > 0, if we claim any SNP-probe pair satisfying p < q
to be significant, we can estimate FDR as the number of false positives divided
by the number of true positives:
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where b = 1, ..., B is the number of the permutation, i denotes the set of SNP-
probe pairs, where only the most significant SNP per probe is included to the
estimation of FDR, FP is the number of false positives, and 7P is the number of
true positives.

Restricting the calculations only for the most significant SNP per probe
helps to overcome the potential issue with the loci of extensive LD between the
SNPs correlating with one probe. The distribution of all P-values for calculation
of FDR at 5% accurately gives control over the number of false-positive SNP-
probe pairs among the significant association pairs. However, the number of
unique false-positive probes with eQTLs will likely be inflated due to the
disproportionate number of real eQTLs from the regions of extensive LD. The
probe-level FDR is somewhat conservative approach that does not consider the
presence of potential independent secondary effects. Of note, ten permutations
is considered to be enough for a stable estimate of the false discovery threshold
after ascertaining the fluctuation of the significance threshold using the
increasing number of permutations from one to twenty. The significance thre-
sholds for the cis- and trans-eQTL are assessed separately.

1.3.1.2. Multi-tissue joint analysis

The multi-tissue eQTL analysis methods by Prof. Matthew Stephens’ lab
implemented in the eQtlBma program allow for cis-eQTL mapping jointly in all
tissues by a hierarchical model based on the multivariate regression in a
Bayesian framework fitted via an expectation-maximization (EM) algorithm
(Flutre et al., 2013). In general, multiple tissues can be extended to multiple
subgroups, such as different populations, platforms, treatments, etc. As an
advantage, by modelling the inactivity of eQTLs in some tissues, the proportion
of eQTLs shared across different tissues is formally estimated as a model
parameter. Additionally, the benefits of acknowledging sharing information are
greater for the association pairs, where SNPs have modest effects on the gene
expression levels across tissues, and for tissues with small sample size.

Briefly, in each tissue, s = 1,...,S, a linear regression model is used to
evaluate the association between a target gene and a target SNP:

Vsi = Us + Bsgi + Esis

where y; marks the suitably normalized and transformed expression levels of
the target gene in the tissue s for the i" individual, ug is the mean expression
level of this gene in the tissue s, 5 is the effect of the SNP on the expression
levels in the tissue s, g; is the allele dosages of the /™ individual for the SNP
(ranging from 0 to 2, indicating the number of copies of a reference allele), and
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&g is the residual error for the tissue s and the individual i, £5;~N (0, 02).
Residual variances are allowed to be different in each tissue and &4, ..., &; may
be correlated when the same set of individuals have the gene expression
measurements in different tissues (correlation matrix is estimated from the
data).

Whether the SNP is an eQTL in any tissue is evaluated using configurations.
A configuration, y = (¥4, ..., ¥s), is a binary vector, where y; € {0,1} indicates
whether the SNP is an eQTL in the tissue s. The global null hypothesis Hjis that
the SNP is not an eQTL in any tissue, y = (0, ..., 0). To perform inference on v,
a flexible family of distributions, P(Bly, ), is used, where 6 denotes the
various combinations of hyper-parameters for the typical effect size and the
heterogeneity of effects across tissues, i.e. grid points, thus allowing for
differences among eQTLs present in each tissue.

The steps needed for the inference on y can be divided into three main parts:
1) computation of the Bayes factors, i.e. the likelihood ratios of the support in
the data for each configuration relative to the null model, 2) combining infor-
mation across all genes by the hierarchical model (Gelman and Hill, 2006) to
estimate the hyper-parameters from the data, 3) Bayesian model averaging across
the configurations to detect genes with eQTLs and calculation of posterior
probabilities for each configuration to identify tissues where the eQTLs are
active.

Firstly, to assess the support in the data for each SNP-gene pair being an
eQTL in the tissue s relative to the Hy, the Bayes factors (BF) are computed for
each configuration y and each grid point:

BE — P(data|true configuration is y)
v P(data|H, true)

So, the BF, quantifies the support in the data for the given configuration y. The
BFs are used to build test statistics to detect genes that have an eQTL in at least
one tissue and to identify the tissue(s) in which these eQTLs are active.

Secondly, information across all genes is combined by the hierarchical
model with an EM algorithm to get the maximum-likelihood estimates of the
hyper-parameters (configuration probabilities and grid points) from the data. By
learning the extent of sharing between tissues from the data, the hierarchical
model is expected to exploit, for example, that Tissuel shares more eQTLs with
Tissue?2 than with the other tissues.

Thirdly, the strength of the evidence over the different possible alternative
configurations against H, at the candidate SNP is achieved by the Bayesian
model averaging (BMA) across the configurations using the Bayes factors
weighted by the estimated hyper-parameters obtained with the hierarchical
model (HM):
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BFHY = P(data|H, false) _
P(data|H, true) .
14

where n,, = P(y|H, false). To detect genes that have an eQTL in at least one
tissue under an assumption of at most one eQTL per gene and the equality of
likeliness of each SNP to be the eQTL, BF£il, is averaged across all candidate
SNPs in the cis-region to give the overall evidence against H, for the given
gene.

To obtain the posterior probabilities, an estimate of the probability for a gene
to have no eQTL in any tissue, 7, is needed. One approach is to use the gene-
level P-values obtained by permutations and estimate the 7, using the g-value
approach (Storey and Tibshirani, 2003). Specifically, the list of P-values is used
to estimate the overall proportion of the true null hypotheses, 7, i.e. those
following the U(0,1) distribution. Of note, an estimate of the true alternative
tests is m; = 1 — mo, i.e. m is the proportion of true positives and is used to
estimate the proportion of shared eQTLs between tissues in a tissue-by-tissue
analysis context. The second approach is to use the computationally less
intensive EBF or QBF procedure (Wen, 2016). Particularly, for EBF only the
gene-level Bayes factors averaged over the grid and the configuration weights
(estimated via the EM algorithm) and for QBF the median Bayes factors under
the null are needed to estimate 7,

Finally, to identify the tissue(s) in which the eQTLs have an effect, the
posterior probabilities for the eQTL to be active in a given configuration are
obtained:

nyBFy

P(true configuration is y|data, H, false) =

and the posterior probability that the SNP is an eQTL in the tissue s is the sum
of the probabilities over the configurations in which y; = 1:

P(eQTL in tissue s|data, H, false)

= Z P(true configuration is y|data, H, false).
Y:ys=1

As a final result, the best SNP per gene can be picked based on the posterior
probability for a SNP to be “the” eQTL for the given gene. The genes having an
eQTL at a given FDR threshold are identified using the g-value approach
(Storey and Tibshirani, 2003) on the gene-level P-values obtained by per-
mutations. Additionally for each gene, the significant gene-SNP pairs can be
determined in a fine-mapping context (Wen, 2014; Wen et al., 2015, 2016).
Altogether, the tissue-by-tissue approaches are powerful for detecting eQTLs
present in a single tissue, but are outperformed by the multi-tissue approaches if

26



the number of tissues sharing the eQTL effect increases. The multi-tissue joint
analysis allows heterogeneity in eQTL effects among tissues, but unlike
ANOVA, also allows for varying variances of expression levels in different
tissues, thus in practice, outperforming also ANOVA or simple linear regression
with the interaction term.

1.4. Future perspectives of eQTL studies towards
precision medicine

During the past ten years of the successful GWAS era, the main purpose was to
identify genetic loci contributing to human traits. The major challenge for the
following ten years is to ascertain the functional mechanisms of these
discovered loci to ultimately improve human health by enhanced prognostic,
preventive, and therapeutic measures (Edwards et al., 2013; Huang, 2015).

To this end, mapping of eQTLs has proven highly informative in suggesting
mechanisms and target genes affected by GWAS loci. However, the effect of
the functional variant is dependent on the proximity to the gene and on the
accompanied epigenomic landscape (Knight, 2005). To prioritize candidate
variants in transcriptionally active regions for functional validation, it is neces-
sary to integrate regulatory elements, for example by mapping of DNase |
hypersensitivity sites to indicate chromatin accessibility and ChIP-seq peaks to
indicate DNA binding sites for proteins like transcription factors. Furthermore,
gene-by-gene and gene-by-environment interactions are substantial components
of complex traits, suggesting the importance of incorporation of different layers
of biological data, such as proteins, metabolites, and also gut microbiota, to
fully understand the mechanisms for complex traits before clinical applications
(Civelek and Lusis, 2013).

The potential of genetic risk scores (GRS), the sum of weighted risk alleles,
has been shown for many complex diseases, such as schizophrenia and bipolar
disorder (Reginsson et al., 2017), coronary heart disease (Abraham et al., 2016),
and type 2 diabetes (Léll et al., 2017). Following this idea, another use of eQTLs
in clinical practice would be in personalized risk assessment as an additional
instrument in the form of transcriptional risk score (TRS, Gibson et al., 2015).
Namely, TRS is a sum of standardized gene expression measures of genes that
are affected by genetic variants, jointly linked with a disease of interest and gene
expression levels, which are preferably measured in the relevant tissue or cell
type. TRS can be further weighted by the eQTL effect size and polarized to be
positively correlated with the GRS. It is argued that integrating genotypic infor-
mation with gene expression levels would result in a better predictor compared
to GRS alone as the effect of genotypes on disease susceptibility is obtained
through altered gene expression profiles (Gibson et al., 2015).

Fundamentally, experimental validation of the statistical association in the
native genomic context is the ultimate proof of causality. Rapid advances in
genome editing open up new possibilities in addition to the in vitro studies in
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cultured cell lines or primary tissues or in vivo studies with model organisms.
Namely, the clustered, regularly interspaced, short palindromic repeat-associated
protein 9 (CRISPR-Cas9) technology is a new versatile approach to analyze the
effect of putative causal variants (Cong et al., 2013; Sander and Joung, 2014).
As a result, the short RNA-guided nuclease, Cas9, induces precise cleavage at
genomic loci within a specific targeting range in the mammalian genome (Hsu
et al., 2014; Mali et al., 2013; Shen et al., 2014). Upon cleavage, the double-
strand breaks at the target locus undergo DNA damage repair, which can result
in desired insertions (also used to introduce gene knockouts), deletions, or
substitutions at the target site (using Cas9 together with repair templates bearing
the mutation of interest), but with potential off-target modifications (Ran et al.,
2013). By the using CRISPR-Cas9 approach, the modified cell lines provide
validation for both cis- and trans-eQTLs in their native genomic context
(Claussnitzer et al., 2014; Lee et al., 2014; Raghavan et al., 2016; Soldner et al.,
2016). For example, Soldner and colleagues combined epigenetic information
with CRISPR-Cas9 genome editing in human pluripotent stem cells to link a
common Parkinson’s disease-associated risk variant in a distal enhancer with
the expression of a Parkinson’s disease development gene, SNCA. They found
that SNCA expression is modulated by sequence-specific binding of the brain-
specific transcription factors EMX2 and NKX6-1 at the distal enhancer.
Additionally, CRISPR-Cas9-based epigenome editing allows for loss- and gain-
of-function screens to identify regulatory elements in the human genome
(Thakore et al., 2015; Fulco et al., 2016; Klann et al., 2017), widening the
opportunities even more.
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2. AIMS OF THE STUDY

The aim of this thesis was to characterize the genetic regulation of gene expres-
sion in general and to improve the eQTL maps for tissues and purified cell

types.

The specific objectives of the thesis were as follows:

1. To investigate the regulation of hepatic gene expression and estimate the
proportion of variation in gene expression that could be attributed to genetic
and epigenetic variation.

2. To describe the extent of genetic control of gene expression in CD4" and
CDS8" T cells, assess the specificity and proportion of shared eQTLs between
the two cell types, and find functional consequences of disease-associated
variants in T cells.

3. To explore eQTL SNPs that either disrupt an existing miRNA binding site or
create a new one and their effect on target gene expression levels.
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3. RESULTS AND DISCUSSION

3.1. Genetic and epigenetic regulation
of hepatic gene expression (Ref. I)

The liver plays a central role in the maintenance of homeostasis and health in
general. Given the substantial inter-individual variation seen in metabolism,
regulation of nutrients, protein synthesis, and detoxification of xenobiotics, it is
essential to have a better understanding of the sources of inter-individual variation
in hepatic gene expression, such as genetic variants, DNA methylation, or
different developmental stages.

Several SNPs associated with liver function and related diseases are gleaned
from GWAS (Adams et al., 2013; Ellinghaus et al., 2013; Suhre et al., 2011)
and further explored to enlighten their effect on liver gene expression levels by
eQTL mapping (Innocenti et al., 2011; Schadt et al., 2008; Schroder et al., 2013).
Apart from genetic variation, epigenetic mechanisms, such as DNA methylation
and histone modifications, play an important role in regulating tissue- and
condition-specific gene expression (Ghosh et al., 2010; Lister et al., 2009; Varley
et al., 2013). Hence, it is advantageous to incorporate epigenetic variation when
studying the regulation of hepatic gene expression, to enhance our knowledge
base.

By analyzing the methylomes and transcriptomes of 14 fetal and 181 adult
livers, the first part of the thesis generates a comprehensive resource of factors
involved in the regulation of hepatic gene expression, and allows us to estimate
the proportion of variation in gene expression that could be attributed to genetic
and epigenetic variation, both crucial in understanding differences in drug
response and the etiology of diseases involving the liver.

3.1.1. Description of cohort and materials

The study was performed on two different cohorts, the Karolinska Liver Bank
cohort and the Dutch tissue cohort MORE (BBMRI obesity cohort).

The Karolinska Liver Bank sample set included 96 adult and 14 fetal tissue
samples. Adult tissues were collected from organ donors who had died in
accidents (52 samples) and from patients undergoing liver resection due to
malignant tumors (44 samples), most commonly from patients with metastatic
colon cancers. Liver biopsies from these patients were collected from 'healthy’
tissue that showed no visible pathological changes compared to the adjacent
tumor. Liver samples from the 14 fetuses were obtained at gestational week 8 to
21. The datasets have been described in previous publications in detail (Ivanov et
al., 2013; Kacevska et al., 2012). The Ethics Committees at Karolinska Uni-
versity Hospital approved the use of all samples for the purposes of this study.

A second set of 85 samples was collected from morbidly obese Dutch
individuals with a body-mass index between 35 and 70. Tissue samples were
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collected from their liver, muscle, subcutaneous adipose tissue (SAT) and
visceral adipose tissue (VAT), as described before (Fu et al., 2012; Wolfs et al.,
2010).

All of the following steps were done according to standard protocols and
manufacturer’s instructions. DNA from the samples was genotyped using
[llumina HumanOmni BeadChips. We imputed both datasets using the GIANT
release from the 1000 Genomes project, resulting in 5,763,069 unique SNPs,
which were used in all downstream analyses. Gene expression data was gene-
rated using I[llumina HumanHT-12 BeadChips and bisulfite-converted DNA
samples were hybridized to Illumina Infinium HumanMethylation450 BeadChips
to get methylation signals.

3.1.2. Developmental regulation of hepatic gene expression

To disentangle the regulation of the developing liver, we compared the transcrip-
tomes and epigenomes of the fetal and adult liver samples. Fetal development is
characterized by tissue differentiation and growth. During this period, the liver
is predominantly a hematopoietic organ (Moscovitz and Aleksunes, 2013). Our
observed differences in gene expression and DNA methylation are well in line
with the known biological functions.

Namely, the 1,396 genes expressed at higher levels in the adult livers
compared to the fetal livers were strongly enriched for metabolic functions like
monocarboxylic acid, steroid and bile acid metabolic processes, as well as the
response to xenobiotic processes (Table 2A in Ref. I). Likewise, genes that were
associated with hypomethylation in adult livers compared to the fetal livers
were highly enriched for metabolic pathways, such as steroid metabolism, the
regulation of lipid metabolism, the regulation of the generation of precursor
metabolites and energy, and regulation of glycolysis (Table 1A in Ref. I)

In contrast, 1,277 genes expressed at higher levels in the fetal livers compared
to the adult livers were associated with regulating organelle organization,
chromosome organization, and hemoglobin biosynthetic processes (Table 2B in
Ref. I). Similarly, the genes that were associated with hypomethylated CpG
sites in the fetal livers compared to the adult livers were strongly enriched for
pathways of insulin receptor signaling, regulation of glycogen synthase activity,
differentiation processes, and developmental functions (Table 1B in Ref. I).

In total, we found 1,655 genes that showed both differential expression and
differential methylation in comparison of the two groups. More specifically, 657
genes were linked to probes with higher expression levels in adults and 1,000
genes were linked to probes that were more highly expressed in fetal livers
(with an overlap of two genes). As expected, these genes were even more signi-
ficantly enriched for developmental stage-specific functions, such as drug
response for the adult cohort and liver development for the fetal cohort. Also,
the regions within 2 kb of the TSS of the aforementioned genes were enriched
for binding sequences of transcription factors essential for the development or
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function of the liver, specifically HNF4A and HNF1A; hematopoietic tran-
scription factors GATA1, STATSA, and STAT5B; and YY1, which plays a
fundamental role in embryogenesis and differentiation. Accordingly, the genes
that encode the transcription factors showed clear and significant differences in
expression levels between fetal and adult liver samples.

We highlighted a couple of genes with the greatest changes during liver
development (Fig. 2 in Ref. I), including the fetal-specific expression of genes
involved in differentiation and hematopoiesis (e.g. DLKI, HBZ, HBM, AHSP,
EPB42 and NFE?2) and the adult-specific expression of genes involved in drug
metabolism, catabolism and other biosynthesis processes (e.g. CYP2EI and
CYP2CS8 that are the cytochrome P450 (CYP) genes), that showed up to 9-fold
difference in expression and up to 50% change in methylation, illustrating the
magnitude of developmental regulation of hepatic gene expression.

3.1.3. Contribution of genetic and epigenetic variants
to variation in hepatic gene expression

Next, we aimed to ascertain to what extent SNPs and DNA methylation could
jointly explain the variation in liver gene expression levels. Firstly, we mapped
local genetic variants (cis-eQTLs, within 250 kb of the expression probe) and
methylation CpG sites (eQTM — expression quantitative trait methylation,
within 250 kb of the expression probe) that correlate with gene expression in the
adult livers from the two cohorts. Also, we studied the effects of SNPs on CpG
methylation (meQTL — methylation quantitative trait loci, within 250 kb of the
CpG site).

In total, we found 47,168 significant cis-eQTLs (FDR < 0.05), representing
751 unique genes (including 84 novel genes) which were strongly liver-specific
and enriched for drug metabolizing functions. In contrast, the 12,054 unique
genes with significant cis-meQTLs (FDR < 0.05) did not show any enrichment
of liver functions. We discovered a total of 3,238 significant eQTMs, comprising
1,988 unique expression probes (in 1,798 genes) and 2,980 CpG sites (reflecting
2,057 unique genes), with a permutation P-value < 0.05. For example, in case of
CpG sites with strong correlation between expression and methylation levels,
and/or within 50 kb of the expression probes, we observed an overrepresen-
tation of negative correlations (Fig. 3 in Ref. I). Interestingly, CpG sites down-
stream of the expression probes displayed less negative correlations than those
upstream of the probes, indicating that the methylation in gene bodies is
associated with active gene expression, as known from the early days of DNA
methylation research (Jones, 1999).

To determine the proportion of explained variation in gene expression, we
selected 293 expression probes (reflecting 274 unique genes) that had both a
significant eQTL and significant eQTM effect. For 83% of probes, most of the
variability in expression was explained by a SNP, whereas for the remaining
17%, the variability in expression was mostly explained by a specific CpG site.
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For the latter cases, we observed that these expression-associated CpG sites
were also likely affected by a SNP (meQTL). As expected, using SNPs jointly
with CpG sites yielded even higher estimates of variation explained. Overall,
the unique contribution of genotypes in describing the variation in gene expres-
sion was greater compared to methylation levels (median 0.1 and standard
deviation 0.122 versus median 0.029 and standard deviation 0.049, respectively).

The extent of variation explained in genes involved in the absorption,
distribution, metabolism and excretion of drugs (ADME genes) ranged from
13% to 84% with no clear patterns of favoring the importance of SNPs over
CpG sites (Fig. 3). This clearly illustrates the necessity to extensively study the
inter-individual variability in ADME genes driven by genetic polymorphisms,
DNA methylation marks, and their interaction to be able to dissect their effect
in drug efficacy, toxicity, and susceptibility to environmental toxins.
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Figure 3. The contributions of SNPs and DNA methylation levels to the fraction of
variation explained in gene expression levels of 16 ADME genes. Shown are fractions
of explained variation in gene expression of 16 ADME genes by a SNP (eQTL), a CpG
(eQTM), both a SNP and a CpG site (eQTL+eQTM) or a SNP and all CpG sites
(eQTL+eQTMs).

3.1.4. Tissue-specificity of eQTLs, meQTLs and eQTMs

Three other tissues (muscle, SAT, VAT) were used to assess the tissue-spe-
cificity of eQTL, meQTL and eQTM effects. With the given sample sizes and
comparing only the overlap of significant effects between tissues, we observed
a stronger tissue-specificity for eQTMs and eQTLs compared to meQTLs. We
note that the replication rates are probably higher when using methods that take
into account the problems with incomplete power.

For liver eQTLs, approximately 40-50% of the effects found in one tissue
could also be significantly detected in another tissue. We identified only a few
opposite allelic effects (<1%) between the tissues, suggesting that if a SNP
affects expression in multiple tissues, the allelic direction is mostly identical.
The eQTL effects that were only present in liver and not in the other three
tissues were related to genes strongly specific to liver function and metabolic
and catabolic processes. In contrast, SNP-methylation correlations were less
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tissue-specific than SNP-expression correlation. On average, 70% of the
meQTLs are shared between at least two tissues, with over 98% of their effects
having the same allelic direction. On the other hand, we observed that DNA
methylation associated with the expression levels (i.e. €QTMs) is highly tissue-
specific, in accordance with the fact that DNA methylation plays an important
role in regulating tissue-specific gene expression. Thus, conclusions drawn from
eQTM data in one tissue cannot be extrapolated to other tissues, whereas the
effect of SNPs on methylation is more likely to be detectable in another tissue.

3.2. Genetic regulation of gene expression
in CD4" and CD8" T cells (Ref. I1)

While whole blood is one of the most widely used biological materials, and can
serve as a bulk tissue for finding eQTLs, the challenge to distinguish the cells
responsible for the associations remains. The power of eQTL mapping in
purified cell types has now been illustrated for B cells, monocytes, neutrophils,
T regulatory cells, and CD4" T cells (Fairfax et al., 2012; Ferraro et al., 2014;
Raj et al., 2014; Andiappan et al., 2015; Naranbhai et al., 2015), which allowed
the identification of functional roles for several polymorphisms at autoimmune
and even neurodegenerative disease loci.

An expanded survey of cells is required for studying the consequences of the
risk alleles in biologically relevant contexts for different diseases. For example,
CD4" and CDS8" T cells are essential elements of the adaptive immune response
(Swain et al., 2012). CD4" T cells, together with an appropriate cytokine envi-
ronment, are required for the activation and differentiation of CD8" T cells that
mediate defense and pathogen clearance during various infections (Tscharke et
al., 2015). The involvement of CD4" T cells is also necessary for B cells and
macrophages to execute their protective functions. Faulty activation or inade-
quate regulation of CD4" and CD8" T cells may contribute to the initiation and
progression of multiple autoimmune diseases, including type 1 diabetes (T1D),
rheumatoid arthritis (RA), autoimmune thyroiditis, systemic lupus erythe-
matosus, multiple sclerosis, psoriasis, inflammatory bowel disease, as well as
allergy and asthma (Liblau et al., 2002; Walter and Santamaria, 2005).

To this end, we purified CD4" and CD8" T cells from the peripheral blood of
313 healthy individuals for genome-wide mapping of genetic variation affecting
the expression of genes involved in immune response. This part of the thesis
provides insights into the extent of genetic regulation of gene expression in T
cells and advances our understanding of the pathways in the adaptive immune
system involved with disease susceptibility.
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3.2.1. Description of cohort and materials

The participants of this study were healthy individuals from the Estonian Bio-
bank of the Estonian Genome Center of the University of Tartu (Leitsalu et al.,
2015). In total, 313 subjects were selected for the study, with median age 54
(standard deviation 17.8), 154 females and 159 males. The study was approved
by the Ethics Review Committee of Human Research of the University of Tartu,
Estonia (permission no 206/T-4, date of issue 25™ August 2011) and it was
carried out in compliance with the Helsinki Declaration. A written informed
consent to participate in the study was obtained from each individual prior to
recruitment.

All of the following steps were done according to standard protocols and
manufacturer’s instructions. We purified CD4" and CD8" T cells from peripheral
blood mononuclear cells (PBMCs) by consecutive positive separation using
microbeads and AutoMACS technology. Purified cells were then subjected to
genome-wide gene expression analysis (Illumina HumanHT-12v4 BeadChips),
genotyping (Illumina HumanOmniExpress BeadChips), and imputation using
the 1000 Genomes reference panel. After stringent quality control and filtering,
close to 6 million SNPs, and gene expression data from 38,839 probes covering
23,704 genes from 303 unique individuals (293 for CD4" and 283 for CD8" T
cells) were included in the analysis.

3.2.2. Landscape of cis-eQTLs and their cellular specificity in T cells

To characterize the extent of genetic control of gene expression in T cells and
its cellular specificity, we first searched for the association between SNPs and
gene expression within 1 Mb intervals, referred to as cis-eQTLs. In total, we
identified cis regulatory SNPs for approximately 10% of the tested genes at
probe-level FDR < 0.05 (2,605 genes in CD4" T cells and 2,056 genes in
CD8" T cells with an overlap of 1,637 genes; Fig. 1 and Table S1 in Ref. II) by
using a non-parametric Spearman correlation in a tissue-by-tissue analysis
framework (see section 1.3.1.1. “Tissue-by-tissue analysis”).

On one hand, the similarity of the cell types is reflected in the high pro-
portion of shared effects, m; = 0.99, and is confirmed by the multi-tissue analysis
using Bayesian methods (see section 1.3.1.2 “Multi-tissue joint analysis”).
Specifically, of 3,871 genes associated with eQTLs at FDR < 0.05 in the multi-
tissue analysis, all showed very strong posterior probability to be shared
between CD4" and CDS8" T cells (S2 Table in Ref. II). The seemingly cell type-
specific effects in the tissue-by-tissue analysis mostly reflected genes with
eQTLs that have modest effects, highlighting the limitations due to incomplete
power and arbitrary cut-off levels for significance.

On the other hand, only about a half of the significant cis-eQTLs detected in
a large meta-analysis of peripheral blood from 5,000 individuals (Westra et al.,
2013) could be replicated in the CD4" and CD8" T cells (m; = 0.51 and 0.45,
respectively), indicating a high level of specificity in cis-eQTLs originating
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from different blood cells, as well as a remarkable sensitivity despite our several
fold smaller sample size.

3.2.3. Landscape of trans-eQTLs in T cells

For the analysis of SNPs affecting the expression of distal genes (>5 Mb apart),
referred to as frans-eQTLs, we selected all 4,638 genome-wide significant
(P-value < 5x10°*) SNPs from the GWAS catalog (Welter et al., 2014; accessed
24/03/2015). After correcting gene expression levels for cis-eQTL effects to
increase power, we identified 36 and 40 GWAS SNPs associated with the
expression levels of 209 and 378 distal genes in CD4" and CD8" T cells,
respectively (overlap of 21 SNPs and 133 genes; Fig. 3A and Table S4 in Ref.
IT). The functions of the genes associated with the frans-acting GWAS SNPs
highlighted their role in T1D (Ingenuity pathway analysis, P = 4.39x10°) and
mTOR signaling (P = 3.84x107°) in CD4" and CD8" T cells, respectively.

Interestingly, we observed a trams-acting regulatory locus at 12ql13.2 in
CD4" and CD8" T cells with a broad-range associations with hundreds of genes.
Of note, five SNPs in that region had previously also been implicated in B cells,
but not in monocytes (Fairfax et al., 2012), suggesting lymphoid-specific
regulation. Specifically, known susceptibility SNPs for autoimmune and
inflammatory diseases, such as T1D (Hakonarson et al., 2008; Todd et al., 2007,
Wellcome Trust Case Control Consortium, 2007), vitiligo (Jin et al., 2012; Tang
et al., 2013), RA (Okada et al., 2014), asthma (Hirota et al., 2011), alopecia
areata (Petukhova et al., 2010), and polycystic ovary syndrome (Shi et al.,
2012), exert an effect on the expression levels of 187 and 351 genes in CD4"
and CD8" T cells, respectively, with an overlap of 124 genes (Fig. 3B in
Ref. II). Many of these genes such as CTLA4, the inhibitory immune checkpoint
gene (Scalapino and Daikh, 2008), the human granzyme genes GZMA, GZMB,
and GZMH that induce cell death to protect the host against viruses and tumors
(Bots and Medema, 2006), GNLY that encodes granulysin, a molecule of anti-
microbial activity against microbial pathogens (Stenger et al., 1998), are highly
expressed and have important roles in T cells.

After trans-eQTL mapping with all the variants in this region, we identified
rs1131017 as the lead SNP with the lowest association P-value mapping to the
oligopyrimidine tract of the 5’UTR of the ribosomal small subunit protein 26
(RPS26) gene. Its C allele is in strong LD with the T1D risk allele and has been
reported to correlate positively with RPS26 expression levels (Dixon et al.,
2007; Schadt et al., 2008). We hypothesized that the RPS26 gene may constitute
a mechanism for the detected trans-eQTL effects. Namely, the oligopyrimidine
tract controls the translation process by repression of many mammalian
ribosomal protein genes (Levy et al., 1991). The effect of the SNP on RPS26
ribosomal distribution has been reported before, with the G allele showing
higher translational efficiency by producing more protein (Li et al., 2013).
RPS26 is a main component of the ribosomal region involved in the recruitment
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of cellular mRNA during translational initiation and in maintenance of the path
of mRNA molecules to the ribosomal exit site (Sharifulin et al., 2012). Hence, it
is conceivable that the altered RPS26 protein levels may affect the stability or
translational efficiency of a large number of cytosolic mRNAs. Nevertheless,
the exact functional role of rs1131017 in T1D remains unknown, as well as the
effect of other candidate genes in this region, such as CDK2, RAB5B, SUOX,
IKZF4 and ERBB3.

3.2.4. Missense variant in IL27 as a candidate disease variant for T1D

By comparing the overlap of #rans-eQTLs, we identified a GWAS SNP
54788084 at 16p11.2 close to the cytokine /L27 gene. In CD4" T cells, the T
allele of the SNP is associated with lower expression of the IRFI (P = 1.84x107)
and STATI (P = 2.91x10®*) genes, both involved in interferon-y signaling. The
rs4788084[T] was also associated with the lower expression of STATI in
peripheral blood (Westra et al., 2013) and decreased risk for T1D (Barrett et al.,
2009; Plagnol et al., 2011). By targeted trans-eQTL mapping with 829 SNPs in
the /L27 region, we found an even stronger signal for a common missense SNP
15181206 within the /L27 gene in CD4" T cells (Fig. 4B in Ref. II) and reduced
expression levels of IRF'I, STATI, and RECS (Fig 4C in Ref. II) for its G allele.
Importantly, we also confirmed the absence of the signal in B cells and
monocytes by re-analyzing the data from Fairfax et al. (2012).

Notably, the trans-eQTL locus had no effects on the expression level of /L27
in cis. In agreement with the cell type-specific effect, we found higher
expression levels of the /L27RA and IL6ST (gp130) genes, which act together as
a receptor for the IL-27 cytokine, in CD4" T cells compared to CDS" T cells
(Fig. 4D in Ref. II), suggesting a suitable cellular environment for downstream
effects of the missense SNP particularly in CD4" T cells.

To get more insights into the region, we assessed whether there is a single
variant in the region driving both the GWAS and eQTL signals by a Bayesian
test for colocalization (Giambartolomei et al., 2014). Indeed, T1D susceptibility
and changes in the expression of /RFI and STAT! were colocalized, and more-
over, with the most posterior support for rs181206 to be the shared causal
variant. Next, given the strong positive correlation between the expression
levels of IRF'1 and STATI, we used structural equation modelling to determine
whether the /L27 SNP rs181206 affects both genes independently or via each
other. Overall, the best-fitting scenario suggested that /RF/ mediates the SNP
and STATI relationship. The finding was supported by a simulation experiment
and suggested a mechanism for the effect of IL-27 on [/RFI and STATI
expression (Fig. 4).

Specifically, 1L-27 is produced by innate immune cells. After forming a
heterodimer with EBI3, it interacts with its receptor IL27RA, and activates the
STAT1/STAT3 pathway in T cells (Yoshida and Hunter, 2015). After binding
to interferon-stimulated response elements, the STAT1/STAT3 pathway induces
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transcription of several interferon-induced genes, including /RFI and STATI
itself. Moreover, IRF1 is a transcription factor that enhances the expression of
the STATI gene. Additionally, the effect of IL-27 in T cells is regarded as anti-
inflammatory but it has also been shown as a growth and survival factor for T
cells (Yoshida and Hunter, 2015).
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Figure 4. A simplified scheme of the role of IL-27 in the activation of the transcription
of IRFI and STATI.

Based on the statistical evidence, we hypothesized that the mutated form of IL-
27 has a decreased capacity to activate the STAT1/STAT3 pathway, resulting in
lower expression of /RFI and STATI. The aforementioned G allele, in strong
LD with the protective allele for T1D, causes an amino acid change (Leul 19Pro)
in the alpha-helical domain of IL-27. Therefore, we cloned cDNA variants of
the 1L-27 wild-type (Leul19) and missense (Prol19), as well as EBI3. After
transfection into HEK293 cells, we combined the cell supernatants containing
either the IL-27 Leul19 or the Pro119 protein with an equal amount of EBI3
protein and studied their effect on IRF1 and STAT1 expression using real-time
PCR in human PBMCs from four healthy individuals. Indeed, the missense SNP
resulting in Prol19 in IL-27 induced significantly lower STAT1 and IRFI
transcript levels compared to the IL-27 Leul19 (P = 5.52x10 " for IRF1 and
P = 4.86x10"" for STATI, Fig. 4E in Ref. II). Our results also suggest that
IL-27 may promote autoimmunity toward pancreatic islets via the upregulation

of the STAT1/STAT3 pathway. ]
Furthermore, our findings are supported by studies of a T1D mouse model

with high levels of IL-27 and delayed T1D onset after treatment with an 1L-27
blocking antibody (Wang et al., 2008). Altogether, these results suggest that the G
allele of the rs181206 missense variant in the /L27 gene confers protection against
T1D through the inhibited expression of IRFI and STATI in CD4" T cells.
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3.3. Regulation of gene expression by miRNA
binding site polymorphisms (Ref. Ill)

A majority of eQTL studies have performed inference on steady-state gene
expression levels. However, the balance between mRNA transcription (including
transcript initiation, elongation, and processing) and mRNA decay (including
spontaneous and targeted degradation of transcripts) determine the steady-state
gene expression levels (Dori-Bachash et al., 2011). While the emerging body of
work have focused on the role of transcription factor binding, DNA methylation,
histone modification, chromatin accessibility, and splicing in variation in gene
expression, the extent of the contribution of altered miRNA binding sites and
AU-rich elements affecting mRNA decay rate among genes is unclear (Pai et
al., 2012).

MiRNAs, small endogenous non-coding RNAs approximately 22-nucleotides
long, are well-established as negative regulators of gene expression. Changes in
mRNA levels closely reflect the impact of miRNAs on gene expression (Guo et
al., 2010). MiRNAs bind to specific sequence motifs called miRNA response
elements (MREs) in the 3’UTR of mRNAs, repressing the activity of their targets
by affecting mRNA stability and/or protein translation. Also, SNPs located in
MREs may influence mRNA expression post-transcriptionally by disrupting or
creating functional miRNA binding sites, by changing the effectiveness of
MRESs, or by replacing the binding site of one miRNA with that of another.

Following the importance of miRNA-mediated gene expression variation,
the last part of the thesis dissects the role of polymorphisms in miRNA response
elements (MRE-SNPs) that either disrupt miRNA binding sites or create new
ones and their effect on the allele-specific expression of target genes. By inte-
grating public eQTL data, miRNA binding site predictions, and small RNA
sequencing, we identify genetic variants that can affect gene expression by
modulating miRNA binding efficiency and provide possible causative
mechanisms for associations with complex traits.

3.3.1. Identification of MRE-SNPs affecting gene expression

To create a list of MRE-SNPs affecting gene expression, cis-eQTLs in peripheral
blood from the most comprehensive report at the time of the study (Westra et
al., 2013; meta-analysis of seven cohorts yielding a sample size of 5,311
individuals and detecting 664,097 unique SNP-probe pairs at probe-level FDR
< 0.05) and their perfect proxies (R* = 1, 1000G CEU population) were mapped
to 3’UTR of the cis-regulated genes. In total, we identified 9,334 cis-acting
SNPs and their perfect proxies residing in the 3’UTR of the corresponding cis-
affected transcript, referred to as UTR-SNP-probe associations (Fig.1 in Ref. III
and a detailed analysis workflow in Fig. 5).
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Figure 5. Detailed analysis workflow. (A) Cis-eQTLs (FDR < 0.05) were acquired from
Westra et al. (2013). Perfect proxies (1000G CEU, R = 1) were added using the SNAP
v2.2 webtool, and the resulting associations are referred to as SNP-probe associations.
Cis-acting SNPs and their perfect proxies mapping into the 3’UTR of corresponding
cis-affected transcripts were used in subsequent analyses and are indicated as UTR-
SNP-probe associations. (B) UTR-SNP-probe associations were intersected against
resources containing information about in silico predicted MRE-SNPs. The resulting
miR-SNP-probe associations (unfiltered set) were then filtered based on: i) overlap
between all three of the target prediction methods, ii) their inclusion in a “blood-
expressed” miRNA consensus list, and iii) their presence in the miRBase “high
confidence” list. (C) Unfiltered and filtered sets of miR-SNP-probe associations were
queried for concordance using the logic of miRNA-mediated regulation and classified
as either concordant (C-type) or unconcordant (U-type).

Next, to identify the SNPs that have the potential to disrupt an existing MRE or
create a new MRE, referred to as MRE-SNPs, the UTR-SNP-probe associations
were intersected with public databases containing information about in silico
predicted MRE-SNPs. As a result, in union over the databases, we identified
5,992 cis-eQTL SNPs and proxies in the putative MREs of 2,545 genes, which
corresponds to 72% of all 8,318 SNPs and proxies mapped to 3’UTRs of the
affected genes, and accounted for approximately 4% of all SNP-probe pairs
identified by Westra et al. (2013). The expression of those genes was detected
by 2,882 unique Illumina probes, which made up ~35% of 8,201 probes with
cis-eQTLs identified by Westra et al. (2013). Also, the binding of almost all
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miRNAs present in the miRBase (v20) was predicted to be influenced by at
least one of the SNPs (2,573 out of 2,578 miRNAs).

Among all MRE-SNPs, 1,137 were predicted to be exclusively MRE-
disrupting, 1,191 exclusively MRE-creating, and 3,664 both MRE-disrupting
and MRE-creating. The average number of MREs affected per SNP was 4.72,
verifying that most of the 3’UTRs contain binding sites for several different
miRNAs, and quite often, there is more than one site for a specific miRNA.
Altogether, 31,725 putative miRNA-SNP-probe associations were identified
and the average number of MRE-SNPs per miRNA was 11.15.

However, as each of the prediction algorithms has its limitations, we
narrowed the 5,992 putative MRE-SNPs (unfiltered) down to a prioritized set
using more stringent filtering criteria: 1) intersection of the three target
prediction methods; ii) their inclusion in a “blood-expressed” miRNA consensus
list, based on publicly available small RNA sequencing datasets, as the original
eQTL mapping was performed using peripheral blood samples; iii) their
presence in the miRBase “high confidence” list showing the high quality of
miRNA annotations. Applying these criteria, we identified a filtered set of 323
miRNA-SNP-probe associations consisting of 217 MRE-SNPs, 57 miRNAs,
and 241 probes corresponding to 206 genes. Of them, the minor allele was
disrupting 163 MREs and creating 160 MREs (Fig. 2 in Ref. III for an example
subset of filtered associations).

3.3.2. Concordance with miRNA-mediated regulation

A functional miRNA and mRNA interaction is assumed to result in the down-
regulation of the target transcript. So, an MRE-SNP disrupting the miRNA
binding site should result in the upregulation of the target mRNA and therefore,
show a positive correlation with the target mRNA. Following this rationale, we
assessed the possibility of a miRNA-mediated regulation of cis-eQTLs. We
refer to combinations where the correlation between expression levels and
MRE-SNP genotypes follows the logic of miRNA-mediated mechanism as
“concordant” and to combinations with the opposite effect as “unconcordant”.

Among both unfiltered and filtered miRNA-SNP-probe pairs, roughly 50%
were concordant (49.4% for unfiltered and 51% filtered sets), indicating no
significant overrepresentation of MRE-SNPs for which the cis-eQTL direction
and effect on miRNA binding would be in line. The effect sizes did not differ
between exclusively concordant and exclusively unconcordant cis-eQTLs.
Likewise, we did not observe any significant association between the average
effect of exclusively MRE-breaking or MRE-creating SNPs. Also, there was no
significant correlation between the miRNA regulation concordance and miRNA
binding efficiency.

The ambiguity in our results can be explained by several factors. First, most
of the 3’UTRs contain binding sites for several different miRNAs, and quite
often, there is more than one site for a specific miRNA. This means that the
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effect of disrupting or creating a single binding site may be reduced by the
action of other sites. Second, the effect of a 3’UTR SNP can be manifested
through different mechanisms, since both the miRNA binding and mRNA
stability in general are affected by several different factors. These mechanisms
may include alternative polyadenylation or splicing, mRNA decay, mRNA
structural alterations, or the accessibility to an RNA-induced silencing complex.
Some of those mechanisms are already addressed, suggesting that the majority
of 3’UTR SNPs influence MREs rather than splicing sites or 3’UTR folding
(Arnold et al., 2012). Compared to all 3’UTR SNPs, the SNPs within miRNA
binding sites are enriched for associations with variation in decay rates (Pai et
al., 2012).

3.3.3. Impact of complex traits-associated SNPs within MREs

Regardless of the unclear role of SNPs in miRNA response elements, we
identified four trait-associated concordant-type MRE-SNPs as a proof of
concept, for which three variants were related to cancer (Fig. 4 in Ref. III).
Altogether, comparing 5,992 putative MRE-SNPs and their proxies against the
catalog of published GWAS associations revealed an overlap between 208
(3.5%) MRE-SNPs and 154 GWAS SNPs or their proxies. The filtered set of
MRE-SNPs contains 10 (4.6%) variants, associated with 12 traits that overlap
with GWAS hits.

One of the most interesting findings of the four is the rs4245739 SNP. The
minor C allele creates a functionally verified MRE for miR-191-5p in the
MDMA4 gene (Fig. 3D and 3F, Fig. 4A in Ref. III). The MDM4-encoded protein
inhibits the tumor suppressor p53 post-translationally and is upregulated in
tumors (Bartel et al., 2005; Han et al., 2007). The minor allele of rs4245739,
carried by approximately 20% of the European population, is associated with a
protective effect for several cancers (Eeles et al., 2013; Garcia-Closas et al., 2013;
Purrington et al., 2014; Wynendaele et al., 2010), and may serve as a potential
biomarker. Most importantly, the effect of rs4245739 on miR-191-5p binding
and subsequent down-regulation of MDM4 mRNA and protein expression has
been experimentally verified in ovarian cancer cell lines (Wynendaele et al.,
2010), serving as an example of a functional MRE-SNP identified inde-
pendently of our systematic genome-wide approach.

The second gene containing both a GWAS hit and an MRE-SNP is N4BP].
The SNP rs6500395, located in the first intron of N4BP1, has been associated
with the response of rheumatoid arthritis patients to tocilizumab treatment
(Wang et al., 2013). This gene also contains an AGO-CLIP-supported C-type
MRE-SNP proxy (rs1224) for miR-330-3p in its 3’UTR (Fig. 4C in Ref. III).

In the last two cases, the absolute proxies of cis-eQTLs were located in the
3’UTR MRE of a nearby gene under genetic regulation (Fig. 4B in Ref. III).
The intronic region of the FARP2 gene consists of the SNP rs3771570,
associated with aggressive prostate cancer (Eeles et al., 2013). Its perfect proxy,
rs1056801, within the 3°UTR of a gene next to it, SEPT2, disrupts the binding
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of cancer-associated miR-17-92 family members. Aberrant expression of
SEPT?2 has been reported in different tumor types (Liu et al., 2010). As SEPT?2
is also the only gene influenced by a significant cis-eQTL in a corresponding
LD block, we propose that MRE-SNP-mediated alterations in the binding of
miR-17-92 family of miRNAs may be related to abnormal expression of
SEPT?2.

In the esophageal squamous cell carcinoma susceptibility region tagged by
rs2239815 (Wu et al., 2012), we identified an MRE-SNP within the 3’UTR of
CCDC117 (Fig. 4D in Ref. III). This LD block contains two apparent candidate
genes for cancer susceptibility (XBPI and CHEK?). Although all three of these
genes are affected by cis-eQTLs, the largest effect of this LD block is associated
with the XBPI gene, casting doubt on the miRNA-mediated cis-eQTL
mechanism.
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CONCLUSIONS

Knowing the genetic regulators that modulate gene expression contributes to
our understanding about the mechanistic basis of variation in human pheno-
types. Comprehensive eQTL maps shed light on the relevant tissues or cell
types, molecular mechanisms and pathways through which susceptibility
variants exert their effects, and provide bases for further explorative studies of
potential drug targets and other disease interventions for the benefit of human
health.

The main conclusions drawn from this thesis are as follows:

e The transcriptome and epigenome of the fetal liver depicts its role in
developmental and hematopoietic processes, whereas the genes active in the
adult liver are mainly responsible for catabolic and metabolic processes, well
in line with the known developmental function of these tissues. Genes with
eQTL effects in adults show strong liver-specificity and are enriched for
genes encoding drug metabolizing enzymes. Inter-individual variability in
hepatic gene expression is affected by both genetic and epigenetic factors,
whereas, on average, genetic variants uniquely explain a greater proportion
of the variation compared to DNA methylation levels.

e The expression of genes in CD4" and CD8" T cells are under a substantial
genetic control. Thereby, patterns of local genetic control of gene expression
in CD4" and CD8" T cells are highly similar, but show differences from
profiles in whole blood. The advantage of studying purified cell types
instead of a bulk tissue, like whole blood, is illustrated by the discovery of a
CD4"-specific trans-eQTL. Namely, the missense SNP in the /L27 gene has
a decreased capacity to activate the STAT1/STAT3 pathway, resulting in
lower expression of the /RFI and STATI genes, which plausibly confers
protection against T1D.

e (is-eQTLs disrupting or creating miRNA binding sites that are concordant
with the logic of miRNA-mediated regulation of gene expression were not
overrepresented among all of the cis-eQTLs or their perfect proxies
harboring miRNA binding sites. This shows the complexity of post-tran-
scriptional regulation of gene expression. However, the prioritized list of
potentially miRNA-driven cis-eQTL effects show the importance of miRNAs
in the regulation of gene expression in cancer.
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SUMMARY IN ESTONIAN

Geeniekspressiooni geneetiline regulatsioon:
koe- ja rakutuibi-spetsiifiliste efektide leidmine

Téanu sekveneerimistehnoloogia kiirele arengule sai voimalikuks inimese genoomi
DNA jérjestuse médramine 2000. aastate alguses. Sealt edasi on toimunud
tohutu hiipe erinevate tunnuste ja komplekshaiguste kujunemist mojutavate
geneetiliste markerite iilegenoomsel kaardistamisel. Enamik leitud variantidest
asuvad genoomi mittekodeerivates alades, mdjutades pigem geenide avaldumist
kui geeniekspressiooni 16pp-produkti valku.

Geeniekspressiooni tase on vahepealne tunnus DNAs peituva info ja kesk-
konna toimel avalduva fenotiilibi vahel. Erinevates rakutiiiipides on geenide
avaldumine erinevalt reguleeritud ja see soltub nii keskkonnamdjudest kui ka
rakus toimuvatest protsessidest. Geenide avaldumise regulatsioonil on tdhtis osa
geneetilistel markeritel. Nad mdjutavad nii transkriptsiooni, muutes transkript-
sioonifaktorite seondumise efektiivsust promootor- voi enhanseraladele, RNA
tootlemist splaissingu néol kui ka transkriptsioonijargselt mikroRNAsid akti-
veerides, millede seondumisel mRNAga toimub geenide vaigistamine.

Viimastel aastatel on rohkesti kogutud ja tdiendatud infot inimese geenieks-
pressiooni kvantitatiivsete tunnusete lookuste ehk eQTLide (expression quan-
titative trait loci) kohta. eQTLi néol on tegemist iihe nukleotiidi poliimorfis-
miga (single nucleotide polymorphism, SNP), mille genotiiiip korreleerub geeni-
ckspressiooni tasemega. Uhest kiiljest aitavad eQTLid selgitada iilegenoomse
olulisusega mittekodeerivate SNPide funktsionaalset rolli, sidudes need muu-
tustega geeniekspressioonis. Teisalt, vaadates eQTLide asukohti genoomis ja
epigenoomis, aitab see kirjeldada bioloogilist mehhanismi, mille kaudu SNP
mdjutab geeni ja seelédbi huvipakkuva tunnuse voi haiguse kujunemist. Seega,
eQTL-uuringud on hea lisavahend, mis aitab oppida geneetilist koodi funktsio-
naalselt lugema ja seda Sigesti tolgendama inimeste tervise hiivanguks.

Kéesolev doktoritdd uuris koe- ja rakutiilibi-spetsiifilise geeniekspressiooni
geneetilist regulatsiooni. Teaduskirjanduse pdhjal anti iilevaade eQTLidest,
keskendudes nende bioloogilisele olemusele, omadustele ning tihtsusele inimese
genoomikas. Lisaks kirjeldati eQTLide analiiiisiraamistikku ning statistilisi
analiiiisimeetodeid, mida kasutatakse eQTLide leidmiseks nii iiksikus koes voi
rakus kui ka analiilisides neid koos. Samuti toodi vilja tulevikuperspektiivid,
mis aitaksid eQTL-uuringute tulemusi kasutada personaalses meditsiinis. T606
eksperimentaalosa eesmérk oli kirjeldada geeniekspressiooni regulatsiooni
maksakoes ja T-rakkudes ning hinnata mikroRNAde seondumisalades asuvate
SNPide rolli geenide avaldumises.

Maksa tdhtsate funktsioonide hulka kuuluvad nii imendunud toitainete ja
vitamiinide todtlemine kui ka organismile kahjulike produktide eemaldamine.
Vorreldes omavahel loote ja tdiskasvanu maksakoe geeniekspressiooni ja DNA
metiilatsiooni mustreid, leidsime mitmeid arengufaasile iseloomulikke muutusi.
Taiskasvanu maksas iilesreguleeritud voi hiipometiileeritud geenid on seotud
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metaboolsete funktsioonide tditmisega, loote maksas iilesreguleeritud voi hiipo-
metiileeritud geenid seotud aga diferentseerumise ja kasvuga ning vereloome
protsessidega, mis on kooskolas sellega, et loote arengu ajal tdidab maks vere-
loomeorgani iilesandeid. Lisaks leidsime, et geenid, mille ekspressioonitase
korreleerub geneetiliste markeritega, on tugevalt maksa-spetsiifilised ja nende
hulgas on iileesindatud geenid, mis kodeerivad ravimeid metaboliseerivaid
ensiiime. Oma uuringu tulemusena kirjeldasime nii geneetilisi kui ka epi-
geneetilisi faktoreid, mis mdjutavad geeniekspressiooni regulatsiooni. Saadud
teadmised aitavad paremini mdista erinevusi ravimi vastustes ja maksahaiguste
etioloogias.

Kui maksal on tdita tdhtis roll inimese tervise seisukohalt iildiselt, siis CD4"
ja CD8" T-rakud on olulised elemendid omandatud immuunsiisteemis. CD4" T-
rakud juhivad ildist immuunvastuse kujunemist ja CD8" T-rakud osalevad
patogeenide tdrjes infektsioonide ajal. CD4" ja CD8" T-rakkude sobimatu vdi
puudulik regulatsioon voib soodustada mitmete autoimmuun- ja podletikuliste
haiguste teket ja edasist kulgu. Me uurisime perifeersest verest eraldatud CD4"
ja CD8" T-rakkude geeniekspressiooni ja geneetiliste markerite vahelist seost.
Leidsime, et ligi 10% uuritud geenide avaldumine on mdjutatud ldhedalasuvate
SNPide poolt. Seejuures on CD4" ja CD8" T-rakud viga sarnaselt reguleeritud,
kuid kodigest pool tdisveres leitud SNP-geen seostest on olemas ka uuritud
T-rakkudes. See niitab, et rakkude puhastamine tdisverest on kiill keerukas ja
kulukas, kuid vajalik protseduur, et leida rakutiilibi-spetsiifilisi efekte. Leidsime
ka selliseid SNPe, mis mojutavad temast kaugemal vdi hoopis teisel kromo-
soomil asuvate geenide avaldumist. Niteks, 16. kromosoomil /127 geenis asub
esimest tiilipi diabeeti haigestumisriskiga seotud mittestinoniiimne SNP, mis
ainult CD4" T-rakkudes mdjutab immuunsiisteemi seisukohalt kahe olulise
geeni avaldumist: STAT! (kromosoom 2) ja IRFI (kromosoom 6). Funktsio-
naalse katsega niitasime, et leitud SNP-geenide seos ei ole iiksnes statistiliselt
oluline korrelatsioon, vaid need seosed on olemas ka inimese perifeerse vere
mononukleaarsetes rakkudes. Meie hiipoteesi kohaselt mittesiinoniilimne SNP
parsib IL-27 seondumist oma retseptoriga, mistdttu on héiritud STAT1/STAT3
geeniraja aktivatsioon. Selle tulemusel véheneb geenide STAT! ja IRFI eks-
pressioon CD4" T-rakkudes, mis annab vdimaliku kaitse esimest tiiiibi diabeedi
suhtes. Antud hiipoteesi kinnitab ka esimest tiilipi diabeedi hiiremudel, kus
niidati, et hiirtel, keda raviti IL-27 valku blokeeriva antikehaga, oli korgem IL-
27 tase ja esimest tiilibi diabeedi siimptomid avaldusid hiljem vdrreldes nende
hiirtega, kes ravi ei saanud. Kokkuvdtlikult leidsime uuringu kdigus voimaliku
pohjusliku SNPi ning kirjeldasime bioloogilist mehhanismi, mis on loonud
eeldused lisauuringuteks, et testida leiu potentsiaali rakendamisel kliinilises
praktikas.

Selleks, et eQTL-uuringute tulemused oleks rakendatavad niiteks ravimi-
arenduses, on vaja teade tdpset sihtmérkgeeni ja bioloogilist mehhanismi.
Transkriptsiooni-jargselt pérsivad geeniekspressiooni nditeks mikroRNAd.
MikroRNAd on vidikesed, umbes 22 nukleotiidi pikkused RNA molekulid, mis
seonduvad mRNA transkriptide komplementaarsetele jirjestustele. Me uurisime
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siistemaatiliselt, kas mikroRNAde seondumisalades olevate ja geeniekspres-
siooni mojutavate SNPide roll geenide iiles- ja allareguleerimisel ldheb kokku
funktsionaalse mikroRNA rolliga sihtmirkgeeni ekspressioonile. Kogutud
andmed ei toendanud, et SNPid mikroRNAde seondumisalades oleks kooskdlas
mikroRNAde toimemehhanismi loogikaga. See annab alust arvata, et geeni-
ekspressiooni transkriptsiooni-jargne regulatsioon on vdga kompleksne ning
mikroRNAde seondumisalades asuvad SNPid vdivad omakorda olla mojutatud
teiste mehhanismide poolt. Siiski, meil dnnestus leida mitu juhtu, kus haigus-
seoselise SNPi mdju geeniekspressioonile toetab mikroRNAde rolli geenide
avaldumisele.
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