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Abstract

The post human genome sequence era has begun to explore various aspects of the
functional genome in relation to disease including gene expression, genetic variation and
epigenetics. The genetic determinants of common and complex phenotypes are difficult
to resolve even though their heritability is recognised. Recent genome-wide association
studies (GWAS) for common diseases has identified many new disease susceptibility
associated loci. These loci often lie in non-coding regions of the genome and disease
associated genetic variants are proposed to act by modulating gene expression.

This thesis investigated genetic variation as determinants of gene expression in the
context of the immune system especially focused on the innate immune and inflammatory
responses. Different primary human immune cell types were collected from healthy
volunteers of European ancestry to achieve this. In order to identify genetic variants
associating with gene expression, expression quantitative trait loci (eQTL) mapping was
conducted in a cell type specific manner.

The primary dataset (n=288) consists of CD19" B-cells from the adaptive immune
system and CD14" monocytes from the innate immune system. 78% of the total cis eQTL
were found to be cell type specific and include genes relating to their roles in the immune
response. Trans eQTL showed greater cell type specificity and include master regulatory
eQTL on the LYZ locus at chromosome 12q15 in monocytes and the KLF4 (9p31) in B-cells.
The identified eQTL are implicated in association with autoimmune disease susceptibility
including inflammatory bowel disease, diabetes and rheumatoid arthritis.

The second analysed dataset (n=64) consists of CD14" monocytes and macrophages
differentiated ex vivo. Macrophages are involved in many inflammatory diseases as well
as in the innate immune response. The differential gene expression and eQTL mapping
analyses were conducted to investigate macrophages specific gene expression signatures
and associations to genetic variants. Macrophage eQTL are involved in signal transduction
for the inflammatory response (ILIRN and STAT4) and lipid metabolism (PPARG) with
implication for metabolic disease association.

The eQTL analyses using primary immune cell types provide insights into genetic
variation in association to gene expression which is involved in autoimmunity and disease

susceptibility.
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General Introduction

Human genetic variation is a key contributor to diverse and complex phenotypes. Since
the completion of the first human genome sequence in 2001, an extended effort has been
made to elucidate the diversity of genetic variation and its functional consequences. This
introduction provides a historical overview of the association between genetic variation
and disease phenotypes, focusing in particular on common multifactorial traits, the
impact of genome-wide association studies and current approaches to defining regulatory
variants through expression quantitative trait mapping and other approaches. This is
complemented by an overview of the biology of inflammation and immunity, showing
the relevance of genomic approaches. The key questions to be addressed in this thesis
are introduced; namely how to identify and functionally characterise regulatory genetic

variants modulating the immune system which may determine disease risk.

Genetic variation

History
Discovery of heredity

Genetics underlies the heredity of traits and transmission of information from a parent to
its offspring in living organisms. The inheritance of traits was first observed in plants
by Gregor Mendel in 1865, when he described the inheritance of certain traits such
as the colour and coat of pea plants as a dominant or recessive phenotype (Mendel,
1866). Archibald Garrod in 1902 then described recessive inheritance in humans from
observation of alkaptonuria, a rare congenital disorder caused by a defect in tyrosine
metabolism (Garrod, [1902). It remained unclear how these traits were carried from
one generation to the next even though patterns of inheritance had been described as
phenotypes, including human diseases and traits, and in other organisms such as fruits

flies.
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Genetic linkage and discovery of DNA

Prior to discovery of DNA, genetic linkage was first explained by William Bateson and
his colleagues in 1905 (Bateson, 1905). They described alleles where some phenotypes
cosegregated. Genetic linkage is caused by recombination during meiosis. Cosegregation
of a marker gene carrying a trait in the next generation manifests as physical proximity on
the same chromosome. Linkage analysis of traits has been used to map genetic loci since
their observation. In 1911 Morgan and his student proved that genes are on chromosomes
and demonstrated the phenomenon of genetic linkage using a sex-linked white eye colour
mutation in fruit flies (Morgan, 1910, Sturtevant, |1913). DNA, residing in cell nuclei,
was shown to be the substance of inheritance by the Hershey-Chase experiment in 1952;
bacteria that had been transformed with bacteriophage DNA were found to pass on the
DNA, rather than its protein product, to its progeny (Hershey and Chase, |1952). The
structure of the double-helix DNA was proposed by James Watson and Francis Crick in
1953, after viewing a single X-ray diffraction image of DNA taken by Rosalind Franklin
and Taymond Gosling in 1952 (Watson and Crick, 1953} Franklin and Gosling, 1953).
Crick and his colleagues later showed that three bases identify each amino acid, a codon,
leading to the deciphering of the genetic code (Matthaei et al.,|1962). The central dogma
of molecular biology stated by Crick in 1958 (restated in 1970) explained the DNA-RNA-
protein flow of genetic information (Crick, 1970). This work on molecular genetics in the
early 20th century has promoted the gene from an abstract to a physical unit on the DNA

sequence.

Genetic mapping

Mapping of disease associated genes, along with the DNA related discoveries described
above, has enabled advances in molecular biological techniques. Polymorphic genetic
markers have been used as tools to map associations with phenotypes long before the
human genome was sequenced. Discovery of restriction enzymes which cut DNA at or
near specific sequences was a breakthrough for detecting genetic polymorphisms and
their use in mapping (Smith and Wilcox,|1970). Restriction fragment length polymorphism
(RFLP) uses a restriction enzyme to digest homologous DNA fragments to determine
whether polymorphisms are present and whether they are specific to a trait or disease.
Botstein and colleagues developed RFLPs to construct a genetic linkage map using
restriction enzymes in the 1980s (Botstein et al., 1980). The genetic diagnosis of the

Mendelian disease sickle cell anemia, which is caused by a mutation on the g haemoglobin
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gene, was made possible by RFLP mapping (Saiki et al., 1985). The causal trinucleotide
repeat of CAG on the Huntington gene (HTT) was determined by the same strategy
(Gusella et al.,|1983).

Molecular biological techniques

The long history of genetic mapping has highlighted the great diversity in genetic
information across individuals, within and between populations. It has become possible
to identify variation at single nucleotide resolution since the development of DNA
sequencing. This is achieved by the incorporation of chain-terminating dideoxynucleotides
in vitro DNA polymerisation, which was developed by Frederick Sanger in 1977 (Sanger
et al., 1977). Technological advances in molecular biology include a discovery of the
reverse transcription reaction in 1970. This reaction reverses the central dogma by
making complementary DNA (cDNA) from RNA and is catalysed by reverse transcriptase
(Baltimore, 1970, Temin and Mizutani, 1970). Cloning of transcribed RNA was made
possible by converting it to DNA (Summers and Mason, 1982, Mann et al., [1983).
The other essential invention was the polymerase chain reaction (PCR) in 1987 for
DNA amplification (Mullis and Faloona, |1987). These technologies, together with recent
implementation of massively parallel sequencing (also called whole genome sequencing,
WGS) by synthesis, have promoted sequencing of DNA a a genomic scale (Metzker,|2010).
The human genome project was completed in 2001 as the first reference human genome
sequence using the shot-gun sequencing strategy (Lander et al., 2001} Venter et al., 2001).
Over the last 5 years it has been possible to sequence thousands of genomes as the results
of rapid falls in cost and increases in throughput. The 1000 Genomes Project has been

launched to investigate genome sequences in a population level (Durbin et al.,[2010).

Human genome sequence and genetic disease association

The human genome is comprised of approximately 1.1% protein coding sequence, with
approximately 25000 genes in the 2.9 billion base pairs (Venter et al.,2001). About three
quarters of the genome does not encode genes or introns. Mendelian traits and diseases
have been mapped onto the genome, mostly at protein coding regions. These include
2985 genes with phenotype-causing mutations and 4902 phenotypes with a gene product
basis description (OMIM database, accessed 27th March 2013, Amberger et al., [2009).
By contrast, for complex traits such as common or multifactorial diseases, only a small

number of disease genes were identified by classic linkage analysis. Complex traits show
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a heritable component although they tend not to follow Mendel’s rules of inheritance and
are jointly affected by environmental factors. Genetic factors may be clinically significant.
This is notable in infectious disease as genetic mutation, deletion and variation have
been identified as being associated with increased susceptibility or resistance to specific
infectious disease phenotypes (Chapman and Hill, [2012). For example, the disease onset
and the progression by infection of human immunodeficiency virus (HIV) is delayed in
carriers of a chemokine receptor 5 (CCR5) with a 32bp deletion (Smith et al., |1997).
Homozygous individuals with a 32bp deletion are completely protected against HIV
infection. CCR5 is an essential coreceptor for HIV infection and fails to be expressed
on the cell surface in the presence of the deletion (Benkirane et al., [1997). In addition,
resistance to malaria pathogens Plasmodium vivax and P. knowlesi is given by mutations
to a gene that encodes a Duffy antigen chemokine receptor (DARC) which functions as a
receptor for P. vivax in the surface of erythrocytes (Miller et al., 1975, Miller et al.,[1976).
The FY*B allele of DARC, found in the Duffy negative blood group, with a single T to
C substitution in the promoter region disrupts a binding site for GATA1 transcription
factor and represses the gene expression in erythrocytes (Tournamille et al., |1995). As
complex diseases or traits cannot be explained in a monogenic manner by Mendel’s
rules of inheritance, new approaches were needed to address these traits. Genome-wide
association studies (GWAS) were developed using high throughput genotyping to search

association, comparing thousands of cases and controls (Section|1.1.3).

Types of genetic variation

Naturally occurring genetic variation has been used as a marker for diseases based
on cosegregation with the causal loci in linkage studies as mentioned above. In some
instances, genetic variants are functionally associated with disease susceptibility and
development. Scherer and colleagues described classification of genetic variation based
on size (Scherer et al.,[2007| Figure [1.1). Sequence variation consists of single nucleotide
variation, in contrast structural variation includes variation larger than 2bp (Feuk et al.,
2006 Scherer et al.,[2007). This section describes the main types of genetic variation and

relevance to disease susceptibility.

Variable number tandem repeat

Variable number tandem repeats (VNTRs) are a type of variation where a short nucleotide

sequence is repeated a number of times. This type of repetitive DNA sequence makes
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Figure 1.1: Classes of genomic variation. Modified and adapted by permission from Macmillan
Publishers Lts: Nature Review Genetics, Scherer et al.,|2007, copyright 2007.

up 35% of the human genome sequence (Venter et al., 2001). VNTRs were essential as
genetic markers for linkage mapping by RFLP before the whole human genome sequence
became available (Nakamura et al.,1987). A genetic map of the human genome based on
microsatellites, a type of VNTR with repeating short sequences of 2-6bp, was created for
linkage analysis (Dib et al.,|1996). Some diseases are shown to associate with VNTRs. For
example, a 14bp VNTR found in 5’UTR of an insulin gene (INS) is associated with Type
1 diabetes (T1D) (Lucassen et al., |1993). The allele variation of the VNTR is positively
correlated with the gene expression levels of INS in thymus. This suggests that the longer
VNTR provides higher expression of INS and protects against T1D susceptibility (Pugliese
et al.,|[1997).
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Copy number variation

Copy number variation (CNV) is defined as a DNA segment of one kb or more which
has been found to vary in number when compared to a reference genome (Stankiewicz
and Lupski, |2010). CNVs result from genomic rearrangement events such as deletions,
insertions, duplications and translocations. The effect of CNVs on phenotypes can result
in changing the dosage of a gene, altering the distance of regulatory DNA sequences,
or unmasking recessive mutations or functional polymorphisms in a remaining allele.
Genome-wide studies have revealed that CNVs occupy 12% of the genome (Redon
et al., [2006). For example, a lower copy number with CCL3L1, encoding a potent HIV-
1 suppressive chemokine, is associated with significantly increased susceptibility to HIV
infection (Gonzalez et al., 2005). This locus has a variable copy number of a segmental

duplication encompassing CCL3L1.

Single nucleotide variants

In contrast to VNTRs and CNVs, single nucleotide variants (SNVs) typically consist of
one nucleotide with the substitution for another in the sequence. Two alternate bases,
biallelic SNVs, are often observed. Single nucleotide polymorphisms (SNPs) are defined
as having a minor allele frequency (MAF) greater than 1% to distinguish them from rare
variants (Brookes,|1999). SNPs are abundant compared with other types of DNA variation
and common SNPs (often defined as MAF>5%) are found an average every one or two kb
(Sachidanandam et al.,|2001).

SNVs located in gene coding sequences may alter amino acid codons; these are called
non-synonymous SNVs. SNVs that are associated with diseases identified by linkage
studies are mainly coding SNVs because the functional causes of disease susceptibility
at a transcriptional or translational level can be determined. For example, an allele of
ApoE4, encoding Apolipoprotein E, is associated with increased risk of Alzheimer disease
due to two amino acid changes caused by SNVs (Corder et al., 1994). The isoform’s protein
conformation is affected by these variants, resulting in instability and less binding affinity
to receptors for low cholesterol lipoprotein (LDL)(Hatters et al., |2006). However, SNVs
in coding regions account for a very small fraction of total SNPs (approximately 0.4%,
Durbin et al., [2010). The majority of SNPs are located in gene regulatory regions or in

gene deserts.
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Summary

Various types of genetic variation have been found in the genome by linkage analysis
to help identify loci associated with diseases or traits. The completion of the human
genome sequence has helped to understand the structure of the variation in the genome.
Using known variation over the whole genome, the search for phenotype associated loci

is possible on a genome-wide scale.

Genome-wide population based studies

Linkage analysis initially had few genetic markers available in humans to systematically
map inheritance of traits. Phenotypic markers were instead used to define associations
with disease. For example, blood types were associated with stomach cancer and alterations
in the haemoglobin f protein were associated with sickle-cell anaemia (Aird et al.,|1953,
Ingram, |1956).

In the 1970s, molecular biological techniques were developed to use naturally occurring
DNA polymorphisms as genetic linkage markers including RFLPs as described earlier.
DNA cloning made it possible to map a genomic position associated with a Mendelian
trait in model organisms by crosses (Clarke and Carbon, 1980, Bender et al., 1983).
RFLP analysis could trace familial transmission of chromosomal regions in humans.
Huntington’s disease was the first case to demonstrate linkage of RFLP markers to disease
(Gusella et al., |1983). RFLP markers have been systematically developed to cover the
human genome, starting with 400 DNA markers in 1987 and increasing to more than
5000 (Donis-Keller et al.,|1987, Nakamura et al.,|1987, Dib et al.,|1996)).

By contrast, common human disease including cancer, heart disease, hypertension and
diabetes show evidence of heritability based on family and twin studies but typically
do not show a Mendelian pattern of inheritance and genetic factors have a modest
magnitude of effect making the identification of specific casual variants difficult (Fuchs
et al.,|1994, Antoniou et al., 2003}, Longini et al., 1984, Bell and Polonsky, |2001). Genetic
association studies have been used, initially based on a candidate gene approach. Type 2
diabetes (T2D) was one of the small number of instances where this led to the successful
identification of an associated gene (Deeb et al., |1998). A missense common variant
Prol2Ala in PPARG, encoding a transcription factor peroxisome proliferator-activated
receptor-y, was associated with reduced risk of T2D. This association was the only one
to be validated in a different cohort (Altshuler et al., 2000). Another early example was

the susceptibility locus to Crohn’s disease that was identified by positional cloning to
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NOD?2 (also known as CARD15). NOD2 encodes the nucleotide-binding oligomerisation
domain-containing protein 2, and its product belongs to a signalling pathway important
in the innate immunity and inflammation (Hugot et al., 2001).

It is known that both genetic and environmental factors affect the development
of common diseases. Disease susceptibility is unpredictable even when the influence
of environmental factors is known. For example, tobacco smoking has been shown to
influence the development of lung cancer by increasing the risk more than twenty-fold.
However, not all smokers will develop the disease despite this increased risk, suggesting

that other unidentified factors may be involved (Peto et al.,[2000, Khuder, 2001).

Linkage disequilibrium and haplotypes

Linkage disequilibrium (LD) describes non-random association of alleles at two or
more loci. The term LD was first introduced by Lewontin and Kojima in 1960, when
they described the relationship of two gametes by how frequently they nonrandomly
cosegregate (Lewontin and Kojima,|1960). LD occurs due to non-random recombination of
homologous chromosomes during meiosis. The likelihood of linkage between two genetic
markers can be determined using the logarithm of odds (LOD) scores which are statistical
test scores of the likelihood of two loci cosegregating whether they are actually linked or
not (Morton, 1955).

The statistical measure of LD shows a relationship between two alleles. r?, the square
of the correlation coefficient between two alleles, is commonly used for measurement
of LD between two alleles (Devlin and Risch, 1995). When r? is 1, they are perfectly
correlated and are inherited together. Current conventional genotyping arrays cannot
capture all variants on the genome. Many variants are found in strong linkage with others,
especially common polymorphisms. Therefore, SNP genotypes analysed in the context of
LD can be used to estimate (impute) correlating SNPs based on the r? statistic. Selecting
tagging SNPs which can identify many other SNPs due to strong LD is one of the essential
steps when designing a genetic association study (Carlson et al.,|2004).

A haplotype is a combination of loci on the same chromosome that are inherited
together during homologous recombination. Haplotypes give insights into linkage as they
are determined by LD causing the coinheritance of alleles. Thus, a genome-wide map of
haplotypes was proposed to be an useful resource for genetic analysis. To map human
haplotypes over a genome-wide scale, appropriate genetic markers and a template of the

human genome sequence were required. The two complete human genome sequences
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were therefore used as a template (Lander et al., 2001}, Venter et al., 2001). SNPs were
chosen as genetic markers because they are abundant throughout the genome and most
are biallelic, thus easy to genotype in a high throughput manner. Strong LD was thought
not to extend further than 3kb, thus approximately 500K SNPs were estimated to cover
the variation over a whole genome (Kruglyak, 1999).

The first genome wide SNP map containing 1.42 million SNPs was generated in 2001
by the International SNP Map Working Group using the infrastructure of the human
genome sequencing project (Sachidanandam et al.,2001). The density of SNPs in the map
was one every 1.9kb. The identified SNPs were deposited into a public database (dbSNP,
http://www.ncbi.nlm.nih.gov/SNP/, Sherry et al.,[2001).

Few initial association studies had been successful prior to 2001, with many failing to
be replicated in other populations. The low success rate for identifying true associations is
thought to have been due to a small sample sizes, population admixture and few available
genetic markers (Risch and Merikangas,|1996| Cardon and Bell,2001). Association studies
have become feasible through the genome wide SNP map and high throughput low cost

genotyping since 2001.

The International HapMap Project

The International HapMap Project was launched with the aim of creating a haplotype
catalog at a population level.

The phase I HapMap project started by genotyping common SNPs (MAF>5%) in a
500kb range and demonstrated extensive haplotype diversity over four geographically
diverse populations (Table[L.1} International HapMap Consortium, [2005). The project set
up the infrastructure for large scale SNP genotyping as well as data analysis. The project
facilitated genome-wide SNP genotyping and has identified recombination hotspots and
block-like haplotype structures of LD. It is estimated that approximately 500K SNPs
with MAF>5% are able to test >90% of common SNPs for non-African populations
(International HapMap Consortium, 2005). African populations require more SNPs to be
genotyped in order to cover the diverse and fragmented LD structures seen.

The populations that were used for the SNP analysis were also used to investigate
association between haplotypes and the major histocompatibility complex (MHC) (Bakker
et al.,|2006). The MHC locus on human chromosome 6 encodes cell surface molecules
essential for the functionality of the immune system and is strongly associated with many

immune-related diseases (Trowsdale, 2011).
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The phase 2 HapMap project increased the number of genotyped SNPs to 3.1 million,
an average density of one SNP per 1kb (Frazer et al., |2007). The SNP coverage in the
phase 2 dataset included common SNPs with a lower MAF compared to phase 1. The data
was assumed to cover 25-30% of common SNPs (the total common SNPs were predicted
to be 11 million at the time of the publication). Currently the number of identified
common SNPs is approximately 53 million on the database, of which 38 millions have
been validated.

Phase III of the HapMap project included rare SNPs with low MAF (<5%) and copy
number polymorphisms (CNPs) (Altshuler et al., 2010). Phase III also expanded the
population diversity with seven additional populations sampled (Table[I.1). The HapMap
project used the sequencing data from the ENCODE project which focused on functional
characterisation of non-coding DNA elements and is described in the following section
(ENCODE Project Consortium, |2004).Sanger sequencing on the ENCODE 500kb regions
improved the resolution of SNPs with MAF between 0.5-5%. Investigation of rare variants
and copy number polymorphisms revealed less sharing of these types of variation across
populations.

SNP genotypes are not phased; in other words they do not represent haplotypes.
However, haplotypes can be estimated based on SNP genotypes. The HapMap project and
the 1000 Genomes project which is described in the next section have provided reference
panels for haplotype estimation. Statistical programs to estimate haplotypes have been
developed for this purpose (Marchini and Howie, 2010). The haplotype information helps
to infer other SNPs with strong LD.

10
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Table 1.1: The HapMap project overview. CNPs - copy number polymorphisms.

Population Description Size  Total size  The number of markers MAF Range Publication
Phase 1
YRI African Yorban (30 parent-offspring 90 269 1 million >5%  500kb International
trios) from Ibadan, Nigeria HapMap Consortium,
2003
CEU western European descent (30 trios) 90 International
from Utah, USA HapMap Consortium,
2005
CHB Han Chinese from Beijing, China 45
JPT Japanese from Tokyo, Japan 44
Phase 2
Same as Phase 1 populations 270 3.1 million >5% 1kb  Frazer et al.,[2007
Phase 3
Phase 1 populations (4 populations) 1184 1.6 million >5% Altshuler et al,
2010
YRI 167 common
CEU 165 SNPs
CHB 84
JPT 86 692 ten 100kb 0.5-5%
Additional 7 populations (unrelated) regional
ASW African ancestry (trios) from the 83 sequencing
southwestern USA
CHD Chinese from metropolitan Denver, 85 856 CNPs 1%
Colorado, USA
GIH Gujarati Indians from Houston, 88
Texas, USA
LWK Luhya from Webuye, Kenya 90
MKK Maasai from Kinyawa, Kenya 171
MXL Mexican ancestry (trios) from Los 77
Angeles, California, USA
TSI Tuscans from Italy 88

J1a1dey)
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The 1000 Genomes Project

The 1000 Genomes Project was launched to investigate the genetic diversity of individuals
from diverse populations based on the analysis of whole genome sequences (Durbin
et al.,|2010, Abecasis et al.,2012). The improvement of sequencing technology in the past
decade, in particular the development of WGS, has enabled whole genome sequencing in
a much short time period than previously possible (Metzker, [2010). The data from the
1000 Genomes Project has identified 38 million SNPs, 1.4 million short insertions and
deletions, and more than 14,000 larger deletions. A large fraction of rare variants was
also described in this project (38% of MAF 0.5-5% and 87% of MAF<0.5%). The direct
sequencing of the genomes revealed that rare variants form a signature of population

differentiation.

Genome wide association studies

GWAS look for an association of genetic alleles to a trait in a population. This is achieved
by comparing a population with a phenotypic trait (cases) to a population without the trait
(controls) and identifying alleles that occur more or less frequently in the case population.
GWAS of common or complex diseases have been greatly facilitated by the abundance of
genetic markers to identify loci that are associated with disease susceptibility. Association
studies have been helped by both the HapMap and the 1000 Genomes Projects because
they have provided hundreds of thousands of DNA variants as markers as well as an
appropriate analysis of population stratification which can help remove admixed samples
to avoid false positives.

One of the first and largest GWAS was led by the Wellcome Trust Case Control
Consortium (WTCCC) and used shared controls for seven common multifactorial diseases;
bipolar disorder (BD), coronary artery disease (CAD), Crohn’s disease, hypertension,
rheumatoid arthritis (RA), T1D and T2D (Wellcome Trust Case Control Consortium,
2007). The study identified at least one allele per disease above a genome-wide association
p-value threshold p-value<5x10~7. Association is statistically tested for the null hypothesis
of no association. A p-value threshold for GWAS, genome-wide significance, is generally
agreed to be less than 5x1078, which is based on a conservative Bonferroni correction
(Risch and Merikangas, 1996, Wellcome Trust Case Control Consortium, 2007, Stranger
et al., 2011). The WTCCC expected to identify more risk associated alleles based on

their power calculation (Wellcome Trust Case Control Consortium, |[2007). This highlights
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sample size as an issue affecting the success of GWAS especially when common SNPs are
a subject of disease association (Risch and Merikangas, |1996).

Meta-analysis, where several GWAS are combined to increase the sample size, has
since been carried out. For Crohn’s disease, only two loci identified were previously
annotated in the past 40 years by linkage and candidate gene association studies. As
a result of the meta-analysis, the GWAS and meta-analysis for Crohn’s disease have
identified more than 163 risk associated loci to date (Jostins et al.,[{2012).

Imputation of SNP genotypes may increase the likelihood of identifying specific
disease associated loci. Imputation can be used in meta-analysis where different genotyping
platforms have been used. Association studies using the WTCCC data with further
imputation have identified few novel loci (Huang et al., 2012). This is not surprising
because tagging SNPs used in GWAS have been carefully selected to define at least one
haplotype.

Since the first large study, GWAS have identified many loci associated with disease
susceptibility. A catalogue of GWAS by the National Human Genome Research Institute
(NHGRI) is updated weekly with newly identified loci associated with traits (Hindorff
et al., 2009, http://www.genome.gov/qwastudies/). As of January 2013, 1486 publications
describing 772 phenotypes have been reported. Some loci associated with particular
traits have been replicated in multiple study cohorts. For example, NOD2 and IL23R
loci associated with susceptibility for Crohn’s disease have been replicated in several
studies (Jostins et al.,|2012, Franke et al., 2010, Barrett et al.,|2008). Listing the GWAS data
from various traits helped to identify loci that are associated with multiple autoimmune
disease traits, suggesting that they share underlying causal mechanisms. For example,
the CARDY locus is associated with susceptibility to inflammatory bowel disease (IBD)
including Crohn’s disease and ulcerative colitis (UC) and ankylosing spondylitis (AS)
(Barrett et al., |2009, Franke et al., (2010, McGovern et al., [2010, Anderson et al., 2011},
Jostins et al., 2012, Evans et al., |2011). Another example, CD40 locus is associated
with susceptibility to RA, multiple sclerosis (MS) and IBD (Raychaudhuri et al., 2008,
Stahl et al., 2010, Bahlo et al., |2009, Jostins et al., |2012). This locus was identified as a
susceptibility locus to Kawasaki disease, a paediatric vasculitis autoimmune syndrome,
in Japanese and Han Chinese populations (Onouchi et al., 2012, Lee et al.,|2012). Most
of the GWAS have used European ancestry populations, however some trait associations
have been replicated in non-European populations. RA has been well studied prior to

GWAS, where the susceptibility locus in the MHC HLA-DRBI allele, presenting antigens
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including cyclic citrullinated peptide, is identified in approximately 70% of affected
patients (Gregersen et al., [1987). The association of HLA-DRBI allele to RA has been
replicated in not only European but also Japanese and Korean populations (Wellcome
Trust Case Control Consortium, 2007, Raychaudhuri et al., 2008}, Stahl et al., 2010, Kochi
et al., 2010, Freudenberg et al., 2011).

Challenges in GWAS

The genetic basis of common diseases, in terms of the relative impact of common and
rare variants, has been debated. Two different hypothesis have been proposed: common
disease, common variant (CDCV) and common disease, rare variant (CDRV) (Bodmer and
Bonilla, 2008} Schork et al.,[2009). The CDCV hypothesis has been a premise of GWAS as
common variants have been used as genetic markers to identify haplotypes responsible
for disease susceptibility. GWAS are predicated on the hypothesis that disease associated
alleles are frequent in a population. The deleterious effect caused by individual common
variants would thus be very small. On the other hand, the CDRV hypothesis suggests
that rare variants could be highly deleterious and occur through a higher mutation rate
(Pritchard, |2001). SNPs with MAF<5% have continued to be reported since the phase 3
HapMap and the 1000 Genomes Projects. Although rare variants may have a larger effect
size than common variants, a much larger population size may be required for genetic
studies to have enough statistical power to detect these variants (Burton et al., 2009). The
model of rare and common variants that contribute disease susceptibility is summarised

in Figure[1.2|(McCarthy et al.,[2008, Manolio et al.,[2009).

Figure 1.2: Model of contribution of disease associated variants to phenotypes. Adapted by
permission from Macmillan Publishers Lts: Nature, Manolio et al.,|2009, copyright 2009.
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Common SNPs are often a subject of GWAS and the effect size of SNP alleles
discovered is normally modest. The exception is found in the MHC regions. Genetic
variants in the MHC regions tend to have a larger effect size because many immune-
related genes are encoded in this gene dense region. Outside of the MHC regions,
many SNPs with disease association are located in non-coding gene deserts which makes
functional characterisation difficult. One of the few successful GWAS associations to be
functionally characterised was that of the LDL level and a regulatory SNP that modifies
hepatic expression of SORT1 (Musunuru et al.,|2010). SNPs identified by GWAS may have
a role in the function of disease mechanism, but may also just be a marker to tag the
regulatory sequence that is involved in a functional mechanism.

Findings from family-based linkage and genome-wide analysis of traits do not explain
all heritability. This shows the complex aetiology of common disease. As mentioned above,
common SNPs show modest effect size and the proportion of heritability explained by
identified loci is relatively small (Figure[1.2}, Manolio et al.,[2009). The reasons for missing
heritability not being detected in current study settings may be speculated about in
several ways. Rare variants are difficult to detect due to a limited sample size and are
likely to have a larger effect size. Meta-analysis, combining several cohorts for a same
phenotype, is one way to overcome a sample size issue. A large scale whole genome
sequencing in a population level also helps to provide detailed reference panels of
genomic variation, which is described in the following section. Most GWAS have used
SNPs. Structural variants including CNVs, insertions and deletions (Indels), VNTRs are
now used as alternative genetic markers. However, the effect size and frequency of these
markers are similarly inversely correlated, as with SNPs. For example, rare microdeletions
and micrpduplications can explain large effect sizes in psychiatric diseases, autism and
schizophrenia (effect sizes of 15-100, Weiss et al.,|2008, Stefansson et al.,|2008). In contrast,
common structural variants with associations to phenotypes have much smaller effect
sizes. A CNP (MAF>1-5%) which was associated with susceptibility to Crohn’s disease
has an effect size of 1.5 (McCarroll et al., 2008). Non-DNA sequence modification in the
genome, known as epigenetics, is another target for searching missing heritability. This is
described in the following section.

The aetiology of common diseases includes not only genetic but also environmental
factors as mentioned previously (Hunter, 2005). Non-genetic factors have been known to
affect disease susceptibility. One of the most recognised factors is diet which affects risk of

many diseases including obesity, diabetes and heart disease by changing cholesterol levels,
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body fat mass and other disease associated elements. A study model which takes non-
genetic factors into account in a genetic association study has been considered (Thomas,
2010). However there are challenges; environmental factors are difficult to quantify
because of their multidimensionality. For example, air pollution has mixed chemical
substances which make measurement of effects by each substance difficult.

Missing heritability of common diseases may not only be explained by DNA sequences.
Different approaches to identify functional interpretation of genetic variants have been

developed in parallel to GWAS.

Gene expression and epigenetics

Many genetic susceptibility loci for complex diseases have been identified in non-coding
regions. Approximately 3% of disease- or trait- associated variants are in non-synonymous
coding variants whereas the majority of GWAS mapped loci are located in non-coding
genomic regions (40% intronic and >54% intergenic, Hindorff et al., 2009, Freedman
et al.,2011). Variants in non-coding regions are often technically difficult to functionally
characterise, however this is important in order to understand which genes are being
modulated and the mechanisms of action in diseases.

DNA variants in non-coding regions may be involved in modulation of gene expression
in several ways. For example, the variants may be involved by changing the binding
affinity for specific transcription factors, altering susceptibility to DNA methylation,
causing variation in DNase I hypersensitivity sites or leading to the modification of
chromatin structure (Kerkel et al., |2008, Schalkwyk et al., 2010, Thurman et al., 2012,
Neph et al., 2012). Following GWAS, functional approaches have been emerging in
an effort to characterise genetic variation. Such approaches include mapping genetic
determinants of gene expression by treating gene expression as a quantitative trait.
This section reviews several functional approaches to explore the link between genetic

variation and gene expression, and the effect on phenotypes.

Expression quantitative trait loci mapping

Heritability of gene expression at a genome-wide scale has been observed across different
tissues and among populations (Goring et al.,|2007, Spielman et al.,|2007, Emilsson et al.,
2008, Price et al.,|2011). This evidence encourages the investigation of the association of

genetic variation to gene expression on a genome wide scale.
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Expression quantitative trait loci (eQTL) mapping is an approach that identifies
genetic signals influencing gene expression locally in cis (intrachromosomal) and at
a distance in trans (which may be interchromosomal). The genetic markers and gene
expression are typically measured in hundreds of individuals from a given population
with the same genetic background. An eQTL explains the fraction of the genetic effect
on gene expression which is treated as a quantitative phenotype. Initial studies in
model organisms have constructed a framework for eQTL mapping, predominantly using
yeast and the fruit fly (Brem et al., 2002, Jin et al., 2001). Studies using recombinant
inbred model organisms in yeast and rats have also demonstrated heritability and tissue
specificity of gene expression (Schadt et al., 2003, Hubner et al., 2005, Petretto et al.,
2006). Linkage analysis in these studies has determined that the heritability of gene
expression is relatively similar across tissues but it does not explain all variation of gene
expression (Hubner et al., 2005, Petretto et al., 2006, Price et al.,|2011). The effect size of
each genetic variant is relatively small thus genetic control of gene expression is likely
be polygenic. Initial eQTL mapping in humans has taken advantage of the HapMap
populations because of their defined population stratification, the availability of genetic
variant data, and the gene expression profiles obtained from lymphoblastoid cell lines
(Cheunget al.,|2003, Monks et al., 2004, Morley et al.,|2004, Stranger et al.,[2007a, Veyrieras
et al., |2008). The power of these initial studies was relatively small as the population

sample size was less than 60.

cis and trans

The physical distance between genetic variants and a gene (typically a transcription start
site or probe location) defines cis and trans eQTL. Local eQTL are likely cis acting and
distant eQTL are likely trans acting, however distance alone cannot define a mechanism.
A cis interaction is a genetic variant found close to the regulated gene (Figure[I.3]A). Cis
eQTL are enriched near transcription start site (TSS), in regulatory sequences including
promoters and enhancers (Gaffney et al., 2012). Both using model organisms and in
human studies, cis eQTL have been more readily detectable than trans eQTL (Petretto
et al.,|2006).

Comparison of eQTL between tissue types or populations finds that cis eQTL are
shared more than trans associations (Price et al., 2011, Stranger et al.,2012). The effect
size of cis eQTL is often larger than that of trans eQTL, which may be why detection of

trans eQTL is difficult (Petretto et al.,|2006). Larger sample sizes may help to detect trans
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eQTL with a small effect which may otherwise be hidden as noise in small cohorts. Not all
detected eQTL explain variation of gene expression, thus many undetectable eQTL with
small effect sizes are likely present but cannot be found due to sample size, the number of
genetic variants tested and tissue heterogeneity.

A trans association is found at a greater distance to the regulated gene, or on a
different chromosome entirely (Figure[1.3]B). One explanation for trans eQTL is that a local
association of a gene involved with transcription regulation such as a transcription factor
may modulate gene expression of a network of genes including on different chromosomes.

Detection of trans eQTL is more difficult than cis eQTL because of the more modest
effect size of trans eQTL, and the heterogeneous gene expression profile of tissues. Trans
eQTL may also only appear when cells are activated by environmental stimuli according
to their cellular functions (Smirnov et al., 2009} Gaffney, 2013).

A trans eQTL that has an association with multiple genes may be proposed as a master
regulatory locus (Figure [I.3[C). The KLF14 locus (rs4731702), which is also associated to
metabolic phenotypes, is associated with hundreds of genes expressed in adipose tissues
(Small et al.,2011). KLF14 encodes a family of transcription activators and repressors, and
this trans master regulatory eQTL has been identified in two independent cohorts (Small

etal.,|2011).

Genetic markers for eQTL mapping

SNPs are commonly used as genetic markers for eQTL mapping in a similar manner to
GWAS. Tagging SNPs can be used to locate primary eQTL signals. Imputation of SNPs in
strong LD to the associated variants may enable fine mapping of eQTL signals and permit
combining genotyping data from different platforms. However, the chance of finding new
eQTL signals by imputation is low because tagging SNPs used for genotyping represent
most of common haplotypes. Common SNPs (MAF>5%) have been used for the majority
of eQTL analyses due to the small sample sizes involved in order to avoid detection of
false positives. CNVs were shown to associate with variation of gene expression (Stranger
et al.,2007b).The eQTL signals detected from SNPs and CNVs in the study overlap little,
suggesting that different mechanisms may cause genetic variation in gene expression.
Polymorphic microsatellites have also been used to map cis eQTL in association with

genes with high heritability (Goring et al.,[2007).
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Figure 1.3: Diagram of cis and trans eQTL associations. A. cis eQTL showing association with
different alleles found close to a gene transcription start site (TSS). B. trans eQTL association
found distally from a gene TSS. C. trans master regulatory locus shown distal association to

multiple genes.
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LCLs for eQTL analysis

Many eQTL mapping studies have used accessible tissues, mainly from circulating blood
cells. Lymphoblastoid cell lines (LCLs) immortalised with Eprtein-Barr virus (EBV) were
initially widely used for eQTL mapping in humans due to the large established cell
collections from diverse populations, ease of culture and monogeneity together with the
availability of genotyping data. LCLs can be informative for gene expression of the B-cell
lineage and shared eQTL between LCLs and primary tissues have been found (Bullaughey
et al.,|2009). Many eQTL are also found across all the cell and tissue types that have been
tested, highlighting the value of LCLs.

However, some studies have demonstrated that cell lines are not reliable for eQTL
mapping. In vitro stimulation of LCLs results in various responses in gene expression
because of non-genetic confounders including EBV load and the cell growth rate,
which decrease the power to detect true associations between genetic variants and gene
expression (Choy et al., |2008). Immortalisation by EBV leads to modification of some
innate gene expression profiles (Caliskan et al., 2011). Established LCLs are latently
infected and immortally replicate due to prevention of apoptosis by viral proteins
(Gregory et al., 1991). Even though the magnitude of gene expression modification of
B-lymphocyte by EBV transformation is limited, EBV has been demonstrated to utilise
host MHC class II genes as cofactors (Caliskan et al., 2011, Li et al.,|1997). Therefore, the
extreme monoclonality of cell lines has been shown to be unreliable for allelic specific
expression analysis (Plagnol et al., [2008). This evidence implies that studies on LCLs,
especially in immune related fields, may not be able to detect many associations with

genetic variation.

Cell type specificity in eQTL

eQTL mapping in humans has been conducted using primary tissues and single cell types
including whole blood, monocytes, lymphocytes, adipose tissues, osteoblasts, skin, liver,
and brain cortex (Fehrmann et al.,|2011}, Goring et al.,[2007, Murphy et al., 2010}, Emilsson
et al., 2008, Grundberg et al., 2009, Small et al., 2011, Schadt et al., 2008, Innocenti
et al., 2011}, Myers et al., 2007, Heinzen et al., 2008). Some studies have used multiple
tissues from same individuals to map eQTL in a tissue specific manner (Dimas et al.,
2009, Bullaughey et al., |2009, Price et al., 2011}, Grundberg et al., 2012, Fu et al., 2012,

Nica et al.,[2011). Sample sizes are generally small due to sample availability. However,
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power of these studies may be higher than GWAS because they analyse traits (transcripts)
mechanistically closer to genotype than whole organism disease traits.

Tissue or cell specific eQTL have been mapped by comparing eQTL data between
different tissue or cell types. A model organism study using rat tissues showed a small
proportion of tissue specific eQTL (15%, Hubner et al., 2005)). Tissues heterogeneously
consist of many different cell types. Therefore, eQTL analyses using tissues have difficulty
to find gene expression unique to a single cell type. The purity of cell fractions may also be
essential to detect true eQTL associations. A study comparing three human tissue types,
fibroblasts, LCLs and T cells, used samples higher purity than tissues and reported that
up to 78% of eQTL was tissue specific (Dimas et al., [2009). However, gene expression
on LCLs cannot avoid modification by immobilisation as described above. The study
of cell differentiation from stem cells to erythroid and myeloid cell lineages has shown
the largest number of cell type specific eQTL associations compared to shared eQTL,
suggesting dynamic change in gene expression may be associated with tissue independent
eQTL (Gerrits et al., 2009). Tissue specific eQTL analysis in a large scale is relatively
new and statistical frameworks may be still under development. Taking into account
differential gene expression in different cell types, identification of cell type specific eQTL

is important to associate with common diseases where tissues are locally affected tissues.

Non-genetic influences on eQTL

The influence of environmental factors make the replication of eQTL mapping results
difficult. An eQTL study investigating expression of leukocytes from a Moroccan population
living in three different environments, in a city, a mountain and a desert, has estimated
that >30% of the variance of a particular transcript can be explained by environmental
effect (Idaghdour et al.,|2010). eQTL mapping in LCLs exposed to radiation found that
more genes associating in trans remained significant (13%) after stimulation compared
to genes associating in cis (less than 1%, Smirnov et al.,2009). Appropriate measurement

and control of environmental factors may be required to identify all eQTL.

eQTL and disease associated loci

One anticipated result of eQTL mapping studies is the assignment of functions to genetic
variants and a greater understanding of the mechanism underlying susceptibility to
common disease (Cookson et al., [2009). Annotation of GWAS associated variants with

eQTL revealed that trait-associated SNPs are likely to also be eQTL (Nica et al., 2010,
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Nicolae et al., [2010). eQTL mapping in disease cohorts has been conducted in an effort
to identify eQTL signals related to disease susceptibility, including studies in asthma and
obesity (Dixon et al., 2007, Emilsson et al., 2008). Investigating tissues which are directly
involved in disease mechanisms may be essential to detect disease associated eQTL as
many regulatory variants are highly context specific in their actions. Tissue availability
may be limiting but in some cases tractable, for example, adipose and cutaneous tissues
are relatively available from individuals with metabolic disorders and psoriasis (Emilsson
et al., 2008, Fu et al., 2012, Ding et al.,|2010).

There are several cases where disease associated alleles have been shown to associate
with gene expression. The functional demonstration for the asthma associated locus of
a cis eQTL involving ORMDL3 showed that the increased expression of ORMDL3 is
associated with induction of inflammation by altering Ca* levels within the endoplasmic
reticulum and protein folding (Moffatt et al.,2007, Ferreira et al., 2011, Wan et al., 2012,
Cantero-Recasens et al., [2010). High levels of LDL cholesterol are associated with the
risk of myocardial infarction (MI). A liver tissue specific cis eQTL to SORTI found on
the risk allele for MI and LDL cholesterol level has shown that an allelic change in
the transcription factor binding site (TFBS) in the promoter of SORTI causes hepatic
expression differences (Musunuru et al.,|2010). SORT1 encodes Sortilin 1, a protein that
helps to degrade very low cholesterol lipoprotein (VLDL) before hepatic VLDL secretion.

Following these successful investigations, eQTL analysis was applied to other GWAS
including psoriasis, T2D, and schizophrenia (Ding et al., 2010, Zhong et al., 2010, Jong
et al.,|2012). Risk alleles for common disease are found in many cases to be eQTL, altering
levels and timing of gene expression rather than changing protein functions as seen in

Mendelian diseases.

Summary

eQTL mapping has become a common tool to determine the regulatory function of genetic
variants. GWAS alleles overlapping with cis eQTL are often enriched in regulatory DNA
sequences and are thus relatively easy to associate with gene function. It is often difficult
to predict a functional mechanism for the association of trans eQTL to GWAS loci.
Environmental factors may need to be included in study designs to assess eQTL more

accurately or sensitively, especially in the search for trans eQTL.
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Epigenetics

The study of epigenetics, which focuses on modification to DNA structure rather than
DNA sequence, has shown that chromatin state and DNA methylation are affected by
genetic variation. The term ”epigenetics” was invented by C.H. Waddington to describe
the mechanism of the DNA modifications which is heritable through programmed
changes in differentiated cell types (Waddington,|1942). Therefore, developmental biology
has been focusing on epigenetics in order to investigate cell fate during cell division.
Epigenetic changes are also involved in disease, including both monogenic and common
diseases (Feinberg, |2007). For example, the epigenetics of cancer has been studied well;
tumour cells are often distinguishable based on dysregulated methylation compared to
normal cells. The frequency of epigenetic changes are shown to be associated with genetic

variation. This section describes how genetic variation influence epigenetic changes.

Regulatory genetic variants

Gene transcription is mainly driven by cis-regulatory sequences, gene promoters, enhancers
and insulators. As eQTL analysis has determined, modification of these DNA sequences
often results in a change to gene expression. Gene transcription is mainly governed by
RNA polymerase II and its co-factors which together form a large molecular complex.
Genetic variation in gene regulatory elements often modulates the accessibility of proteins
involved in transcription. TFBS often have conserved DNA binding motifs and can be
computationally predicted (Sandelin et al.,|2004, Tompa et al.,[2005).

The in vivo interaction of proteins and DNA sequences can be determined by
chromatin immunoprecipitation (ChIP)(Solomon et al., |1988). The technique is limited
by the quality of the antibody that is used for protein detection and the large quantity of
DNA required to carry out only immunoprecipitation for a rare transcription factor (TF)
with relatively few DNA binding sites.

Determination of TF binding to a regulatory sequence and how this is modulated by
genetic variants through ChIP experiments can help to understand the effect of genetic
variants in gene regulation. Maynard and colleagues describe a method to detect allelic
imbalance of protein-DNA interactions using heterozygous SNPs as markers at a genome-
wide scale (Maynard et al.,2008). Their method determines the heterogeneity of a protein
binding to genetic variants using a comparison of SNP genotyping for genomic and ChIP
output DNA. ChIP output can be further examined by WGS, called ChIP-seq (Park, 2009).

ChIP-seq can be used to detect not only DNA-protein interactions but also the allelic
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specificity of the interaction (Mikkelsen et al., 2007, Zheng et al.,|2010, Kasowski et al.,
2010}, Reddy et al.,|2012). McDaniell and colleagues have shown that chromatin signatures
vary by 10% between individuals and are heritable using DNasel sensitivity mapping and

ChIP-seq for CTCEF, a transcriptional and chromatin regulator (McDaniell et al., 2010).

Histone modification

Chromatin structure defines regulation of gene expression (Li et al.,2007). The accessibility
of proteins including TFs to DNA regulatory sequences, such as promoters and enhancers,
is essential for initiation of gene transcription, which was initially shown by a DNasel
hypersensitive site assay (Scott and Wigmore, 1978} Keene et al., 1981). N-terminal tails
of histone proteins are also subject to epigenetic modification including methylation and
acetylation (Strahl and Allis, [2000, Nightingale et al.,2006).

Investigation of chromatin signatures at a genome-wide scale using ChIP-seq and
DNase-seq, a combined technique of DNasel hypersensitivity assay and WGS, revealed
their plasticity and cell type specificity (Thurman et al.,[2012). Loss of histone modifications
in tumour cells has been observed as global modification of cells during tumourgenesis,
suggesting disruption of normal gene expression (Esteller,2007). Allele specific chromatin
signatures were demonstrated using DNase-seq and CTCF ChIP-seq with LCL trios, of
which about 10% of the active chromatin were individual or allele-specific (McDaniell

et al.,|2010). This study also showed heritability of chromatin states.

DNA methylation

DNA methylation is frequently involved in silencing gene transcription by preventing
binding of TFs or leading to formation of heterochromatin (Bird, 2002). Genetic variants
on regulatory DNA sequences may modify the susceptibility to DNA methylation. Allele-
specific DNA methylation is created by SNPs and leads to allele-specific mRNA expression
(Kerkel et al., 2008). Inter-individual differences in DNA methylation have been shown
by methylation QTL mapping in human brain tissues and are directly associated with
gene expression (Zhang et al., [2010). Heritability of DNA methylation patterns has
been demonstrated in mouse models which determined differential allele-specificity and
showed that the pattern is important for genetic imprinting and gene regulation (Xie et al.,
2012} Schilling et al.,|2009).

DNA methylation is shown to be involved in disease susceptibility. Allele-specific

mRNA expression in VNNI and CYP2A7 implies to associate with smoking behaviour
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and cholesterol levels respectively (Thorgeirsson et al., 2010, Tobacco and Consortium,
2010, Kumasaka et al., |2012} Schadt et al., |2005, Goring et al., 2007)). Tumour cells are
characterised by both global and gene specific hypomethylation and hypermethylation,
which causes the silencing of tumour suppressor genes and activation of oncogenes,
leading to higher frequency of tumour progression (Feinberg et al., 2006). A high
frequency of promoter hypermethylation of the tumour suppressor gene BRCA1 is shown
to associate with breast carcinoma due to the suppression of BRCAI gene expression
(Esteller et al.,2000). Some types of cancer risk may be associated with genetic variants
which create or disrupt methylation sites in regulatory regions of tumour suppressor

genes and oncogenes.

Post-transcriptional regulation

Recent evidence suggests that post-transcriptional regulation is influenced by genetic
variation.

Alternative splicing, where different patterns of splicing occur within the same gene,
is commonly observed (Modrek et al.,[2001, Johnson et al.,2003). Additionally, alternative
splicing has been commonly observed with tissue specificity (Wang et al.,|2008). Splicing
occurs nonrandomly and is an heritable event involved in post-transcriptional regulation
(Kwan et al., [2007). Splicing QTL (sQTL) mapping analyses the association of genetic
variants and gene expression levels at an isoform level which is measured by an exon
tiling array or RNA-seq (Kwan et al., 2008, Lalonde et al., |2011). The assumption of
sQTL mapping analysis is that alternative splicing events are modulated by splicing SNP
variants by creating splicing junctions and/or modifying binding of a splicing complex.
These studies have shown that alternative splicing of isoforms is associated with genetic
variants. RNA-seq can quantify the types of isoforms being expressed as well as gene
expression levels, therefore the technique can help to detect sQTL associations (Lalonde
et al., |2011, Majewski and Pastinen, 2011). sQTL may be functionally explained by
proteins involved in splicing (trans association), regulatory motifs in cis, and different
TSS.

The mechanism of gene expression inhibition by microRNAs (miRNAs) has been
demonstrated to involve miRNAs targeting the 3’'UTR on mRNA and facilitating instability
of mRNA leading to decay through binding (Winter et al., 2009, Chen and Rajewsky,
2007). miRNA has been implicated in many human diseases especially cancer (Sethupathy

and Collins, 2008, Calin and Croce, |2006). Aberrant expression of miRNA in tumour
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cells has been shown (Iorio et al., |2005, Volinia et al., |2006). Genetic variants in the
3’UTR as well as the miRNA coding sequence can potentially modulate mRNA decay rate
or stability. eQTL analysis using miRNA expression levels has determined that genetic
variants are associated with miRNA expression in cis and trans (Borel et al.,2011). eQTL
analysis in human adipose tissue has shown that miRNA expression levels were associated
with genetic variants in cis but no negative correlation was found between miRNA and its
target mRNA level at a genome-wide scale (Parts et al., 2012). A study that measured
mRNA decay rates in LCLs has shown that 10% of the genes tested were significantly
associated with genetic variants (Pai et al., 2012). The mechanism by which miRNA

regulates gene transcripts remains unclear.

The ENCODE project

The ENCyclopaedia Of DNA Elements (ENCODE) project systematically catalogued
the functional annotation of non-coding DNA elements at a genome-wide scale using
distinct TFs and diverse human cell lines (Birney et al., 2007, The ENCODE Project
Consortium; Dunham et al., 2012). The study used more than 300 types of cell lines,
primary cells and tissues in order to cover diverse profiles of gene expression. These
are classified into three tiers; Tier 1 includes the highest priority set consisting of three
cell lines, K562 erythroleukaemia cells, GM12878 LCL and H1 embryonic stem cell
(H1 hESC) line. Tier 2 includes the second priority set consisting of HeLa-S3 cervical
carcinoma cells, HepG2 hepatoblastoma cells and primary (non-transformed) human
umbilical vein endothelial cells (HUVECs) and 12 additional cell types. Tier 3 includes
338 other types. The project gives an insight into the function of non-coding regions
which may be involved in the modulation of gene expression by changing the binding
affinity for specific TFs, susceptibility to DNA methylation, DNasel hypersensitive sites,
modification of chromatin structure, and non-coding RNA (Thurman et al., 2012, Neph
et al., 2012, Djebali et al., 2012, Gerstein et al., 2012, Sanyal et al., |2012). The ChIP-seq
experiments for the ENCODE project used 12 histones and 189 TFs (The ENCODE Project
Consortium; Dunham et al., |2012). The coverage of the genome sequence reached 80%
which was covered by at least one experiment. Their conservative assessment showed
8.5% of the genome sequence was covered by either a TFBS motif (4.6%) or a DNase
hypersensitive site (5.7%). The extensive data obtained from the ENCODE project may
help assign functions to disease associated loci, although the study cautiously advised

that the data may be skewed by the limited number of cell types and TFs used.
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Summary

Regulation of gene expression is heritable and influenced by genetic variants, especially
involving regulatory elements. eQTL and epigenetic analysis at a genome-wide scale
aims to assign regulatory functions to these genetic variants. Genetic variants that
associate with gene expression are likely to overlap with disease associated variants. This
evidence may contribute to greater understanding of the mechanism of common disease

susceptibility.

Common disease, immunity and inflammation

Inflammation and the immune response are key pathological processes underlying many
common diseases including diabetes, IBD, RA, MS, asthma, and cancer. This section
describes the biology of these responses to provide context for the subsequent work in this

thesis seeking to define genetic modulators of inflammation and the immune response.

Human immune system

The mammalian immune system has been developed to protect host organisms from
microbial and viral infection. It is classified into non-specific and specific components.
The non-specific component, innate immunity, is equipped with physical barriers, a
surveillance system involving circulating immune cells in the blood stream and an
antibody independent innate immune system associated with inflammation. The specific
component, adaptive immunity, is based on acquired immunity and is antibody dependent.
Both immune systems are tightly linked to each other to eliminate microbes and
viruses efficiently (Fearon and Locksley, 1996). Immune defects arising from non-
synonymous mutations in genes which are involved in the immune system have been

highly informative in defining the biology of the immune response.

Innate immune system

Activation of inflammation in the innate immune system is best characterised for
microbial infections (Medzhitov,[2007). The recognition of distinctive microbial structures,
pathogen associated molecular patterns (PAMPs), is mediated by pattern recognition
receptors (PRRs) that are expressed in innate immune cells, especially monocytes and

macrophages (Takeuchi and Akira,[2010).
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Toll-like receptors (TLRs) are well characterised PRRs of acute inflammation that are
expressed on the cell surface or endosomes of peripheral immune cells. For example,
TLR4 along with CD14 on monocytes recognises endotoxin lipopolysaccharide (LPS) from
Gram-negative bacteria and rapidly induces a signal transduction network to activate
an inflammatory response (Kumar et al., 2009, Wright et al., 1990). TLR4 mutations
in humans and mice are associated with endotoxin hyporesponsiveness and failure to
activate the signalling pathways (Arbour et al., 2000, Poltorak et al.,|1998)), indicating that
TLR4 is an essential receptor of LPS to activate the innate immune system.

Another PRR family, NOD-like receptors (NLRs), intracellularly recognise bacterial
peptideglycan and activate downstream signalling pathways to produce the pro-inflammatory
cytokine IL1p (Chen et al., 2009). This signalling pathway activates an inflammasome,
a protein complex consisting of caspase 1 and NALP to promote maturation of IL1p
(Rathinam et al., 2012). Susceptibility to Crohn’s disease is associated with NOD2
mutations (Ogura et al.,2001a, Hugot et al.,2001). Studies in mice have shown that NOD2
expression in the intestine is essential to recognise bacterial infection and to regulate the
adaptive immunity (Kobayashi et al.,[2005)

These PRRs are vital to activate downstream signalling pathways that are involved
in production of the pro-inflammatory cytokines and chemokines, and in antigen-

presentation to lymphocytes resulting in antibody production.

Adaptive immune system

Adaptive immunity is acquired after birth, based on the history of microbial infection.
Antibody production is triggered by the innate immune system which recognises microbial
antigens and presents them to lymphocytes. This immunological memory is to prevent
further infection by the same pathogens. The system is highly adaptable because of
hypermutation in the genetic loci which govern production of antibodies. B-cells, a
type of lymphocyte, are vital to the adaptive immune system because they differentiate
into different types of B-cells and recognise the antigens of invaders presented by
antigen presenting cells (APCs) then produce antibodies. APCs largely express major
histocompatibility complex (MHC) class II molecules to present antigens to T cells and

B-cells.
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Major histocompatibility complex

The MHC region in mammals encodes many genes essential for the immune system
and has been investigated for susceptibility to autoimmune and infectious diseases
(Trowsdale,2011). The MHC region was initially studied in inbred mice when investigating
immune tolerance and rejection in tissue grafting and transplantation (Klein, 1986). A
genetic linkage study in inbred mice demonstrated that the histocompatibility-2 locus
determined susceptibility or resistance to tumour transplant (Snell and Higgins,1951). In
humans, the MHC molecules were discovered to be expressed on the surface of leukocytes
(Payne and Rolfs, 1958, Bodmer, (1972). Human leukocyte antigen (HLA) genes within
the MHC are classified by their roles in immune responses. The major role of molecules
encoded by these genes is antigen presentation in leukocytes and transmits information

of infectious agents into T cells.

MHC encoded molecules

HLA corresponding to the MHC class I and II genes encodes protein receptors with
distinctive roles in the immune systems in different cell types; the class I genes are
expressed in most nucleated cells and the class II genes are expressed in professional
immune cells including monocytes and dendritic cells (DCs) to form heterodimeric
protein receptors. These two classes are encoded in genes clusters on chromosome 6p21
(class I; telomeric, class II; centromeric, Figure [1.4). Genes on the clusters are often
co-expressed because they form dimers or complexes in order to function properly
(Horton et al., |2004). The classical class I genes include HLA-A, -B and -C, which
encode hyperpolymorphic polypeptide chains to present intracellular antigens to CD8™
T cytotoxic cells (Bjorkman et al., 1987). Activation of CD8" cytotoxic T cells is only
triggered where the class I molecules on the surface of APCs present peptides derived
from foreign proteins such as viral proteins.

The classical class II genes include HLA-DP, -DQ and -DR. These are expressed on
the surface of APCs to present exogenous antigens to CD4" helper T cells (Jones et al.,
2006).The activation of CD4" helper T cells leads to acquired immunity through several
stages of differentiation of helper T cells to effector, memory and regulatory T cells. The
non-classical class II genes, HLA-DM and -DO, are less variable in sequence compared to
the classical genes. They are expressed in the cytosol to form heterotetrameric complexes
and are involved in antigen processing and loading onto the classical class II molecules

(Alfonso and Karlsson, [2000)).
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The MHC class III genes are encoded in the region between the class I and II gene
clusters (Carroll et al., |1984). The gene products include complement proteins (C2, C4
and factor B) and inflammatory cytokines such as tumour necrosis factor (TNF) family,

lymphotoxin a and S, together with heat shock proteins and other immune mediators.

Genomic structure of the human MHC

The MHC region in humans is highly polymorphic due to somatic recombination to adapt
to numerous microbial infections present in human populations. One of the first physical
maps of the human MHC was constructed based on DNA cloning and sequence data
from research studies by Campbell and Trowsdale in 1993, which included class I, II
and III genes (Campbell and Trowsdale, [1993). In 1999, the complete sequencing of the
human MHC showed that the region is 3.6Mbp long and encodes 224 genes including
the extended MHC class I and II genes (Consortium, 1999, reviewed in Horton et al.,
2004, Figure[1.4). The study also showed that the region has complex haplotypes and high
density of genes. The association of the MHC with susceptibility to autoimmune diseases
was shown first by serological typing in the 1970s and confirmed by GWAS including the
WTCCC (Crohn’s disease; Kobayashi et al., (1990, T1D; Cudworth and Woodrow, 1975,
and RA; Stastny, 1978, Wellcome Trust Case Control Consortium, [2007). The extreme
polymorphism of the MHC region makes GWAS challenging because it is difficult to
identify true causal variants for disease phenotypes. To facilitate this, haplotypic analyses
of the MHC were conducted to map LD structure and to construct reference haplotype
sequences using direct sequencing in HLA homozygous cell lines (Miretti et al., 2005,
Bakker et al.,|2006, Horton et al.,2008). The results of these studies provided a resource

to help with the identification of loci associated with common diseases.

MHC associated diseases

The MHC is associated with many autoimmune and infectious diseases and some disease
susceptibility loci are shared by several diseases (Horton et al., 2004}, Trowsdale, 2011).
For example, class I genes HLA-A and -B are associated with AS, T1D, celiac disease,
psoriasis, MS and HIV (Brewerton et al., 1973, Nejentsev et al., 2007, Stokes et al.,|1972,
Nair et al., 2006, Jersild et al., |1973, Carrington et al., [1999). The viral load of HIV
infection is associated with HLA class I alleles; antiviral cytotoxic T cells with specific
alleles fail to recognise viral peptides presented by infected cells (Moore et al., 2002).
On the other hand, restriction of HIV replication is highly associated with HLA-B*5701
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Figure 1.4: Genes encoded in the human MHC. Reproduced from Knight, |2009, Human Genetic
Diversity: Functional Consequences of Health and Disease, page 310, by permission of Oxford
University Press.

because CD8"* T cells with HLA-B*57 specifically respond to the HIV derived peptide
(Migueles et al.,2000). The class IT loci, HLA-DR and -DQ are associated with autoimmune
diseases including RA, celiac disease, MS, T1D and IBD (Stastny, 1978, Sollid et al., (1989,
Bugawan et al., 1989, Kolstad et al., 1989, Todd et al., 1987, Kobayashi et al., [1990).
The class III genes, C2 and C4 complements, are associated with susceptibility to SLE
(Rahman and Isenberg,|2008). Functional mechanisms of these associations have yet to be
fully understood. However, further understanding of the MHC region by sequencing and

haplotypic analysis may help discovery of new loci associated with common diseases.

Inﬂammatory response
The role of inflammation in normal immune response

Inflammation is a physical response to a cellular insult, most commonly in the form of
infection. Inflammation is triggered where tissue is damaged by infection, autoimmunity
or physical injury. The classic inflammatory response is defined as a defence to protect the

body from infected and/or damaged tissues in an acute manner (Medzhitov, |[2008).
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Inflammatory pathway

The inflammatory response can be dissected into 3 parts (inducers, sensors and mediators)
in order to understand types of inflammatory response (Medzhitov, 2008). Exogenous
inducers are typically derived from microbial (PAMPs, such as LPS, peptidogylcan) or
non-microbial (e.g. allergens, irritants) sources. Endogenous inducers are less well defined
but are produced by signals from damaged or stressed, necrotic tissues which release
cellular constituents such as ATP and potassium ion efflux. A gene product of NALP3
responds to both exo- and endogenous inducers which include pore-forming exotoxin
from Gram-positive bacteria and ATP released by disruption of the plasma membrane.
The protein then activates the inflammasome, a cytosolic protein complex, to produce the
pro-inflammatory cytokines IL-18 and IL-18 (Mariathasan et al.,|2006).

Sensors, mainly PRRs, recognise inducers and activate the production of mediators
such as the pro-inflammatory cytokines TNFa, IL6 and IL1p (Nathan, 2002). Acute
inflammation, including local vasodilation of the blood endothelial cells, is initiated by
these inflammatory mediators for extravasation of neutrophils. Inducing inflammation in
the affected tissues by pro-inflammatory mediators alters the functionality of the tissues
and downstream signalling pathways. Leukocytes are then recruited into the inflamed
tissue. Inflamed tissue may recover to a normal state, or may undergo apoptosis in order

to maintain tissue homeostasis.

Resolution of inflammation

Resolution of inflammation is often more important than the initiation of inflammation
because unresolved inflammation may lead to tissue damage and disrupt tissue homeostasis
(Serhan and Savill, 2005). The inflammatory response is a tightly regulated mechanism
since overproduction of pro-inflammatory cytokines would cause tissue damage and a
pathological state where sepsis, autoimmune disorders, chronic inflammation or cancer
can occur in the absence of infection (Nathan and Ding, 2010). The fine balance between
triggering and resolving inflammation is therefore an important mechanism for our
survival. Once inflammation has ceased, activated macrophages clear invading agents and
the infiltrated neutrophils in the inflamed tissue. Anti-inflammatory cytokines such as

TGFp and IL10 are produced and tissue repair is facilitated by macrophages.
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Macrophages during inflammation

Leukocytes circulate in the peripheral blood stream normally for surveillance, and
migrate to the site of inflammation once sensors transmit signals of infection via
mediators. Neutrophil granulocytes are one of the first responders of acute inflammation

to migrate into the site of inflammation. Residential and circulating monocytes are
attracted to the peripheral site by pro-inflammatory stimuli and then migrate transendothelially,
where they differentiate into macrophages or myeloid DCs (Ingersoll et al., 2011).

Monocytes have a heterogeneous cell lineage and take active roles in both innate
and adaptive immunities. They are involved in the initiation of acute inflammation,
clearance of pathogens and dead cells, tissue repair, and initiation of antibody based
immune responses. The heterogeneous population of mature monocytes constitute 5-
10% of peripheral mononuclear blood cells (PBMCs). The subsets of monocytes are
typically classified by their expression of particular cluster of differentiation (CD)
markers, CD14 and CD16 (Passlick et al., |1989). Mouse models together with in vitro
and in vivo studies have attempted to determine monocyte differentiation but it is
difficult due to the heterogeneity of the monocyte population (Geissmann et al., 2010).
Classical monocytes (CD14**CD16~ also expressing chemokine receptor 2 (CCR2))
typically migrate into inflamed tissues. CD14*CD16" monocytes have features that
resemble tissue macrophages (Ziegler-Heitbrock et al., 1993). Monocytes expressing
CD16" have been shown to preferentially become DCs (Randolph et al.,|2002).

Inflammatory macrophages have pleiotropic roles during acute inflammation. They
sense non-self through PRRs, express chemotaxis and pro-inflammatory cytokines, become
phagocytes to clear invading agents and cellular debris, repair damaged tissues, and
present antigens as APCs with the expression of the MHC class II molecules to transmit
the antigen information to T lymphocytes in order to activate the adaptive immunity
(Murray and Wynn, [2011)).

Macrophages reside in specific tissues as subpopulations such as osteoclasts (bone),
alveolar macrophages (lung), kupffer cells (liver), microglia (central nervous system,
CNS) and adipose tissue macrophages (adipose tissue) (Gordon and Taylor, 2005} Pollard,
2009). The role of these mature macrophages is to maintain tissue homeostasis and their
dysfunction has been associated with disease (Pollard,|2009, Murray and Wynn,|2011). For
example, adipose tissue macrophages which are altered tissue macrophage to classically
activated state and cause inflammation are involved in obesity and insulin resistance

in T2D (Olefsky and Glass, |2010). Tissue macrophages are involved in tumourigenesis
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(Grivennikov et al., |2010). While inflammatory macrophages activate tumour-killing
mechanisms, alternatively activated macrophages suppress such mechanisms and promote

tumour growth (Ruffell et al.,2012).

Nonresolving inflammation

Innate immunity underlies common diseases as a result of the pathological status of
inflammation. Normally anti-inflammatory molecules promote resolution of inflammation
after successful elimination of invading agents (Serhan and Savill, [2005). However,
nonresolving inflammation persists as chronic inflammation which is distinct from acute
inflammation. The mechanism of chronic inflammation, which appears in autoimmune
and chronic inflammatory diseases in the absence of inflammation inducers, is incompletely
understood compared to infection triggered inflammation. Restoration of homeostatic
status can be disrupted by many factors including dysregulation of pro-inflammatory
cytokines, persistent presence of self-antigens, abnormal proliferation of lymphocytes and
failure of tissue-repair response (Nathan and Ding, 2010). Switching the inflammatory
phenotype of macrophages to tissue repair or an anti-inflammatory state is shown to be

important in resolving inflammation (Arnold et al.,[2007).

Diseases caused by dysfunction of inflammation

In many common diseases, there is strong evidence that inflammation can contribute to
the disease phenotype. Persistent inflammation is observed in many autoimmune diseases.
Beyond inflammatory myeloid cells, some lymphocyte lineages have also been implicated
in regulation and inflammation of the innate immune response (Walker et al., 2013).
Nonresolving inflammation in the artery, which causes atherosclerosis, often results in
cardiac related death including either MI or coronary heart disease (CHD)(Ross, 1993).
Atherosclerosis development is associated with accumulation of LDL which is retained
by macrophages and other inflammatory cells, T cells and mast cells causing pro-
inflammatory phenotypes in artery (Tabas, 2010). RA is associated with production of pro-
inflammatory cytokines including IL-17 by Th17 (Treg), and production of autoantibodies
by B-cells (Choy, 2012). The pathogenesis of IBD, including Crohn’s disease and UC, is
associated with defective responses in both innate and adaptive immunity (Khor et al.,
2011} Geremia et al.,|2013). Chronic inflammation in the gut may result from defective
innate microbial recognition, autophagy, dysregulation of T cell response and T cell

differentiation (Ogura et al., [2001a, Glocker et al., 2009, Hsu et al., 2007, Rioux et al.,

34



1.3.4

Chapter 1

2007, McCarroll et al., 2008, Khor et al., 2011). T1D is characterised by autoimmune
mediated destruction of insulin producing f-cells in the pancreas and failure to produce
insulin (Bottazzo et al., 1985, Belle et al., 2011). T2D, on the other hand, develops
due to insulin resistance in the cells for glucose intake. The majority of T2D cases
are related with environmental factors such as obesity and diet. Recent studies in T2D
have started to understand the role of inflammation, observed as elevated levels of pro-
inflammatory cytokines, in circulating blood and adipose tissues (Donath and Shoelson,
2011). As mentioned previously inflammatory macrophages are involved in adipose tissue

inflammation.

B-cell involvement in inflammation

B-cells are vital for humoral immunity. B-cell involvement in autoimmune disease and
inflammation has been demonstrated not only in antibody production and antigen
presentation to T cells but also in inflammation suppression. Autoantibodies produced
by B-cells have often been predicted as a cause of pathogenic autoimmune responses
(Edwards et al.,[1999). Regulatory B-cells (B,,¢,) are a subset of B-cells which have shown
suppressive function on Thl differentiation and activation of macrophages during the
inflammatory response (Yang et al., 2013). Differentiation of B, is speculated to occur
via stimuli from activated CD4" T cells (Mauri, |2010). The association of inflammation
suppression by B, with autoimmune disease has been shown in mice models for RA,

diabetes and autoimmune encephalomyelitis (Yang et al.,2013).

Genetic determinant of inflammation

How our genetic makeup may influence inflammation remains unclear. Many multifactorial
diseases share inflammatory and autoimmune features (Cho and Gregersen, 2011).
Adaptive immunity has been the focus of research in autoimmune diseases, however,
recent studies have shown that innate immunity is also involved in disease development.
The evidence for macrophage involvement in autoimmune disease is a good example as
previously mentioned. Obesity promotes activation of inflammatory macrophages and
production of proinflammatory cytokines, which leads to insulin resistance of the targeted
tissue (Olefsky and Glass, 2010). There are few autoimmune diseases whose causal
genetic mutations have been identified. Autoimmune lymphoproliferative syndrome
(ALPS) has been shown to have functional mutations in the TNF receptor superfamily

FAS gene which encodes a cell-surface receptor to trigger apoptosis (Holzelova et al.,
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2004). Somatic mutation of the FAS gene identified in patients with ALPS were shown
resistance to normal apoptosis of precursor T cells which have no T cell receptors. Several
mutations on the genes that are associated with NOD2 signalling pathway have been
identified to contribute to Crohn’s disease (Geremia et al.,2013). Monogenic mutations are
informative for rare diseases but not common diseases associated with the inflammatory
response. Here the MHC loci plays a key role, notably in autoimmunity but non-MHC
loci are also important, implying polygenic aetiology of common diseases. For example,
AS is associated with HLA-B27 locus as higher than 90% of the patients carry the
locus (Schlosstein et al., 1973, Brewerton et al., [1973). GWAS for AS confirmed this
MHC association and identified non-MHC loci including ERAPI coding variants. ERAP]
encodes endoplasmic reticulum amino peptidase 1 to trim HLA class I binding peptides in
endoplasmic reticulum for antigen presentation (Hammer et al.,2006). Synergistic effects
between HLA-B27 and ERAP1 have been proposed as a cause of AS (Keidel et al.,|2013).
Autoimmunity and inflammation are complex quantitative traits. GWAS has identified
variants that are associated with susceptibility to inflammatory and infectious diseases
including IBD, psoriasis, SLE, celiac disease, tuberculosis and leprosy (Barrett et al.,
2008, Strange et al., 2010, Hom et al.,|2008, Dubois et al., 2010}, Thye et al.,|2010, Zhang
et al., |2009). Loci identified by GWAS may help to partially explain missing heritable
components of autoimmunity and inflammatory disease (Manolio et al., 2009). Although
the specific functional variants in most diseases are yet to be determined, the evidence
that the inflammatory response is controlled at not only signalling pathways but also gene
transcriptional levels by regulatory variants supports the hypothesis that genetic variants
may contribute to susceptibility to common inflammatory diseases (Foster et al., 2007,

Medzhitov and Horng, [2009).

Summary

Since the first complete human genome sequence in 2001, the shift from candidate gene
studies to genome-wide scale association studies in common disease traits has identified
many loci associated with disease susceptibility. These loci include not only coding regions
but also, most commonly, non-coding DNA sequences. Analysis of genetic modulators
of gene regulation and functional genomic profiling have become essential to follow up

GWAS and understand the functional consequence of genetic variation.
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Aims of this thesis

The objective of this thesis is to understand how genetic variation may influence gene
expression in the context of specific immune cell lineages and human immune responses,
and ultimately determine the basis of inflammatory disease phenotypes. In order to
achieve this, a cohort of healthy volunteers of European ancestry was established to map
genetic modulators of gene expression in human primary immune cell types by adopting

an eQTL approach.

Specific objectives and overview

1. To characterise the transcriptional response for two primary immune cell populations,
B-cells and monocytes. Chapter |3| describes differential gene expression analysis
between human primary immune cells, CD19" B-cells and CD14" monocytes. This
includes a comparison of genes differentially expressed in B-cells and monocytes

due to their cell type specific roles in human immune systems.

2. To determine cell type specificity in the genetic determinants of gene expression
for primary immune cell populations. Chapter [4 describes one of the first large
scale eQTL mapping studies using highly purified primary cells, CD19" B-cells and
CD14" monocytes. Comparison of cis and trans eQTL associations between two cell
types shows a high proportion of cell type specific associations and the presence of

master regulatory loci in trans.

3. To determine the influence of cell differentiation on eQTL observed in human
monocytes/macrophages. Chapter (5| describes paired eQTL analysis of primary
human CD14" monocytes and differentiated macrophages. The analysis of this
dataset shows that a large proportion of genes are highly differentially expressed.
The eQTL analysis shows a relatively large proportion of the unique associations
to each cell type in both cis and trans and that a master trans regulatory locus is

retained after macrophage differentiation.

4. To functionally characterise a master regulatory locus identified through trans
association mapping. Chapter [6] describes the functional characterisation of the
monocyte eQTL involving LYZ that was detected as a master regulatory locus in
both cis and trans. The detailed analysis of this locus defines potential regulatory
elements and the enhancer activity of the locus was experimentally determined in

an allelic specific manner.
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5. Discussion and future work Finally the results from the proceeding chapters will
be summarised and discussed. The impact of the results on our understanding of
genetic variants and their roles in modulating gene expression for immune cells is

assessed and future directions for further work are outlined.
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Materials and Methods

PBMCs purification

50 mL whole blood was collected into anticoagulant EDTA-containing blood collection
tubes (Vacutainer system, Becton Dickinson). Peripheral blood mononuclear cells (PBMCs)
were purified by Ficoll gradient using Ficoll-paque (cat# 17-1440-02, GE Healthcare,
Piscataway, NJ, USA) and 50 mL of whole blood (Boyum 1976). PBMCs were washed three
times in Hanks buffered saline solution (HBSS) without Ca?* and Mg?* (cat# 14175-129,
Invitrogen, Carlsbad, CA, USA) and the number of cells was counted by haemocytometer.

Immune cell separation

Magnetic activating cell sorting (MACS, Miltenyi Biotech) was used for all separations.
Monocytes (CD14%) and B-cells (CD19%) were positively separated using anti-CD14 and
anti-CD19 conjugated microbeads respectively (CD14 MicroBeads monocyte positive
separation kit; cat# DS130-050-201, CD19 MicroBeads B-cell positive separation kit; cat#
DS130-050-301, Miltenyi). 20 million PBMCs were used in each cell type separation

where available. CD19* B-cells were subsequently resuspended in RLT reagent supplemented

with f-mercaptoethanol (Qiagen) for storage and RNA extraction. CD14* monocytes were
counted by the automated cell counter (Countess, cat# C10227, Invitrogen) and 5x10°
cells were resuspended in RLT for RNA extraction. The remaining cells were used for

stimulation experiments.

Genomic DNA extraction

Genomic DNA was extracted from 1-2 mL whole blood using the Gentra PureGene
Blood kit following the manufacturers instruction (cat# 158467, Qiagen). The protocol
was based on a salting out protocol for human DNA extraction. Briefly, red blood cells
from 1-2 mL whole blood were lysed in order to pellet leukocytes. Leukocytes were
lysed with cell lysis solution with proteinase K at 100 pg/mL for at least 2 hours. Then
proteins were precipitated with protein precipitation solution and DNA was precipitated
with isopropanol. The DNA was quantified on the Nanodrop (Nanodrop 1000, Thermo
Scientific) and PicoGreen dsDNA quantification assay (cat# 11496, Invitrogen).

39



2.4

2.5

2.6

Chapter 2

RNA extraction

Total RNA was extracted using the RNeasy mini kit from cells stored in RLT (range
approximately 1x10° to 5x10° cells, cat# 74106, Qiagen). Cells in 350 uL RLT reagent
were lysed and total RNA was captured in a RNeasy mini spin column. After several
washes the total RNA was eluted in 30 puL nuclease free H,O. Total RNA was quantified
by Nanodrop or Bioanalyzer following the manufacturers instruction (Bioanalyzer RNA
6000 Nano Kkit, cat# 5067-1511, Agilent Technologies). RNA quality was scored based on
peaks of 28S and 18S ribosomal RNA and a trace of electrophoresis (Imbeaud et al.,[2005).

Cell culture

Monocytes were cultured at 4x10° cells/mL in 5mL polypropylene cell culture tubes
(cat# 734-0447, Becton Dickinson) in a 400 pL volume for the gene expression study, and
at 2.5x10% cells/mL for ex vivo ligand stimulation in round bottom 96-well polystyrene
tissue culture plates (cat# 734-0027, Becton Dickinson) for 200 pL volume in RPMI
1640 growth medium (cat# R-0883, Sigma-Aldrich) supplemented with 2 pM L-glutamine
(cat# G-7513, Invitrogen), 100 U/mL penicillin, 0.2 mg/mL streptomycin (cat# P-0781,
Invitrogen) and 20% v/v Gold standard fetal calf serum (PAA Laboratories GmbH,
Pasching, Austria). Monocytes were cultured at 37 °C in 5% humidified CO? overnight
prior to cell stimulation experiments. Macrophages were differentiated by culturing
4x10° CD14" monocytes as described with the addition of TNF-a at 0.5ng/mL (TNF
recombinant human protein, PHC3015L, Invitrogen) and granulocyte-macrophage colony
stimulating factor (GM-CSF) at 0.5 ng/mL (GM-CSF recombinant human protein, PHC2015,
Invitrogen) at 4x10° cells/mL for 18 days, replacing the culture media every 3-4 days.

Replication of eQTL analysis by quantitative
polymerase chain reaction (qPCR)

Single strand complementary DNA (cDNA) was synthesised by reverse transcription

reaction using the SuperScript III First-Strand Synthesis System following the manufacturer’s

instructions (cat# 18080-051, Invitrogen). Briefly, a 10 pL volume reaction with approximately

100-300 ng of total RNA, 50 pg of random hexamers, 10 pmol of dNTPs, and ionised water
up to 10 pL was incubated at 65 °C for 5 minutes and chilled on ice at least 1 minutes. The
10 pL enzyme reaction mix consisting of 200U of SuperScript III reverse transcriptase,
2uL of 10x RT buffer, 4pL of 25mM MgCl,, 2uL of 0.1 M DTT, 40U of RNAseOUT
enzyme was added to the cDNA mix and it was incubated at 25°C for 10 minutes, at
50 °C for 50 minutes, at 85 °C for 5 minutes, and then chilled on ice at least for 1 minute.
1U of RNase H was added in the reaction mix and incubated at 37 °C for 20 minutes.
qPCR was performed using 1 pL of 1:5 diluted cDNA in a 12.5 pL reaction with SYBR
Green Supermix using CFX96 Real-Time PCR Detection System following manufacturer’s
instructions (iQ SYBR Green Supermix; cat# 170-8885 and CFX96; cat# 185-5096, BioRad
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Laboratories). Oligonucleotide primers used for PCR are listed in Table Briefly, a
12.5puL volume reaction with 6.25 pL of 2x SYBR Green Supermix, 0.5 uL of each 6.25 uM
forward and reverse primers, 1 pL of diluted cDNA and 4.75 pL of ionised water was run
qPCR using CFX96 Real-Time PCR Detection System (BioRad). PCR cycling used is initial
denature at 95 °C for 3 minutes, 40-50 cycles of 95 °C for 10 seconds, 60 °C for 20 seconds,
72 °C for 20 seconds. Relative gene transcript levels were determined by the 60-Ct method
with ACTB expression used as the reference base line (Livak and Schmittgen,2001).

Name Sequence Tm (°C) | Length
BCL2L13_fwd TTAAGACTGAGGCTGCTCTGC 59.9 21
BCL2L13_rvs GGATCAGCCAGAGGAAAGAA 59.4 20
BLK_3UTR_fwd2 | GAGGTCATCCGCAACCTG 60.2 18
BLK_3UTR.rvs2 | ACTGCAGGAACTCGAAGGTG 60.4 20
CD40_3UTR_fwd | GCTCCAGTGCAGGAGACTTT 59.6 20
CD40_3UTR.rvs | CTCTGGCCAACTGCCTGT 59.9 18
CD52_fwd CTCAGGACAAAACGACACCA 59.7 20
CD52.rvs GCTGAGACGTGTCACCTCAA 60 20
CD14 fwd TCTCTGTCCCCACAAGTTCC 60.1 20
CD14.rvs CTTGGCTGGCAGTCCTTTAG 60.0 20
CD68_fwd CAGGGGTCTTTGGGCAAAG 62.9 19
CD68_rvs CCCGGCTTTCTTTTTGTTCT 60.6 20
DFNAS5 _fwd TGACTGAAAATGAACTGTAAATGC 58.4 24
DENA5 _rvs GGCAAGGTCACATAAAATGC 58.1 20
LITAF 3UTR fwd | AAACACCTTCATCATGGAACTC 58.0 22
LITAF_3UTR.rvs | GTTCTGGTTCCCAAGCATCC 61.8 20
LYZ fwd TCGATCTCCTGACCTTGTGA 59.3 20
LYZ rvs TGGGCATAATCGTATCATTCA 58.9 21
SELL_3UTR_fwd | AAATGGAAGCTGAAGGAACTG 58.4 21
SELL_3UTR_rvs TAAATCGCCCTTGGTGAAAG 60.1 20
VWASA _fwd GCCTGAAAGACTTGGGTTGA 60.2 20
VWAS5A rvs AGGGCCTGACTTAGAGGACA 58.9 20

Table 2.1: Oligonucleotide sequences used for gPCR

Flow cytometry

Primary cells were resuspended in phosphate buffered saline (PBS) with 10% fetal bovine
serum (FBS) at 4°C. Primary antibodies labelled with fluorophores (anti-CD14 PE-Cy7
conjugated; cat# 25-0149-41, anti-CD16 FITC conjugated; cat# 12-0569-41, eBioscience)
were incubated with the primary cells at 4 °C for 30 minutes. The cells were washed with
PBS with 10% FBS for three times and resuspended again in the buffer. Flow cytometry
was performed in the flow cytometry facility in the Old Road Research Building using the
Dako CyAn flow cytometer (Dako).
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Cloning

Cloning plasmids used for in this study are shown in Table

PCR condition

Target DNA sequences were amplified from approximately 40-80ng human genomic DNA
using the polymerase chain reaction (PCR) (1x Phusion HF buffer, 200 uM dNTPs, 0.5 uM
forward and reverse primers, 4% DMSO, 0.4U Phusion HighFidelity DNA polymerase
(all NEB)) using PCR cycling of initial denaturation 98 °C for 30 seconds, followed by 30-
40 cycles of 98 °C for 10 seconds, 63 °C for 15 seconds, 72 °C for 45 seconds, and final

extension 72°C for 10 minutes. The oligonucleotide primer sequences were shown in

Table[2.2

TOPO cloning

The PCR products were purified using a gel extraction kit according to the manufacturer’s
instruction (Qiagen). Briefly, excised gel fragments were solubilised in a DNA-binding
buffer and DNA was isolated on a column and washed, then eluted in 30puL pH 8.0
Tris-HCI elution buffer. 2 uL of the purified PCR products were cloned into the pCR-
Blunt II TOPO cloning vector (Invitrogen) following the manufacturer’s instruction.
Briefly, a 3L reaction of 2puL purified PCR product, 0.5uL Salt solution (1.2M NacCl
and 0.06M MgCl;), 0.5puL pCR-Blunt TOPO vector master mix was incubated for 5
minutes at room temperature. The ligation reaction was incubated with 50 uL of Alpha-
Select Bronze Efficiency chemically competent E.coli (cat# BIO-85025, Bioline) on ice
for 30 minutes. Following this incubation the cells were heat shocked at 42 °C for 45
seconds and immediately returned on ice for at least 1 minute. 250 pL S.0.C. medium
(2% w/v tryptone, 0.5% w/v Yeast extract, 8.65 mM NaCl, 2.5 mM KCI, 10 mM MgCl,,
20 mM glucose) was added and the cells were incubated with shaking for 1 hour at 37 °C.
After this incubation they were plated onto LB agar plates with appropriate antibiotics
(kanamycin at 50 pg/mL and carbenicillin at 100 ug/mL) and incubated overnight at
37 °C.

Miniprep

The following day, single colonies were picked and grown in 3mL of LB medium with
appropriate antibiotics overnight with shaking at 37 °C. The following day, transformed

plasmids were isolated from 2 mL using a miniprep kit (Qiagen) following the manufacturer’s

instructions. Briefly, E.coli cells were pelleted and resuspended in a resuspended solution
and lysed in a lysis buffer. After neutralising by adding a neutralising buffer the cell debris
were pelleted and plasmid DNA was captured using a DNA binding column and was
washed with an ethanol containing wash buffer and eluted in pH8.0 Tris-HCI elution
buffer. Miniprepped plasmids were analysed by restriction digestion using EcoRI enzyme

to determine the size of the DNA insert.
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Sequencing

The sequences of the DNA inserts were confirmed by a conventional dye-terminator
sequencing method (BigDye Terminator V3.1, Applied Biosystems). Briefly, a 10puL
reaction mix containing 0.5 pL of Ready Reaction Premix, 1.75 pL of 5x BigDye Sequencing
buffer, 3.2 pmol of a primer and approximately 50-100ng of a plasmid DNA was run using
a conventional thermal cycler for initial denaturation at 96 °C for 1 minute, 25 cycles of
96 °C for 10 seconds, 50 °C for 5 seconds and 60 °C for 4 minutes. A sequencing reaction
was stopped by adding 2.5 uL of 125 mM EDTA followed by ethanol precipitation of DNA
for 15 minutes incubation at room temperature. DNA was pelleted by centrifugation
at 3000xg for 30 minutes at 4°C and was washed in 70% ethanol. After pelleting by
centrifugation at 1650xg for 15 minutes at 4°C, DNA was air dried for 10-15 minutes
at room temperature and run electrophoresis on an ABI PRISM 3700 DNA analyser
(Applied BioSystems). Sequence chromatograms were analysed on a VectorNTI program
(Invitrogen).

Subcloning

The pGL3-promoter and the TOPO plasmids with the inserts were digested by restriction
digestion using Kpnl and Nhel for 5’ and 3’ ends respectively in a 40 pL reaction volume
of 10U Kpnl, 10U Nhel, 100 png/mL BSA, 1x NEB reaction buffer 1, 0.5-1pg plasmid
DNA and incubated for 1-2 hours at 37 °C (NEB). The digested DNA was gel purified
as described above. The ligation reaction was carried out using T4 ligase in a 10pL
reaction volume with 0.5puL Quick T4 DNA Ligase, 1x ligation buffer and 25ng of 1:3
molar ratio of a vector and an insert DNA (Quick Ligation kit, cat# M2200, NEB). It was
incubated at room temperature for 5 minutes and was transformed to E.coli competent
cells as described above. The inserts were determined by minipreps followed by restriction
digestion as described.

Midiprep

After confirmation of the inserts in pGL3-promoter, all plasmids were purified using
an endotoxin-free midiprep kit following the manufacturer’s instructions (cat#12243,
Qiagen). Briefly, 50 mL of overnight LB E.coli culture was pelleted, resuspended, lysed and
neutralised. The supernatant of the cell lysate was added an endotoxin removal reagent
and was incubated on ice for 30 minutes. DNA was precipitated in isopropanol, was
washed in 70% ethanol and eluted in pH8.0 10 mM Tris- 1 mM EDTA buffer. Their yields
were quantified using the Nanodrop.

Transfection

Lipofectamine

Transfection of luciferase assay plasmids to K562 human chronic myelogenous leukaemia
cell line (ATCC Number CCL-243), Jurkat acute T cell leukaemia cell line (ATCC
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Table 2.2: Cloning primers used for LYZ luciferase assays.

eSNP Name Size (bp) Sequence (5’ to 3’, forward and reverse)

rs10784774  pLYZ 2kb 1961 TCAGGCGGTACCAGAGCTGGGTGACTGGCTTA
GATAAAGCTAGCAGCATGATTTGAGGGCAGAG
p300 TFBS 367 GAGGTACCTCTGGGGCTTAACTGTTCCA
AGCTAGCATGGGCACACAGGTTTCTCT
rs1384and 3’'UTRLYZ 1463 TCAGGCGGTACCGGTGGAGGTTGCAGAGGAT
rs12812860 GATAAAGCTAGCACAAGGCATGTGTTGCAAAG
rs10878967 pLYZ 1.5kb 1545 TCAGGCGGTACCAATTATAGGCGCACCACCAC
GATAAAGCTAGCACAAGCCCCAGAACAATGAG

Table 2.3: Cloning plasmids used for LYZ luciferase assays. Kan - kanamycin, Amp - ampicillin.

Name Size (bp) Selection Description
marker
pCR II Blunt 3519 Kan TOPO cloning vector (Invitrogen)
pGL3-promoter 5010 Amp Firefly luciferase assay vector (Promega)
pRL-TK 4045 Amp Renilla luciferase assay vector, internal control
(Promega)

number TIB-152, Schneider et al.,1977) was performed using Lipofectamine LTX as the
transfection reagent following the manufacturer’s instruction (cat# 15338-100, Invitrogen).
Briefly, K562 cells were replaced in a fresh medium the day before transfection. 400 ng of
the pGL3-promoter plasmid and 100ng of the reference plasmid pRL-TK were diluted
in 100 puL of Opti-MEM I Reduced Serum medium (cat# 31985-062, Invitrogen) and
incubated with 0.5uL of PLUS reagent for 5 minutes at room temperature followed by
incubation with 1.5 pL of Lipofectamine LTX reagent for 25 minutes at room temperature.
The DNA-lipofectamine LTX complexes were directly added to 500puL of cells at a
density 5x10° cells/mL in 24-well polystyrene plates. Replicates were performed for each
transfection. The transfected cells were incubated for 24 hours before harvesting for the

luciferase assay.

Nucleofection

Transfection of luciferase assay plasmids to THP-1 human acute monocytic leukaemia cell
line (ATCC number TIB-202, Tsuchiya et al.,1980) and GM18057 the HapMap CEU LCLs
(Dausset et al.,[1990) was performed using a Nucleofector device (cat# AAB-1001, Lonza)
and a Cell Line Nucleofector kit V following the manufacturer’s instructions (cat# VVCA-
1003, Lonza). The Nucleofector technology uses an electrical pulse to create small pores
in cell membranes to deliver nucleic acids to the cytoplasm. Briefly, cells were replace
in a fresh medium the day before transfection. 1x10° cells were resuspended in 100 uL
Buffer V and added with 1.6 ng of the pGL3-promoter plasmid and 0.4 png of the reference
plasmid pRL-TK. The cell-DNA mixture was immediately transferred to a microcuvette
with 2mm gap and was electric pulse shocked using a V-001 program for THP-1 and X-
001 program for GM18057. The cells were added with 500 pL of a supplemented medium

and transferred to 12-well polystyrene plates supplemented with 1 mL of a supplemented
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medium. The transfected cells were incubated for 16 hours before harvesting for the

luciferase assay.

Luciferase assay

The transfected cells were washed twice using 500 uL PBS pH 8.0. They were incubated
with 100 puL 1x passive lysis buffer (PLB, Promega) for 15 min with rocking at room
temperature. The supernatants were harvested for the luciferase assay. 30 uL of the PLB
supernatants were mixed with 100 uL Luciferase Assay Reagent II (LAR II, Promega)
and immediately measured for 10 seconds for pGL3 Firefly luciferase reporter expression
activity using a luminometer (Safire2 microplate reader, Tecan). Subsequently 100 pL of
Stop&Glo reagent was mixed to measure the pRL-TK Renilla luciferase reporter activity to
determine the transfection baseline. Two technical replicates of the luciferase assay were
performed for each transfection well. The readings of the pGL3-promoter plasmids were
normalised by those of the pRL-TK plasmid.

Nuclear extract

Nuclear extracts were prepared from cultured cell lines as previously described (Schreiber
et al., 1989). Briefly, 5-7x10° cells were washed in cold PBS twice. The cells were
resuspended in 1 mL cold Buffer A (10 mM HEPES pH 7.9, 10mM KCl, 0.1 mM EDTA,
0.1 mM EGTA, 1X Complete Protease Inhibitors cocktail (Roche) and 0.1 mM DTT) and
incubated for 15 min on ice. Soluble proteins were extracted by cell lysis and vortexing
with 67 pL 10% Nonidet NP-40 (Fluka). The homogenate was washed once with Buffer
A and resuspended in cold Buffer B (20 mM HEPES pH 7.9, 0.4 M KCI, 1 mM EDTA,
1 mM EGTA, 1X Complete Protease Inhibitors cocktail (Roche) and 0.1 mM DTT) at
approximately 1 mg in 30 uL concentration.The supernatant was snap-freeze on dry ice
and stored at -80°C.

Electrophoretic mobility shift assay (EMSA)

25-nt oligonucleotide probes were designed with 5’-AGCT-3’ flanking sequences to
produce a 5’ overhanging end for 3?P radioisotope labelling (Table |2.4). Forward and
reverse probes at 1.5puM in 100 uL with 1X New England Biolaboratory buffer 2 (NEB)
were denatured at 100°C for 5 min and cooled at a rate of 1°C per minute to room
temperature (approximately 20°C). An oligoduplex was radiorabelled by Klenow fragment
to incorporate a®?P dCTP to 5’ overhang at room temperature for 45 min followed by heat
inactivation at 65°C for 10 min. Unincorporated 32P dCTP and nucleotides were captured
in a Sephadex G-25 column (GE). The binding reaction of oligoduplex probes with crude
nuclear extracts, competitors or antibodies was incubated at room temperature for 10 to
20 min in binding buffer (10 mM HEPES pH 7.8, 50 mM KCI, 1 mM EDTA, 1 mM EGTA,
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12.5% glycerol, 1 pg polydIdC). Antibodies used for super shift assay were anti-P300 (sc-
585), anti-CREB1 (sc-186X), anti-P65 (sc-372), and rabbit IgG (sc-2027, all Santa Cruz
Biotechinologies) at 1 png per lane. The reaction complex underwent electrophoreses in a
polyacrilamide gel (5% acrylamide, 1X TBE buffer, 0.25% w/v APS, 1.5% TEMED) at 4°C
(200V) for 2.5 hours. The gel was dried on 3MM chromatography paper (Whatmann) at
80°C and exposed to an autoradiography film for 1 to 3 days. The film was developed on
the Kodak X-Omat film processor (Kodak).

Table 2.4: EMSA probe sequences. Forward sequences without the flanking 5’-AGCT-3" are shown.

SNP Forward sequence (5’ to 3’)
rs10784774 TTCCAGGATCT (A or G) GGGCACAAACT
rs1384 GAATTTTGATTT (C or T) TTAAAGTGTGT
rs12812860 ATAAAAAATAAA (T or C) GTGGAATTCACT
rs10878967 CCCTATTTATTA (T or C) TGAAGAATCAAA

Gene expression array

CD14" monocytes, CD19* B-cells and macrophages total RNA (200ng) from each of
the 288 healthy volunteers was analysed using the Illumina HumanHT-12v4 BeadChip
gene expression array platform which included 47231 probes (26135 genes) based of
RefSeq genes (Release 38, Table [2.5). The experiment was performed by the Wellcome
Trust Sanger Institute Microarray Services and the Wellcome Trust Centre for Human
Genetics. Briefly, 200 ug or less of total RNA was reverse transcribed, amplified and
labelled with biotin. An oligo-dT oligonucleotide with the sequence of a viral T7 RNA
polymerase promoter was hybridised to the polyA tail of the total RNA. Complementary
DNA was reverse-transcribed with template mRNA to synthesise double strand DNA
template for RNA amplification. The RNA was linearly amplified by T7 RNA polymerase
by incorporating nucleotides and biotin-labeled dUTP. Biotinylated complementary RNA
(cRNA) was hybridised with the BeadChips at 58 °C overnight (16-18 hours). After
washing to remove excess unhybridised cRNA, the hybridised BeadChips were stained
with Cyanine 3 (Cy3) conjugated streptavidin and were scanned using an iScan (Illumina).
The background was subtracted by using the R packages lumi and limma. The raw data
was transformed by log,. Both cell type datasets were normalised together using the

robust spline normalisation method (RSN, Du et al., 2008).

Genomic DNA genotyping

SNPs and other genetics variants were determined using the Illumina Infinium high-
density genotyping bead arrays (Illumina HumanOmniExpress-12v1.0 Beadchips, NCBI36
Build). Genotyping was performed by the Wellcome Trust Centre for Human Genetics

Core Genomics service. The calling of genotypes was performed using the GenomeStudio
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Probes  Description Number of

probes

NM Coding transcript, well-established annotation 28,688

XM Coding transcript, provisional annotation 11,121

NR Non-coding transcript, well-established annotation 1,752

XR Non-coding transcript, provisional annotation 2,209

UniGene Experimentally confirmed mRNA sequences that align to 3,461
EST clusters

Total 47,231

Table 2.5: Probe content of Illumina HumanHT-12 v4 BeadChip

program (Illumina). The numbers of genetic markers on the Beadchip are shown in Table

2.0
Marker categories Number of markers
Number of SNPs within a 10kb range of RefSeq 381,329
Nonsynonymous SNPs (NCBI annotated) 12,134
MHC'!/ADME? 7,566/16,680
Sex Chromosome(X/Y/PAR3 Loci) 18,239/1,697/540
Total 733,202

Table 2.6: Variant marker content of Illumina HumanOmniExpress-12v1.0 BeadChip. 1: MHC
major histocompatibility complex, 2: ADME Absorption, Disruption, Metabolism, and Excretion,
3: PAR pseudoautosomal region.

2.15 Data analysis

The quality control of the genotyping data and association analysis were performed using
PLINK, the whole genome data analysis toolset (http://pngu.mgh.harvard.edu/~purcell/
plink/, Purcell et al.,2007). Linkage disequilibrium (LD) was analysed using Haploview
with the 1000 Genomes pilot 1 CEU reference panel (http://www.broadinstitute.org/
scientific-community/science/programs/medical-and-population-genetics/haploview/haploview,
Barrett et al.,|2005). Imputation of genotyping data was performed using Impute2 (http:
//mathgen.stats.ox.ac.uk/impute/impute_v2.html, Howie et al., |2009). Imputation of HLA
alleles was performed using HLA*IMP (https://oxfordhla.well.ox.ac.uk, Dilthey et al.,2011).
Statistics were analysed using R and appropriate packages (http://www.r-project.org/).

Parameters used for analysis were indicated in the results chapters.
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Differential gene expression data

analysis of immune cell types

Introduction

Cells differentiate along particular lineages to perform specialised functions throughout
the body. The genome-wide gene expression profile, defined as a transcriptome, of a
particular cell undergoes dynamic changes on a temporal basis dependent upon the state
of differentiation. Transcriptome profiling on a single cell type or tissue using a microarray
takes a snap shot of these changes at a gene expression level at the moment of sample
collection. Microarrays have been used to identify a molecular signature from one cell
type to another. For example, it was used to detect a set of differentially expressed genes in
tumours in comparison to normal cells, classifying different types of tumours, prediction
of clinical outcomes (Alizadeh et al., 2000, Ross et al.,[2000, Veer et al.,|2002). Investigation
of transcriptomes for fully differentiated normal cell types are also of interest to determine
genes involved in their specific biological roles. Monocytes and B-cells were chosen in this
study because they both have important roles in innate and adaptive immune responses
and are easily isolated from peripheral blood. Monocytes are circulating leukocytes that,
in the case of infection or tissue damage, migrate into the site of inflammation to mediate
the primary immune response. Monocytes can additionally differentiate into macrophages
and dendritic cells under the influence of specific cytokine stimuli for subsequent immune
responses (Shi and Pamer, 2011). B-cells are a type of lymphocyte that form a vital
component of the adaptive immune system. The main role of B-cells is the production
of antibodies, when fully activated by the presentation of antigen from APCs to B-cell
receptor (BCR). Previous research has also attributed immune suppressive function to a

B-cell subtype (Mauri and Bosma, |2012).

48



3.2

3.2.1

3.3

Chapter 3

The aim of the work presented in this chapter was to investigate cell type specific gene
expression for primary human monocytes and B-cells isolated from the same individuals
and resolve differences that may be associated with the function of these cell types in
immune responses. Microarrays were used as a robust and well established tool for
genome wide gene expression profiling. The gene expression data generated was also
used for subsequent mapping of the genetic basis of inter-individual differences in gene

expression described in Chapter [4

Objectives

The aim of the work described in this chapter is to determine the profiles of cell type
specific gene expression which may be associated with the functionality of the cell types

in immune responses. Specific objectives are:

1. To collect primary immune cell samples from healthy volunteers of European

descent

2. To obtain gene expression data from two immune cell types, CD14" monocytes and

CD19" B-cells

3. To analyse differential gene expression between these two cell types

Sample collection of healthy volunteer cohort

Recruitment of healthy European volunteers

This study was approved by the Oxfordshire Research Ethics Committee (COREC
reference 06/Q1605/55). A total of 288 volunteers, on average 10 volunteers per day, were
recruited in the Oxfordshire area between March 2010 to July 2010 following written
informed consent at the time of sample collection. All volunteers reported no history
of autoimmune or other relevant diseases including infection at the time of sample
collection. The median age of the population was 33.1 years and their self-reported

ethnicities are shown in Table

PBMCs and cell purifications

PBMCs were prepared from 50 mL whole blood using a Ficoll gradient (median cell count

73.4x107 cell/mL, interquartile range (IQR) +/-30.18). The immune cell subpopulations
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Total Male Female
Sample number (%) 288 125 (43.4) 163 (56.6)
Age (years) Range 18-62 18-54 18-62
ge \years Median 29 27 31

British Isles 243 (84.4)
Northern European

Race (%) /Scandinavian 29 (10.1)
Southern European 9(3.1)
Eastern European 4(1.4)
Mixed heritage 3(1.0)

Table 3.1: Demographics of the healthy volunteer cohort. Race is based on self-reported
geographical origin of volunteers.

were separated by Miltenyi magnetic activated cell sorting (MACS). The MACS method
separates cells using magnetic nanoparticles coated with antibodies. Positive cell separation
uses an antibody against a surface antigen of the cell type of interest to directly pull out
the single cell population by magnetic beads binding to a column in a magnetic field.
Negative separation uses a cocktail of antibodies that correspond to cell surface antigens
of all cell types except the cell type of interest. This intentionally avoids touching a cell
population by antibody binding. It has been demonstrated that there is no significant
consistent difference due to activation by binding of antibodies and the positive separation
method showed consistently more reproducible results in microarray replication due to
less contamination of other cell types (Lyons et al., 2007). In order to compare positive
and negative selection for separating monocyte and B-cell populations from PBMCs, cells
purified by both methods were analysed using flow cytometry.

CD14" monocyte population was selected positively using anti-CD14 beads and
negatively using the MACS monocyte isolation kit II. CD19* B-cell population was
selected positively using anti-CD19 beads and negatively using the MACS B-cell isolation
kit II. The isolated cells were subsequently immunostained with anti-CD14 conjugated
with PE-Cy7 and anti-CD16 conjugated with FITC for CD14" monocytes, and anti-CD19
conjugated FITC for CD19* B-cells. The comparison between the methods showed higher
purity in the positively separated cell populations (only monocyte results shown, Figure
[3.1). Thus the positive separation method was chosen for the rest of the collection.

Monocytes (288 samples) and B-cells (287 samples) were freshly separated from
PBMCs using the MACS method using CD14" and CD19" magnetic beads respectively
(median counts 3.2x10° cell/mL, IQR +/-2 for monocytes). The purity of the separated
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Positively
separated
monocytes

Side Scatter
CD16-FITC

B.
Negatively
separated
monocytes

Side Scatter
CD16-FITC

PBMCs

Side Scatter
CD16-FITC

Forward scatter CD14-PE-Cy7

Figure 3.1: Monocytes separated by positive and negative selection were analysed by flow
cytometry by immunostaining using anti-CD14 conjugated with PE-Cy7 and anti-CD16 conjugated
with FITC. (A) Positive selection showing the enriched CD14* and CD16" population, contrasting
with (B) negative selection and (C) unsorted PBMCs control.

cells was determined by flow cytometry and was 99% for monocytes and 90-95% for B-

cells. Separated cells were resuspended in RLT reagent and stored at —80 °C.

RNA extraction

Total RNA was extracted from the stored RLT samples and was quantified by Nanodrop.
A subset of the RNA samples were analysed using a Bioanalyzer (Agilent). The median
RNA yields from B-cells and monocytes were 38.2 and 25.6 ng/pL (IQR +/-23.8 and +/-
14.8 respectively). The median of RNA integrity number (RIN) from Bioanalyzer analysis
was 8.75 (IQR +/-1.3, tested in 4.5% of the population for each cell type).
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Quality control and normalisation of microarray data

Illumina BeadChip gene expression microarray

In total 588 RNA samples were assayed on Illumina HumanHT-12v4 BeadChip arrays
at the Wellcome Trust Sanger Centre. This included 288 monocytes, 287 B-cells, and 13
replicates to allow quality control. The replicate samples consisted of 5 B-cell biological
replicates, 4 B-cell technical replicates and 4 monocyte biological replicates.

[lumina microarrays use BeadArray technology in which 3-micron silica beads are
attached to 29-mer address and 50-mer transcript specific oligonucleotides (Kuhn et al.,
2004). Beads were randomly deposited into wells of BeadChips that were created by
lithographic techniques on glass slides. Each bead position was decoded by 29-mer
address sequences in the Illumina factory (Gunderson et al.,2004). Biotin-labeled cRNA
was hybridised to 50-mer probe sequences of BeadChips. The hybridised BeadChips were
stained with Cy3 conjugated streptavidin and were scanned on Illumina iScan system
to determine the Cy3 signal intensity of each bead. BeadArray chips were scanned on
Illumina iScan system. The GX (Gene Expression) module of Illumina GenomeStudio
software analysed the gene expression data based on the Cy3 signal intensity to determine
data integrity and perform basic quality control checks. The raw expression data was
exported in a text file format from software after the background subtraction based on
the control probe set. The format of the raw data has a matrix of one line per probe with
8 columns per sample that include minimal, average and maximum signals for the probe,

the number of beads for the probe and its standard deviation, and detection score.

Control data

The GX module separately outputs the results of the internal control probe set, which
include signals from biotin, Cy3 hybridisation, housekeeping genes, labelling probes,
low stringency hybridisation and negative probes (Figure [3.2). This information is
useful to assess the quality of the data. Signals from the biotin probes determine
successful secondary staining during cRNA amplification. Signals from the Cy3 labelled
probes determine gradient hybridisation responses independent of RNA quality. The
housekeeping genes consist of genes ubiquitously expressed in any cellular samples
and determine the intactness of RNA samples. The labelling signals that were provided
by the external RNA controls confirm a successful reverse transcription reaction. The

low stringency hybridisation controls determine adequacy of signal stringency. The
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negative controls, which consist of random sequences with no correspondence to the
genomes, defines the system background that is caused by non-specific hybridisation
in the dataset. The background correction was performed using the GX module of the
GenomeStudio software before the data export. The expression of 7 housekeeping genes

before normalisation is shown in Figure

Preprocessing data

The signal intensity of each probe reflects the abundance of a gene transcript. The signal is
a relative measure in each BeadChip with a unique baseline. In order to compare directly
all gene expression data across chips without bias from difference baselines, normalisation
is required. Normalisation adjusts the balance of the individual hybridisation intensities
and is important for meaningful biological comparisons because biases of microarray
data are not only caused by hybridisation on different chips but also variable starting
RNA quantities, amplification and labelling of cRNA. The data was processed in 3 steps:
background subtraction, transformation and normalisation. The data for both B-cell
and monocyte gene expression was processed in the R statistics program with the lumi
package (The R project for statistical computing, http://www.r-project.org/, Du et al.,[2008).

The lumi package is specially designed to process Illumina BeadChip microarray data.

Filtering probes

The detection scores in the raw data outputs from GenomeStudio indicate the quality
of probe hybridisation. Signals from poor hybridisation may cause false positive results
in further analysis. Probes with detection scores >0.99 in 5% of the sample population

(n=30) were remained for further preprocessing (18252 probes out of 47231).

Log, transformation

A simple log, transformation was applied for this dataset. The log, transformation
converts exponentially distributed raw expression values to a normal scale and preserves

the ranks of expression of each probe.

Normalisation

For this dataset, Robust Spline Normalisation method (RSN) was chosen based on
normalisation method comparisons by Schmid et al (Schmid et al.,2010). RSN combines

features of the quantile and LOESS normalisations. A quantile normalisation is first
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performed to normalise quantiles of each chip and preserve the distribution of expression
values. LOESS normalisation is then performed to fit to a local regression (monotonic)
curve. This method preserves both the rank order of probes and the effect sizes of the
differentially expressed genes.

RSN was applied to the log, transformed data iteratively until no outlier samples
were identified at each normalisation. The distance from the mean of the samples after
removing the extreme 10% samples was used to detect outliers. The outliers were detected
when its distance to the mean was larger than two times the median distances to the mean.

For this dataset, two iterative procedures were required. Two samples were detected
as outliers (sample ID 79 in B-cells and 191 in monocytes) and removed from further
analysis. These are the two samples presented in Figure The RNA concentrations of

the two samples were 47.81 and 35.43 ng/pL which were above the averages.

Quality control

The quality control of the normalisation process was verified by examining the distribution
of expression values. The distribution of expression value densities before and after
normalisation clearly shows a shift of the density curves towards a common curve
(Figure [3.4). Cluster analysis was used to reveal relationships between the samples and
identify potential outliers. Notably, clustering of the samples became tighter following
normalisation (Figure [3.5). Two large clusters are composed of the B-cell and monocyte
datasets. The box and whisker plots of the expression values in each sample show the
effect of normalisation as the mean of the raw data was shifted to the same baseline (Figure
3.6).

The efficacy of normalisation was assessed using an MA plot. It consists of the
ratio of log, signal intensity in each probe (M) and the average (A) between two
samples (Dudoit et al.,|2002). The ratio of each probe between the two samples indicates
intensity dependent biases. Normalisation is expected to correct this bias close to zero
throughout low to high intensities. Randomly selected samples were plotted before
and after normalisation (Figure [3.7). Following normalisation, the median values were
approaching zero thus showed the normalisation was adequate.

Assessing variation in the data helps to identify experimental artefacts that cause non-
biological variation. Principal component analysis (PCA) reduces dimensionality of the
data while retaining most variation in the data (Ringner, 2008). The first component

explains the largest variation of the dataset. This is often due to experimental artefacts
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Figure 3.4: The distribution of the expression value densities before (left panel) and after (right
panel) normalisation.
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Figure 3.5: The clusters of the samples based on expression values before (left panel) and after
(right panel) normalisation. The two large clusters were formed by the B-cell and monocyte
datasets.

such as array chips and quality of RNA. The biplots of principal component 1 (PC1) and
PC2 before normalisation showed that PC1 explained sample outliers and array chips
(Figure[3.8). In contrast the PC1 after normalisation clearly grouped the samples into two
groups; B-cells and monocytes (Figure [3.8).

What element in gene expression data is explained by individual PCs can be identified
by correlating PCs and covariates such as array chips and RNA concentration. Briefly what
PC2 explains was visually examined by colouring each sample with different covariates
addition to array chips (Figure [3.8). RNA concentration and sample collection dates
were examined as a possible major source of noise. None of these covariates matched

distribution of PC2 in both raw and normalised data (data not shown).
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PCA:raw data — chip & cell type
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Figure 3.8: PCA plots of the expression data before (top panel) and after (bottom panel)
normalisation. The samples are coloured by microarray chips (n=49) and are pointed by cell types
(circles; B-cells, triangles; monocytes). The cell types of B-cell and monocyte colours indicate chip
groups. Percentages of variance explained by PCs before and after normalisation are shown: PC1
-60.27% and 74.25%, PC2 - 27.26% and 3.83%.

Biological and technical replications of microarray experiments

In order to examine reproducibility of the data obtained from Illumina BeadChips, the
experiment included 13 replicated samples (5 from B-cells and 4 from monocytes as
biological replicates, 4 from B-cells as technical replicates). The biological replicates
were generated using blood samples taken from the same individuals several days after
the initial blood collection. The technical replicates were hybridised twice on different
BeadArray chips. Analysis of the biological and technical replicated samples showed

high correlation (an average coefficient of correlation 0.94 and 0.97 respectively) ensuring
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that the sample collection and preparations were uniformly performed. The correlation

between biological replicated samples was also very high (Figure 3.9).

Monocyte normalised data

197.mono 7

197.2.mono 7|7 -
o4 Cor =0.985 o
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. 25 (> 2, down) .
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Figure 3.9: The correlation between monocyte biological replicates. Two monocyte examples
(mono) with biological replicates are plotted in a pairwise manner for correlation (Cor). Density
plots of gene expression are shown for each sample.

3.4.6 Final dataset

The final dataset consists of samples that have been normalised and filtered. After
removing the two outliers and 13 replicates, a total of 573 samples were retained in the
final dataset. This included 286 B-cells and 287 monocytes samples. Gene expression data

was available from 18252 probes.
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Differential gene expression analysis of two immune

cell types

Background

The R package limma is designed to analyse gene expression by fitting a linear model
to each gene and estimate the log-ratios between two or more samples. This method is
able to accommodate different variances as opposed to fitting a single model to an entire
experiment. Limma differential expression analysis outputs moderated t-statistics (t), p-
values based on t, and log-odds of differential expression (B) as well as gene expression
log-fold changes. Moderated t-statistics were calculated from the ratio of log,-fold change
(M) to their standard errors as residual standard deviations. The B-statistic (B) is the log-

odds that the gene is differentially expressed.

Processing the data

First each probe of the expression data was fitted to a linear model separately in B-
cells and monocytes using a generalised least square method that estimates parameters
of unequal variances. A generalised least square method is efficient when variances of
observations are not equal. The coefficients of each linear model describes the difference
between the two cell types. The contrasts of each probe were computed based on the
estimated coefficient of a linear model. The empirical Bayes statistics method was applied
to compute moderated t-statistics (t) with false discovery rate (FDR) (Benjamini and
Hochberg, 1995) and log-odds (B) of differential expression. FDR explains the expected
proportion of false discoveries for multiple comparisons.

In summary, 81.2% of probes tested (14827 probes out of 18252) were significant at
an adjusted p-value cutoff 0.001. The details of the summary statistics with different
thresholds are shown in Table At lower p-values, a greater number of probes were
significantly up-regulated in monocytes compared to B-cells (1721 probes in monocytes
compared to 1255 in B-cells at p<1x1072°?). The volcano plot shows that a significant
number of probes were differentially expressed between two cell types (Figure [3.10). At
similar levels of log, fold changes (>4), the log-odds (B) in B-cells were larger than that of
monocytes (54 probes in B-cells have B>1000 as opposed to 13 probes in monocytes). The

log, fold changes (M) between B-cells and monocytes were larger when average expression
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was around log,10 (Figure [3.11). The highly significant genes are described in the next
sections based on the characteristics of the cell types (Tables[3.3|and [3.4).

Table 3.2: Summary of differentially expressed probes between B-cells and monocytes.
Thresholds for cutoff are the adjusted p-value with FDR. Up-regulated probes found in only one
cell type are shown for B-cells and monocytes.

Threshold Number of probes (%) Collective (%)
p (<) ‘ total B-cells (%)  monocytes (%) ‘ total (%) B-cells (%) monocytes (%)
total | 18252 9514 (52.13) 8738 (47.87) 100.00
0.001 | 14827 8016 (54.06) 6811 (45.94) 81.20 43.92 37.32
1x107°0 | 9109 4795 (52.64) 4314 (47.36) 49.91 26.27 23.64
1x107200 | 2976 1255 (42.17) 1721 (57.83) 16.30 6.88 9.43
0| 998 352 (35.27) 646 (64.73) 5.50 1.93 3.54
B-cell vs monocyte
1000 Cell type
B—cell

monocyte

t

om
I 200

100

500 - 0

- -100

-4 0
logFC

Figure 3.10: Volcano plot of differentially expressed genes in B-cells and monocytes. Probes up-
regulated in B-cells (red cross) and monocytes (blue circle) are plotted based on log, fold change
(x-axis, B-cells>0 and monocytes<0) and B log-odds (y-axis). The moderated t-statistics are shown
in two colours (red is B-cell and blue is monocyte up-regulation). Vertical lines indicate log, fold
change of +/-2.

Differentially expressed genes in B-cells

B-cells have a vital role in immune systems especially humoral immunity in the adaptive
immune system. This include antigen presentation and antibody production. Many genes
highly expressed in B-cells in comparison to monocytes are related to the activation of

B-cells and their functions are described below (Table3.3).
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MA plot

Cell type
B—cell
monocyte

0+ p.value
>1e-200
<1e-200

Figure 3.11: MA plot of differentially expressed genes in B-cells and monocytes. Probes that are
up-regulated in B-cells (cross) and monocytes (circle) are plotted based on average expression
values across the two cell types (x-axis) and log, fold changes (y-axis). Adjusted p-values (blue,
p<1x107290 pink, p>1x1072%) indicate distribution of the most significant probes.

Among differentially expressed genes identified, many are cell surface receptors.
These include CD19, the antigen by which B-cell were purified (log, fold change (logFC)
5.91, p=0). BCR activation requires CD19 as a co-receptor with CD21 and CD81 for
subsequent signal transduction and antigen presentation to helper T cells. A heterodimer
transmembrane protein CD79, encoded by CD79A and CD79B, forms a complex with
BCR and generates a signal following activation of BCR upon antigen binding (logFC
5.59 and 4.56 respectively, p=0 for both). Both CD79A and CD79B were noted to be more
highly expressed in B-cells. Higher expression was also seen for CD40, encoding a member
of the TNF receptor superfamily (logFC 2.0, p=5.32x107283). It is expressed in antigen
presenting cells (APCs) and its recognition of a ligand CD40L (also known as CD154) in
T cells leads to maturation of B-cells to antibody-producing B-cells. CD24 gene encodes
a glycoprotein that modulates signal transduction for B-cell activation following co-
stimulation for T cell proliferation (logFC 5.99, p=0). B-cells differentiate into regulatory
B-cells that help control immune tolerance. Anti-inflammatory cytokine IL10 is produced
by regulatory B-cells and inhibits production of pro-inflammatory cytokines to facilitate
differentiation of regulatory T cells (logFC 1.65, p=5.5x107171). B-cell lymphoid tyrosine

kinase, encoded by BLK gene, transmits signalling from the surface immunoglobulins
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downstream in the BCR signalling pathway promoting B-cell maturation (logFC 5.18,
p=0).

Pathogen associated molecular patterns (PAMPs) are distinctive microbial structures
that are recognised by pathogen recognition receptors (PRRs), an essential component of
innate immunity to trigger inflammation. Toll-like receptors (TLRs) are well characterised
PRRs (Kumar et al.,2009). TLR9 and TLR10 were up-regulated in B-cells (logFC 1.07 and
4.0, p=9.61x10713% and 0 respectively). Higher expression of TLR9 and TLR10 are induced
via BCR activation of naive B-cells (Bernasconi et al.,2003). Activation of B-cells via TLR9
binding CpG (double strand DNA, a TLR9 ligand) can also up regulate the production of
IL10 and B-cell proliferation (Viglianti et al.,2003|.

Differentially expressed genes in monocytes

The primary roles of monocytes involve the innate immune response and activation
of inflammation. The genes identified as differentially expressed in monocytes are
involved in those processes (Figure [3.4). They include CD14, a component of the
endotoxin LPS receptor complex with TLR4 (logFC 5.92 and 2.95, p=0 for both CD14
and TLR4 respectively). In order to sense invasion of microbes, monocytes express TLR
genes excluding TLR9 and TLR10. MyD88 encodes an adaptor protein that is essential
for the TLR pathway to activate downstream signalling for induction of the NF«xB
transcription factor (logFC 2.16, p=0). Another type of PRR, NOD2 (Nucleotide-binding
oligomerisation domain-containing protein 2) that is independent from MyD88, is also
significantly expressed in monocytes (logFC 4, p=0).

Monocytes migrate through blood vessels into a site of inflammation (Ley et al.,2007).
Chemokine receptors (CCR2 and CX3CR1) recognise chemokines that guide migration.
Transendothelial migration of monocytes is mediated by adhesion receptors for cell
migration (PECAM1 and ICAM1, logFC 2.38 and 0.88, p=0 and 1.54x107'%3 respectively).

Pro-inflammatory cytokines are secreted by activated monocytes and regulate activation
of inflammation. Genes involved in inflammation responses are differentially expressed.
TNFRSF1A and TNFRSF1B encode tumour necrosis factor (TNF) receptors that mediates
the TNF-a signal to downstream pathways and promotes the cytokine cascade (logFC
4.55, p=0).

The differential gene expression analysis demonstrates that the majority of genes
expressed in B-cells and monocytes are significantly differentially expressed when these

two cell types are compared. In order to investigate those genes systematically, pathway
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analysis was conducted in the following section to determine enrichment of these genes

with functional pathways in each cell type.
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Table 3.3: Differentially expressed genes in B-cells. logFD: log, fold changes, t: moderated t-statistics, B: B statistics (log-odds), adj.P.Val: adjusted p-values by
FDR.

B-cell up-regulated genes

Average expression

Gene Gene product Refseq_ID Location logFC t B adj.P.Val B-cells monocytes Both
B-cell activation
BLK B Iymphoid tyrosine kinase NM_001715 8p23 5.18 257.62 1361.73 0 11.43 6.25 8.84
CD19 CD19 molecule NM_001770 16pl11.2 591 213.77 1255.50 0 12.88 6.97 9.92
CD24 CD24 molecule NM_013230 Yql1.2 5.99 223.97 1282.02 0 12.40 6.42 9.40
CD40 CD40 molecule, TNF NM_001250 20q12 2.00 70.05 640.48 5.32x107283 9.80 7.80 8.80
receptor superfamily
member 5
CD79A CD79a molecule, NM_001783 19q13.2 5.59 211.85 1250.36 0 12.14 6.55 9.34
immunoglobulin-associated
alpha
CD79B CD79b molecule, NM_021602 17923 4.56 221.62 1276.00 0 13.10 8.54 10.81
immunoglobulin-associated
beta
CDS§1 CD81 molecule NM_004356 11p15.5 1.24 80.99 716.49  7.49x107316 13.87 12.63 13.25
CD82  CD82 molecule NM_001024844 11p11.2  1.51 71.16 648.66 1.55x1072%  10.03 8.51  9.27
IRF8 interferon regulatory factor NM_002163 16q24.1 1.05 79.62  707.47 5.90x107312 13.22 12.17 12.70
8
Anti-inflammatory cytokine
IL10 interleukin 10 NM_000572 1q32.1 1.65 40.71 381.30 5.55x10717! 12.30 10.65 11.48
Inflammatory response
LTB Iymphotoxin beta (TNF NM_002341 6p21.3 4.70 255.54 1357.11 0 12.69 7.99 10.34
superfamily, member 3)
TLR pathway
TLRI0O  toll-like receptor 10 NM_001017388 4pl14 4.00 164.93 1108.51 0 11.58 7.58 9.57
TLR9 toll-like receptor 9 NM_017442 3p21.3 1.07 37.00 341.44 9.61x107154 7.15 6.08 6.61
TRAF5 TNF receptor-associated NM_004619 1932 4.24 217.14 1264.39 0 10.86 6.62 874

factor 5
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Monocyte up-regulated genes

Average expression

Table 3.4: Differentially expressed genes in monocytes. logFD: log, fold changes, t: moderated t-statistics, B: B statistics (log-odds), adj.P.Val: adjusted p-values
by FDR.

Gene Gene product Refseq_ID Location  logFC t B adj.P.Val B-cells monocytes Both

Inflammatory response

AOAH acyloxyacyl hydrolase NM_001637 7pl4-pl2 -4.10 -127.84  965.57 0 6.81 1091  8.86

CCR2 chemokine (C-C motif) NM_000647 3p21 -3.10 -82.82  728.38 5.32x1073%! 7.87 10.97  9.42
receptor 2

CD163 CD163 molecule NM_203416 12p13 -4.19 -154.39 1071.27 0 7.35 11.53  9.44

CLEC4A C-type lectin domain family =~ NM_194447 12p13 -3.02 -134.25  992.87 0 8.72 11.74 10.24
4, member A

CX3CR1 chemokine (C-X3-C motif) NM_001337 3p21.3 -2.21  -76.67  687.56 2.35x1073%3 7.28 9.49  8.39
receptor 1

ICAM1 intercellular adhesion NM_000201 19p13.2 -0.88  -39.09  364.09 1.54x107!63 6.63 7.51  7.07
molecule 1

LTBR lymphotoxin beta receptor NM_002342 12p13 -3.91 -154.58 1071.98 0 6.88 10.79  8.84
(TNFR superfamily, member
3)

PECAM]1 platelet/endothelial cell NM_000442 17q23.3 -2.38 -116.31  913.09 0 9.63 12.01 10.82
adhesion molecule 1

TNFRSF1A tumor necrosis factor NM_001065 12p13.2 -4.55 -128.10  966.69 0 6.54 11.09  8.82
receptor superfamily,
member 1A

Monocyte differentiation

KLF4 Kruppel-like factor 4 (gut) NM_004235 9q31 -3.56  -96.83  812.52 0 6.22 9.78  8.00

Pathogen recognition receptors

NOD2 nucleotide-binding NM_022162 16q12 -4.00 -145.96 1039.70 0 6.45 10.45  8.45
oligomerization domain
containing 2

TLR pathway

CD14 CD14 molecule NM_000591 5q31.3 -5.92  -90.99  778.80 0 7.91 13.84 10.88

MYDS88 myeloid differentiation NM_002468.3 3p22 -2.16 -111.00  887.27 0 8.72 10.89  9.81
primary response 88

TLR1 toll-like receptor 1 NM_003263 4p14 -0.96  -19.01 130.79  1.40x107%2 6.24 720  6.72

TLR2 toll-like receptor 2 NM_003264 4q32 -1.64  -82.22 72453 2.55x107317 5.86 7.51  6.69

J1a1dey)
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TLR4 toll-like receptor 4 NM_138554 9q33.1 -2.95 -128.59  968.82 0 6.20 914  7.67
TLR5 toll-like receptor 5 NM_003268  1q32.3-q42 -2.95 -120.86  934.34 0 7.45 10.40  8.93
TLR6 toll-like receptor 6 NM_006068 4p16.1 -1.38  -63.82 592,92 1.89x107262 8.37 9.75  9.06
TLR7 toll-like receptor 7 NM_016562 Xp22.3 -0.59  -15.35 89.19 1.52x10~* 8.77 9.35  9.06
TLR8 toll-like receptor 8 NM_016610 Xp22 -4.39  -146.79 1042.91 0 6.27 10.66  8.47
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Chapter 3

Major histocompatibility complex genes

HLA genes located on chromosome 6 (chr6, 6p21.3) encode antigen presenting proteins
that are vital to the immune system. Major histocompatibility complex (MHC) class I
genes encode molecules that present foreign derived small peptides following internal
processing in immune nucleated cells and platelets. MHC class II genes encode heterodimeric
protein molecules to present antigens to a T cell receptor in T helper cells. Overall
expression levels of the MHC genes are high in both cell types (log, expression>10, Table
[3.5). B-cells were found to express higher levels of class II genes compared to monocytes,

and monocytes expressed higher levels of class I genes.
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Table 3.5: HLA gene expression in B-cells and monocytes. logFD: log, fold changes, t: moderated t-statistics, B: B statistics (log-odds), adj.P.Val: adjusted

p-values by FDR.

Average expression

SYMBOL REFSEQ_ID logFC t B adj.PVal = B-cells monocytes Both
B-cell up-regulated HLA genes

HLA-DOB NM_002120 490 178.73 1153.93 0 12.26 7.36  9.80
HLA-DOA NM_002119 3.02 114.50  904.40 0 11.46 8.45 9.95
HLA-DPB1 NM_002121 1.04 27.87 23659 2.16x10719%  10.61 9.58 10.09
HLA-DMA NM_006120 0.30 20.57 149.21 1.47x10779  13.85 13.55 13.70
HLA-DQA1 XM_936128 1.20  19.69 138.81 4.68x107°  13.51 12.32 1291
HLA-DPB2 NR_001435 0.38 18.58 125.76 2.12x10790 7.36 6.99 7.18
HLA-DQBI NM_002123 1.28 10.36 39.54 5.82x1072%  10.98 9.69 10.33
HLA-DPA1 NM_033554 0.12 7.16 14.90 3.42x10712  13.98 13.86 13.92
Monocyte up-regulated HLA genes

HLA-A NM_002116 -0.51 -38.90 362.02 1.21x10°'02  14.12 14.63 14.37
HLA-B NM_005514 -0.54 -35.31  322.69 1.24x107145  13.55 14.09 13.82
HLA-H NR_001434 -0.52 -28.76  247.15 5.84x107!13  13.60 14.13 13.87
HLA-E NM_005516 -0.19 -10.83 43.79 8.20x107%2>  13.27 13.46 13.37
HLA-DRA NM_019111 -0.11  -10.21 38.24 2.14x10722  14.53 14.64 14.58
HLA-F NM_001098479 -0.24  -9.52 32.47 7.00x10720  11.37 11.60 11.48
HLA-C NM_002117 -0.47  -7.40 16.48 6.96x10713 9.74 10.21  9.98
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3.6 Pathway analysis of differentially expressed gene in

two immune cell types

3.6.1 Background

The data obtained from the differential gene expression analysis in B-cells and monocytes
provided examples of specific differentially expressed genes that related to their cellular
specificities and roles in biological processes. However, it is laborious to curate thousands
of genes manually for functional annotation. In order to interpret the genes expressed
in two immune cell types systematically, gene enrichment analysis was performed using
Reactome database to identify functional pathways up-regulated in each cell type (Joshi-
Tope et al., 2005, Croft et al., 2011, www.reactome.org). The Reactome database is a curated,
peer-reviewed, resource of human biological processes. A basic unit of Reactome is a
reaction in which inputs convert into outputs with experimental evidence of one or more
literature citations. Groups of these reactions form pathways that for each reaction can be

sequential, in parallel or in a cycle.

3.6.2 Pathway analysis

Out of 7061 and 6011 probes significantly expressed in B-cells and monocytes respectively,
6817 and 5894 genes annotated with Entrez IDs were analysed for over-representation
against 17248 genes as a background with p-value threshold <0.05. 5654 and 4725 genes
were significantly identified as enriched in 8 and 34 pathways in B-cells and monocytes

respectively (most significant pathways pg_c.;;=7.63x107'? and p,,;pno=1.29x1073>

, appendix
Tables[I]and[2). The number of the pathways significant include up to second levels in the
pathway hierarchy in the Reatome dataset. The genes not differentially expressed in B-
cells and monocytes were also tested for enrichment in different pathways (4120 genes).

However, no pathway related with immunity was significantly identified.

3.6.3 Pathways enriched with B-cell gene products

The pathways over-represented in B-cell genes belong to gene expression (pathway ID
74160, p=7.63x107'2), translation (ID 156842, p=1.41x10~!') and maintenance of the cell
cycle (ID 1640170, p=3.22x1078). The most significant pathway was the gene expression
with lower level pathways (Figure [3.12). Within this pathway, B-cell expressed genes are

enriched in biological processes for metabolism of mRNA, nonsense-mediated decay and
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translation termination. No pathway that is involved with the adaptive immune system

was significantly identified in this analysis.

Pathways enriched with monocyte gene products

In monocytes, the most significantly enriched pathways included the immune system (ID
168256, p=2.57x1072%), signal transduction (ID 162582, p=4.04x107!%) and metabolism
(ID 1430728, p=1.29x107%%). Compared to the pathways significant in B-cell genes,
the significant pathways in monocytes were much more directly related to their roles
in the immune system. For example, antigen presentation is one of the primary roles
of monocytes, to transfer information of a non-host to T cells (Antigen processing-
cross presentation, ID 1236975, p=1.36x107!3). The TLR pathways, which were also up-
regulated, are vital to the innate immune system (Toll Receptor Cascades, ID 168898,

p=1.23x107%). The pathways enriched with genes over-represented in monocytes are

shown in Figure

B-cell differentially expressed genes

Gene EX})ression
423/785

Nonsense—Mediated Decay -logs O(p - Value)
100/152

7.48
Nonsense Mediated Decay Enhanced Nonsense Mediated Decay Independent
by the Exon Junction Complex of the Exon Junction Complex
100/152 92/135
6.18
Eukaryotic Translation Termination
91/130
4.88
Influenza Viral RNA Transcription
and Replication
90/128 3.58
Viral mRNA Translation
90/128
2.28

Figure 3.12: Pathways enriched with B-cells differentially expressed genes. P-values are indicated
by colour gradient. The most significant pathway is Gene Expression at p=7.63x10712.
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Correlation of gene expression within cell types

Background

Correlation of genes expression levels among cell types may provide insight into biological
function. I was interested in identifying key subsets of nodal genes whose expression
values were correlated with many other genes. Pathway analyses on such nodal genes
may further inform as to underlying function of the cell type and additionally identify
such key genes. Correlation was performed within cell types and analysed using pathway

analysis.

Correlation analysis

Genes highly up-regulated in each cell type were used for correlation analysis. In total
6011 and 7061 probes for B-cells and monocytes which were significantly expressed in
each cell type were used for correlation analysis (p<1.5x107'°, Bonferroni correction for
multiple testing for differential gene expression). Correlation between gene expression
in log, values was analysed using a linear model with p-value threshold 2.41x107!!
(Bonferroni correction). Among differentially expressed genes, 4342 and 5220 probes are
significantly correlated in B-cells and monocytes respectively (Table [3.6). As a number
of probes are correlated in both cell types, some probes were correlated with the large

number of other probes, where frequency distribution plots are shown in Figure

Table 3.6: Summary of gene correlation analysis.

Probes tested Probes correlated (%) Number of correlations
(p<2.41x1071)
B-cells 6011 5220 (86.8) 1139064
Monocytes 7061 4342 (61.5) 744237
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Figure 3.14: Frequency of probe correlation in differentially expressed in B-cells (left) and
monocytes (right). The number of probes correlating more than 20% of significantly correlated
probes (more than 1044 and 868 probes respectively) is 512 and 507 for B-cells and monocytes
respectively.

76



LL

Table 3.7: Highly correlating genes in B-cells and monocytes. Median of t.statistics are shown for positive and negative correlations respectively. The highly
correlating probes have greater t-statistics in a positive direction.

Number of

t.statistics (median)

Gene Gene product correlations positive negative Refseq-ID Location
B-cells
TCP1 t-complex 1 1614 12.64 -8.97 NM_030752 6q25-q27
PIK3AP1  phosphoinositide-3-kinase adaptor protein 1 1610 12.99 -9.04 NM_152309 10q24.2
RPLP1 ribosomal protein, large, P1 1599 12.65 -9.04 NM_001003 15q22
ADD3 adducin 3 (gamma) 1598 12.49 -8.79 NM_001121 10g25.2
ROD1 polypyrimidine tract binding protein 3 1586 11.62 -8.95 NM_005156 9q32
PRKRA protein kinase, interferon-inducible double stranded RNA 1584 12.43 -9.18 NM_003690 2q31.2
dependent activator
TUBGCP6 tubulin, gamma complex associated protein 6 1576 9.91 -9.75 NM_020461 22q13.31-q13.33
SUMO?2 SMT3 suppressor of mif two 3 homolog 2 (S. cerevisiae) 1573 12.91 -8.84 NM_001005849 17925
UBLCP1 ubiquitin-like domain containing CTD phosphatase 1 1568 12.4 -8.87 NM_145049 5q33.3
DEK DEK oncogene 1563 12.5 -8.82 NM_003472 6p23
Monocytes
ANXA2P1 annexin A2 pseudogene 1 1508 14.54 -9.77 NR_001562 4q31.3
LGALS3 lectin, galactoside-binding, soluble, 3 1506 14.29 -9.77 NM_002306 14q22.3
NDUFA11 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 11, 1486 9.74 -12.35 NM_175614 19p13.3
14.7kDa
ATP1B3 ATPase, Na+/K+ transporting, beta 3 polypeptide 1483 13.87 -9.72 XM_001133534 3q23
NPTN neuroplastin 1483 14.82 -9.71 NM_012428 15q24.1
TMED7 transmembrane emp24 protein transport domain containing 1466 14.03 -9.68 NM_181836 5q22.3
7
LIMS1 LIM and senescent cell antigen-like domains 1 1462 13.87 -9.73 XM_938773 2q12.3
CSNK2B casein kinase 2, beta polypeptide 1459 9.7 -12.06 NM_001320 6p21.33
MPV17 MpV17 mitochondrial inner membrane protein 1457 9.8 -12.92 NM_002437 2p23.3
SGK3 serum/glucocorticoid regulated kinase family, member 3 1451 12.68 -9.58 NM_001033578 8ql2
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Pathway analysis of the highly correlated genes

The products of the highly correlating genes in B-cells and monocytes had variable
cellular functions (Table[3.7). The functions of those genes were determined by enrichment
of gene functions in biologically pathways using the Reactome database. Probes with
Entrez gene IDs that are correlated with more than 20% of 5220 and 4342 probes in
B-cells and monocytes were selected for an enrichment analysis (512 and 507 probes
respectively). With the p-value threshold <0.05, 491 and 490 genes were identified as
over-represented in pathways of each cell type.

The top correlated genes in each of the cell types are enriched in pathways involved
in essential cellular functions. In monocytes, the pathways enriched belong to respiratory
electron transport and ATP synthesis (most significant p=6.95x10~°), the citric acid cycle
(p=1.06x1078), and metabolism (p=1.36x1078, Figure . By contrast, the pathways
enriched in B-cells are involved with RNA transcription, translational regulation and
termination, and metabolism of RNA (most significant p=3.3x107%, Figure .

Secondly, the genes correlated with the top 5 highly correlating genes were investigated
for their enrichment in biological pathways. 2058 and 1796 genes in B-cells and monocytes
were tested for gene enrichment and 1867 and 1641 genes were identified as over-
represented out of the total genes. Similar to the highly correlating genes, B-cell genes
were over-represented in gene transcription and translation pathways and monocyte
genes were over-represented in metabolism. Thus genes correlating with each other are

typically specific to basal cellular mechanisms (appendix Table [3).

Discussion

The data presented in this chapter consists of the transcriptome profiles of highly purified
human primary immune cells from a population of healthy volunteers of European
descent. The analysis on the dataset has generated information for each cell type which

can be related to their functions in the immune system.

Sample collection

The highly purified B-cells and monocytes were isolated from PBMCs for 288 healthy
volunteers using the MACS technology. The positive separation method was chosen
for this sample collection because the comparison on FACS showed higher purity than

the negative method (99% and 90-95% purity in monocytes and B-cells respectively).
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Monocyte correlation top frequent genes
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Figure 3.15: Pathway enriched with monocytes highly correlated genes. The diagram created by
ReactomePA shows enriched pathways with connections to other related pathways.

Previous studies using PBMC gene expression analysis, for example to compare patients
and controls, have identified descriptive/informative expression signatures (Alizadeh
et al., 2000} Ross et al., 2000, Veer et al., 2002). However, those signatures may be caused
by cell type specific gene expression and/or changes in the cellular constituents of blood
(Baechler et al., |2003|, Batliwalla et al., |2005a, Batliwalla et al., [2005b, Achiron et al.,
2004, Bennett et al.,2003). The dataset described here was derived from highly purified
immune cell types and has greatly reduced noise caused by cell impurity compared to
many previous studies.

Positive separation by antibodies of CD cell surface markers may potentially cause
activation of cell types as CD14 and CD19 are both receptors. An initial study which
compared positive and negative separation methods in CD4* and CD8" T cells suggested
that negative separation could avoid this, however there is no consensus over whether
negative selection in fact reduces this potential cell activation (Stanciu et al., 1996).
Keeping cells on ice during separation can also avoid further cell activation. Lyons
and colleagues demonstrated that positive separation was superior to negative in gene
expression profiling of five immune cell types (Lyons et al., 2007). Using FACS to
determine cell purity in the samples of the healthy volunteer dataset, it was clear that
positive selection was advantageous for cell purity and the differential gene expression

data supported this.
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Quality control of microarray data

The quality control using the control dataset has shown that each step of the RNA sample
preparation was performed properly. The hybridisation of the control probes provided
insights into the efficiency of the RNA hybridisation. The plot revealed two potential
outliers which corresponded to the outliers detected by the normalisation step.

The normalisation of microarray data was essential in order to extract the gene
expression profiles without technical biases and to study the differential gene expression
between cell types. The normalisation was applied in the dataset in order to reduce biases
caused by artefacts such as RNA concentration, cRNA preparation and different chips
used. Using data obtained from different chips is often a significant cause of technical bias
(Draghici et al.,|2006, The MicroArray Quality Control (MAQC) project et al.,|2006). Those
technical biases were successfully removed from the dataset by RSN. The data uniformity
after RSN was shown by the plots in the quality control section.

In total 586 samples out of 588 passed the quality check after normalisation (99.7%).
This high sample pass rate implies that the samples have been processed homogeneously
in each step, namely cell separation, RNA purification and microarray processing.

The biological and technical replicates of the microarray experiment showed good
reproducibility and demonstrated high quality data implying the sample collection and
preparation were uniformly performed. This gave confidence that comparison of the data
from each sample could be made from the difference in gene expression.

It has been demonstrated that genetic background influences gene expression when
compared unrelated to related individuals (Monks et al., |2004, Morley et al., 2004,
Cheung et al.,2003). The individuals in this study sample collection reported their genetic
background as European descent, which makes the gene expression profile of the cohort
more homogeneous. However, the precise genetic stratification of the healthy volunteer

cohort is described in the Chapter [4|for eQTL mapping analysis.

Differential expression analysis

Comparison of the gene expression profiles from the two immune cell types was
performed using the R limma package. The method involved fitting a linear model to
each probe and contrasting between B-cell and monocyte values to calculate the log,
fold change. More than 80% of probes tested were differentially expressed in B-cells

and monocytes. One explanation for this high proportion may be the larger number of
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individuals tested, which provided very high power, as well as high purity of the cell
fractions and the RNA samples.

The roles of B-cells and monocytes in the immune systems are different. Many genes
significantly differentially expressed in monocytes correspond to gene products whose
functions are primarily for surveillance, recognition of microbe ligands (PRRs), activation
of inflammation responses and cell migration to the site of inflammation. In circulating
peripheral blood, B-cells are in a steady unactivated status. CD19" is expressed in B-cells
from an early stage of cell maturation and thus was chosen to be a marker of the B-cell
population in this study, however this makes CD19" B-cells a mixed cell population.

The genes significantly differentially expressed in B-cells in this dataset are mainly CD
markers of B-cells, components of BCR, MHC class II molecules and PRRs. The activation
of B-cells can be initiated by encountering APCs, antigen processing and activation of the
T helper cells by APCs following differentiation to plasma B-cells for antibody production.

The MHC class I and II genes were shown to be expressed highly in both B-cells and
monocytes. The statistical comparison precisely distinguished that the class I genes were
more significantly expressed in monocytes and the class II genes in B-cells. The MHC class
I genes are generally expressed in almost all cell types in humans, and the MHC class I
receptors present antigens derived from pathogens, which are processed by phagocytosis.
CD14" monocytes can differentiate into macrophages, a professional phagocyte. This may
explain higher expression of the class I genes in monocytes than B-cells. The MHC class
IT genes are more expressed in B-cells than monocytes. This may be because monocytes
require stimulation by cytokines such as IFNy to increase expression of the MHC class II

genes upon immune response (Steimle et al.,|{1994).

Pathway analysis

The pathway analysis of the differentially expressed genes in B-cells and monocytes
helped to identify the position and roles of the genes in biological processes. The genes
expressed in monocytes were enriched in pathways involved in the innate and adaptive
immune systems as well as signal transduction and metabolism. Pathways involved in the
MHC class I molecule genes, PRRs including TLRs and cytokine signalling and production
were enriched in monocyte genes. They provide an immediate defence against infectious
microbes and virus, and tissue damages. On the other hand, the genes expressed in B-
cells were enriched in pathways of gene expression, translation and maintenance of the

cell cycle. These pathways are not directly related in antibody and plasma production,
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primary roles of B-cells in the adaptive immune system. This may relate to the fact that

B-cells in the bloodstream are not in an activated state.

Correlation

Correlation analysis of gene expression in B-cells and monocytes was performed to
investigate possible functional relationships and to find subsets of genes whose expression
were highly correlating to many other genes. t-statistics shows direction of correlation
and many highly correlating genes had greater positive relationships. Pathway analysis
on those genes shows that genes highly correlating with each other belong to basic
cellular metabolism and maintenance, not to immunity related genes, in both B-cells and
monocytes. The gene expression profiles shown in this dataset were obtained from native,
untouched immune cells from the bloodstream, which may explain why no correlation
of immune related genes was identified. The analysis of gene expression in an activated

status may be able to capture correlation of immune related genes.

Investigation for disease

A transcriptome analysis in diseases is used to find specific patterns in a comparison
to healthy condition. For example, gene expression in tumour cells show distinctive
expression signatures and can be used to classify types of cancers (Golub et al.,|1999,Ross
et al.,|2000, Veer et al.,|2002, Sotiriou and Pusztai, 2009). To my knowledge, this dataset
may be one of the largest cohorts collected with homogeneous genetic background. This
cohort size may be large enough to define inter-individual variability of gene expression.
Therefore, this dataset can be used to compare with gene expression profiles in disease to
find a signature associated with the phenotype. Correlation type of analysis with a gene

mutation may be possible to predict other affected genes.

Summary

The gene expression datasets presented in this chapter consist of highly purified B-
cell and monocyte primary cells that were carefully processed for data acquisition.
The differential gene expression analysis revealed the genes significantly differentially
expressed in monocytes and B-cells correspond to their roles in the immune system at
both the individual gene and biological pathway level. This dataset has potential to be a

valuable resource for the study of cell type specific gene expression.
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Investigation of eQTL in primary

human immune cells

Introduction

The architecture of gene expression is highly heritable and varies within and between
populations (Schadt et al., 2003, Monks et al., 2004} Stranger et al., 2007a, Goring
et al., 2007). How genetic variants relate to differences in gene expression has been
studied by associating the abundance of gene transcripts per individual to genetic
polymorphisms specific to the subject (Morley et al., 2004} Dixon et al., 2007, Spielman
et al., 2007). When this is performed within a population of subjects it is known as
expression quantitative trait loci (eQTL) mapping. eQTL mapping provides information
to functionally characterise variants associating with gene expression. This is of particular
value in GWAS where the question of which gene(s) may be affected by a SNP showing
evidence of disease association is often unclear and implied based on physical proximity.

Cis-acting variants are associated with local genes, generally within 100kb. These
variants may drive modulation of gene expression levels through effects in promoter
and enhancer sequences. Trans-acting variants are associated with genes not in their
proximity. The precise definition of trans association has been stated as a physical
distance between genetic variants and genes, typically not on the same chromosome. Their
mechanism of action is often unclear; but can be envisaged to be due to distal enhancer
activity, or alternatively in effects of genes upstream of the target eQTL. These genes will
typically be key regulating genes, for example transcription factor genes, and involve
transcription activators (Small et al.,|2011)). Therefore, this type of association may appear
more in activated or stimulated states (Smirnov et al., 2009, Gaffney, 2013).

It is important to understand the genetic determinants of gene expression because

they may have phenotypic consequences including disease susceptibility. The goal of
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eQTL mapping is to characterise functionality of genetic variation in association with
gene regulation. GWAS of complex diseases and traits have facilitated identification of
new susceptibility loci in more than 700 phenotypes in the past decade (more than
1400 susceptibility loci as of January 2013, Hindorff et al., |2009). However, the effect
sizes of these common variants are often far too small to be causal for disease. When
regulatory effects are postulated based on GWAS associations in intergenic regions, the
biological insight from the GWAS will depend on identifying which genes are modulated.
Thus, assigning roles to DNA variants can contribute to understanding of genetic
susceptibility to complex and common diseases that have a heritable component including
T1D, T2D, asthma, coronary artery disease, Crohn’s disease, and RA (Hirschhorn, [2003,
Polychronakos and Li, [2011, Stumvoll et al., 2005, Sladek et al., 2007, Ober and Hoffjan,
2006, Vercelli, 2008, Watkins and Farrall, 2006, Tysk et al., 1988, Franke et al., 2010,
MacGregor et al., 2000, Jawaheer et al., 2001).

A number of eQTL studies have now been reported using cultured cells or tissue
samples, and have used diverse platforms for gene expression and genotyping. This
has led to a number of common local associations likely acting in cis being identified.
For example, cis eQTL associations to interferon regulatory factor 5 (IRF5) has been
identified in several studies in human lymphoblastoid cell lines (LCLs) (Kwan et al., 2008,
Morley et al., 2004, Cheung et al., 2005, Dixon et al., 2007). On the other hand distal
associations acting in trans have smaller effect sizes and are therefore more difficult to
validate. Furthermore, it is proposed that trans eQTL might be more sensitive to context
(Gaffney, 2013). Studies in mice have demonstrated biological reproducibility using the
same platforms (Nas et al.,[2010), however, studies in humans are frequently confounded
by diverse methodologies and sample handling. Environmental factors and cell types also
have profound effects on detecting eQTL (Idaghdour et al., 2010}, Dimas et al.,2009).

In order to investigate context specific information from the non-immortalised transcriptome
of a single cell type relevant to disease, it is important to study highly purified primary
cells. The eQTL analysis on the HapMap populations is powerful due to the large
and defined population size and the availability of genotyping data. However, the
immortalisation performed in this study by Epstein Barr Virus (EBV) to create LCLs
cannot avoid modification of their innate gene expression profiles (Caliskan et al., 2011).
Recent eQTL studies began to explore gene expression profiles from primary tissues or
cells in order to extract the information ex vivo (Dimas et al.,[2009, Fehrmann et al., 2011,

Zeller et al., 2010, Murphy et al., 2010). An eQTL comparison among three umbilical
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cord-derived cultured cells (fibroblasts, LCLs and T cells) estimated that up to 80% of
regulatory variants are cell type specific (Dimas et al.,[2009).

The eQTL analysis presented in this chapter investigates cell type specific eQTL in
two human primary immune cells, monocytes and B-cells for a cohort of 288 healthy
volunteers. Monocytes, which are innately active immune cells, and B-cells from the
humoral immune system, have been investigated to determine common and cell-type
specific genetic determinants of the immune response. The data obtained in this analysis is
further analysed to understand genetic variants identified in GWAS with their associated

genes.

Objectives

The aim of the work described in this chapter is to map eQTL in human primary immune

cell populations in a cell type specific manner. Specific objectives are:

1. Perform cell type specific eQTL mapping in primary B-cells and monocytes in both

cis and trans

2. Interpret identified eQTL in the context of known GWAS loci and immunological

pathways

Gene expression array profiling of primary immune

cells

The gene expression profiles of primary B-cells and monocytes for 288 healthy volunteers
were obtained using Illumina HumanHT-12v4 BeadChips. The details of data normalisation
are described in Chapter |3 In brief, the expression data for 286 and 287 samples from
CD19* B-cells and CD14* monocytes respectively were selected after normalisation.
Probes with SNPs in their target sequences were removed in order to avoid false
positive associations. In order to identify probes with SNPs, first the probe coordinates
were determined using the NCBI BLAST ftp site onto human genome assembly 36
(NCBI36, (ftp://ftp.ncbi.nlm.nih.gov/blast/). BLAST, Basic Local Alignment Search Tool, is
a program to align two sequences to find local similarity (Altschul et al., 1990, Altschul
et al.,|1997). For exon spanning probes, only probes that matched more than 24bp in one
exon were used. Probes that matched more than 2 genomic locations were removed. Then

SNPs in probe target sequences were identified by overlapping probe coordinates with
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SNP coordinates from the EUR population in the 1000 Genomes Project (Interim Release
23/11/2010, Durbin et al.,|2010). Probes containing SNPs with MAF >1% were removed
from further analysis. A total of 29022 probes corresponding to 22011 genes (based on

NCBI36) were retained for further analysis. This analysis was specific to autosomal genes.

Genotyping of the volunteer cohort

Background

High throughput genotyping has become an essential tool for GWAS of human diseases
in the past decade. To date, approximately 53 million SNPs have been reported in the
human genome (38 million SNPs validated, dbSNP build 137 release, 26th June 2012,
Sherry et al.,2001), although it had been estimated that the number of SNPs was around 11
million before efforts by the International HapMap Project and the 1000 Genomes Project.
The number of novel SNPs is expected to increase because many current projects are
applying whole genome sequencing (WGS) to various populations. One of the aims of the
International HapMap Project was to characterise linkage disequilibrium (LD) structures
across the human genome. Information about LD structures contributes to identifying
SNPs with the same LD (r? 1). These SNPs can be used to accurately impute other SNPs
with the same or strong LD. In order to genotype millions of SNPs in an efficient and cost-
effective manner, selection of tagging SNPs was an important step to cover SNPs across
the genome. Although whole genome sequencing is attractive to identify novel single
nucleotide variants (SNVs), the technology is not economical to genotype thousands of
individuals yet. Thus, the high density microarray platform for genome-wide genotyping
is still the favoured option to reliably genotype hundreds of thousands of SNP markers

simultaneously in the most economical fashion.

Genotyping platform

The Illumina Infinium HD assay is based on the Illumina BeadChip technology, similar to
the gene expression technology (Steemers and Gunderson, [2007). A high-density array
platform, the Sentrix BeadChip, has wells created by photo lithography and plasma
etching on silicon wafers. Silica beads (3 um diameter) are randomly dispersed on the
BeadChip. Oligonucleotide probes (50-mer long) attached to silica beads are designed

to hybridise with genomic DNA up to one base pair before the allele of interest. After
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hybridisation of fragmented genomic DNA, a single-base extension reaction incorporates
one of the four dideoxynucleotides labeled with one of two-colour fluorephores (one
colour for A and T and another for G and C). The advantages of this method include
a PCR-free reaction which requires a small amount of DNA, and single probe design is
required to detect both alleles of a SNP. The disadvantage is that only 83% of all SNPs
can be genotyped since the platform uses two colour labels and 17% of SNPs those with
A/T or G/C alleles can not be measured. The BeadChips hybridised with genomic DNA
are scanned by the iScan System (Illumina) for image capture. The acquired images are
analysed on the GenomeStudio Genotyping (GT) module for genotype calling.

The normalisation of Infinium HD raw genotyping data by the GT module adjusts
for channel-dependent background and global intensity differences and scales the data
(Illumina, 2006). The scanned image data is normalised by an parallel coordinate
transformation in each sub-bead pool which is a set of beads manufactured together
and located roughly in the same stripe on a BeadChip. The raw signal intensities of
the two colours, X and Y, are rotated and rescaled to decrease dependence between two
alleles. Genotyping calling is performed on the normalised signal intensities (norm R =
Xorm+Ynorm) and allele frequency (norm Theta = (2/pi)*arctan2(Y ,,orm, Xpnorm)) relative to
canonical cluster positions for each SNP marker.

Each SNP from the normalised data is plotted on a SNP genplot with normalised
Theta and R (Figure [llumina, 2010). The GT module calls SNP genotypes by shading
clusters as homozygous and heterozygous. The module also outputs a quality score called
a GenCall score that indicates the reliability of each genotyping call (between 0 and 1)
and is calculated based on angles, dispersion, overlap and signal intensity of each SNP
genplot. The GT module sets the threshold on GenCall scores >0.15 and SNPs lower than
this cutoff were excluded for further analysis.

In order to conduct eQTL analysis on purified immune cells, genome-wide genotyping
on 288 healthy volunteers of European descent was performed. Genomic DNA was
extracted from whole blood of 288 individuals (125 males and 163 females, see Materials
and methods, Table [3.1). In total 733202 genetic variant markers, primarily consisting of
SNPs, were genotyped using Illumina HumanOmniExpress-12v1.0 BeadChips (NCBI36
Build). The genotypes were called by the GT module as described above and the final
report was used for further analysis. PLINK, the whole genome association analysis toolset
(http://pngu.mgh.harvard.edu/~purcell/plink/, Purcell et al., 2007)), was used for quality

control and population stratification analysis in the following sections.
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norm R

norm Theta

Figure 4.1: An example of the Infinium SNP genplot. The x and y axes represent normalised theta
and signal intensity R respectively. Samples clustered in the blue and red shaded regions are
homozygous. Samples clustered in the purple shaded region are heterozygous. Samples displayed
as yellow points are outliers. Adapted from the Illumina GenomeStudio GT module guide (Illumina,
2010).

Genotyping rate and filtering

Due to the nature of Illumina Infinium HD genotyping system that uses probes to
hybridise flanking SNP loci, not all SNPs are successfully genotyped because of failure of
probe hybridisation and other factors such as poor DNA quality. The failure of genotype
calling was determined by genotyping rates of each SNP as well as the GenCall scores.
Minor allele frequency (MAF) is another determinant of SNP filtering because rare
variants in a population may result in false positives. Although the definition for common
and rare variants vary in the literature, MAF>1% cutoff was used in this dataset. Two
criteria for SNP inclusion were used; for SNPs with MAF >5%, genotyping call rate at
>98%; for SNPs with MAF between 1 to 5%, genotyping call rate at>99%. A total of 639719
SNPs (592775 with MAF>5% and 46944 with MAF between 1 and 5%) were included
for population stratification analysis. After SNP filtering, the average SNP call rate was

99.9%.

Sample filtering

It is important to ensure that there is no discordance on samples in sex, DNA contamination
or duplication. Discordance of sex was determined by the heterozygosity rate of SNPs

on the X chromosome. The discrepancy of sex between genotyping and that recorded at

89



Chapter 4

collection can be identified by calculation of the heterozygosity rate of SNPs on the X
chromosome because males have only one X chromosome resulting in a rate of 1. Typically
the heterozygosity rate of females is <0.2. All individuals in the healthy volunteer cohort
passed sex check without discrepancy to the reported information.

Poor quality DNA causes missed calls in genotyping and results in skewed heterozygosity
rates of individuals. The genotyping and heterozygosity rates per individual can measure
the quality of DNA samples. Typically individuals with 3-7% genotyping missing rates are
excluded (Anderson et al.,2010). In this population, the average of the sample call rates
was 99.72% but one sample had a lower rate (94%) and was removed. The heterozygosity
rate varies in each population and genotyping platforms, therefore the distribution of
heterozygosity in a population can be used to identify individuals with biased proportion
of the heterozygosity rates. These are calculated by the number of homozygous SNPs (O)
and the number of SNPs genotyped without missing values (N). The heterozygosity rate is
given by (N-O)/N. The identified samples are suspected to arise from DNA contamination
or inbreeding. In this population, the mean heterozygosity rate (33.2%) and the standard
deviation (+/-2.9%) were calculated based on 288 individuals. Four individuals, including
the sample with low call rate, were identified as potential outliers when 4 standard
deviations were applied as threshold.

Related individuals have biased allele frequencies and will over represent genotypes
and skew association with possible false positives. In order to identify duplicated
or related individuals in the population, identity by descent (IBD) distance between
individuals was calculated based on the average proportion of common alleles without
sex chromosomes. For this purpose, only independent SNPs that were not in LD to others
(r?<0.2) were selected (130132 SNPs). The IBD calculation identified that two individuals
were second-degree relatives (Pi-hat value=0.2451), with the result that one sample of the
two was excluded. Thus after quality control, 283 out of 288 (98.3%) samples remained

for further analysis.

4.3.5 Population stratification

Population stratification consists of systematic difference in allele frequencies due to
different ancestry. It is important to study genetic association in a population of unrelated
individuals that have the same genetic ancestry because biased allele frequency leads
to spurious allelic association (Cardon and Palmer, 2003). Population stratification, also

called population structure, of the study cohort can be assessed by LD structure as well as
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allele frequencies. LD is created as a consequence of a number of factors and individuals
of shared ancestry tend to inherit the same LD structure. Comparison of LD structure of
individuals in a population with other defined populations reveals homogeneity of the
genetic background.

Multidimensional scaling (MDS) was chosen to compare the population stratification
of the healthy volunteer population with the defined HapMap populations (Altshuler
et al., |2010). MDS is an exploratory technique to visualise the level of similarity of
individuals in a dataset in a low dimensional space (Kruskal, 1964a, Kruskal, 1964b). MDS
implemented in PLINK uses a pairwise IBD matrix to determine differences in ancestry.
A total of 77063 SNPs (LD pruned SNPs, r?<0.2) were used for MDS with our population
and CEU (Utah residents with Northern and Western European ancestry from the CEPH
collection), TSI (Toscani in Italy), CHB (Han Chinese in Beijing), YRI (Yoruba in Ibadan,
Nigeria), and GIH (Gujarati Indians in Houston, Texas) HapMap populations (Figure [4.2).
Our population, consisting of 283 individuals after removal of 5 outliers, overlapped with

the CEU and TSI European populations (Figure[4.2).

Final dataset

The QC analysis for the genotyping data identified 5 outliers and they were removed for
further analysis. I decided to use a less stringent cutoff for SNP call rate for the final
dataset. The stringent SNP call rate (>98%) was important for the QC step in order to
identify individual outliers with a mixed genetic background. Therefore, the final dataset
consists of 283 out of 288 individuals (98.2%) with a total of 651210 SNPs with MAF >1%,
SNP call rate >96% and sample call rate >97%.

Cell type specific expression quantitative trait
mapping

cis eQTL

Local association (referred to here and in subsequent text as cis associations) of gene
expression with flanking SNPs was defined using a 2.5Mbp flanking window either side
of the probe start position. The definition of cis distance for this analysis was kept to a
relatively wide region in order to detect novel cell specific eQTL. Cis eQTL association was

performed using a linear model with permutation (n=1000) and with p-values<1.0x1073
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MDS with HapMap populations
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Figure 4.2: MDS analysis of our population with 283 individuals (pink circles), CEU (yellow
triangles), TSI (green squares), CHB (light blue crosses), YRI (blue squares), GIH (pink stars).

defined as significant. A total of 82346 SNP-probe associations (referred to here and
in subsequent text as expression associated SNPs, eSNPs) were identified in monocytes,
B-cells and shared in two cell types involving 37835, 26549 and 17962 associations
respectively (Figures and Table [4.1). 78.1% of eQTL involved cell type specific
association. The number of eSNPs involving cis association at different permutation p-
value thresholds showed that more associations were identified in monocytes and shared

between two cell types than in B-cells (Figure [4.5).

cis eQTL
trans eQTL
Monocytes Monocytes
37835 eSNPs 26549 eSNPs 1289 eSNPs 175 eSNPs
(45.9%) (32.2%) (81.4%) (11%)
8441 probes 7589 probes 104 probes 82 probes
Shared
Shared 120 eSNPs
17962 eSNPs (7.6%)
(21.8%) 18 probes

1466 probes

Figure 4.3: Venn diagrams of monocytes and B-cells cis (left) and trans (right) eQTL associations
showing the number of unique eSNPs and probes in a cell type specific manner.

Cell type specific eQTL may arise due to differences in gene expression between cell
types rather than due to functional genetic variants acting in a cell type specific manner.
In order to investigate this, genes expressing similar levels across the two cell types (<0.5

difference in average log, expression between monocytes and B-cells) were analysed. This
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revealed that 70149 eSNPs were identified as significant cis eQTL. The effect size of each
eSNP can emphasise how much effect each eSNP has on the level of gene expression.
Although the majority of cis eQTL were cell type specific, the effect size (r?) of the shared
eQTL was larger than cell type specific eQTL (median r? in the peak eQTL per gene =
5.5%, 5.2% and 9.4% for monocyte specific, B-cell specific and shared eQTL respectively).

Table 4.1: Summary of cis eQTL in monocytes and B-cells at permutation p-value 1.0x1073.

\ eSNPs (%)  Probes Genes

Monocyte | 37,835 (45.9) 8,441 7,468
B-cell | 26,549 (32.2) 7,589 6,831
Shared | 17,962 (21.8) 1,466 1,323
Total | 82,346 (100) 17496 15622

Examples of shared eQTL in both cell types

Although the two types of immune cells studied have distinctive roles in the immune
system, shared eQTL identified included immunologically important genes. ERAP2 on
chromosome 5 (chr5) was associated in both monocytes and B-cells with rs4360063 and
110044354 (Pyono=1.05x10"110, pp_.;;=2.51x10711> for both SNPs, Figure |4.6). ERAP2
encodes endoplasmic reticulum aminopeptidase 2 and is involved with trimming of
HLA class I peptides (Saveanu et al., [2005). These two SNPs are in perfect LD (r? 1).
r?, the square of the correlation coefficient between two alleles, is commonly used for
measurement of LD between SNPs (Devlin and Risch, [1995). r? is calculated based on
a square of a maximum coefficient of LD given allele frequencies (D) over all allele
frequencies observed. It ranges from 0 to 1 and where r’=1, two alleles are in perfect LD.
rs10239340 is associated with IRF5 on chr7 (P,ono=1.95x1071%1 and pp_,.;;=7.67x107%3).
IRF5 encodes interferon regulatory factor 5 that has many biological roles, including
roles in signal transduction of Toll-like receptors, cell cycle and apoptosis (Takaoka
et al., 2005, Barnes et al., 2003). This locus may be important for susceptibility to
autoimmune diseases, since a common haplotype of IRF5 is associated with risk of SLE
(Graham et al., 2006). rs4559 in chr12 is associated with STAT6 ((pono=1.95x107> and
PB_ce11=6.65x1073). STAT6 encodes a transcription factor and signal transducer in the
STAT family and is required for IL4 mediated signalling and development of T helper 2
(Th2) cells (Takeda et al.,|1996).
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Figure 4.4: Circos plots of monocyte and B-cell eQTL association. The outermost circle indicates
Manhattan plots with permutation p-values. The inner circle indicates gene expression levels. The
gene names in the inner circle are selected genes that have trans eQTL at p <1x107'!. The lines
in the inner circle indicate association of eSNP and trans associated genes. The number of eSNPs
associated with each gene is shown by red lines (>10), blue lines (>1 and <10) and grey lines (1).

94



Chapter 4

cis eQTL
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Figure 4.5: The number of cis eSNPs at different permutation p-value thresholds after
permutation p-value cutoff 1x1073. monocytes (mono, green), B-cells (bcell, pink) and shared
(shared, blue).

Directional effect in shared cis eQTL

The regression coefficient (beta) resulting from linear model analysis is an estimate of
how much SNP alleles affect gene expression. It also indicates the direction of effect of
eSNPs. Previous eQTL analysis across cell types reported a consistent direction of effect
of individual eSNPs. Consistent with this, it was observed that the majority of the shared
cis eQTL were identified in the same direction in monocytes and B-cells (Figure top
right and bottom left areas).

Interestingly, among shared cis eQTL (perm p<1.0x107%), a small proportion of eSNPs
had opposite effects in monocyte and B-cell gene expression. The opposite direction of
regression coefficients from linear model analysis between monocytes and B-cells was
defined as directional eQTL. A total of 59 genes and 371 eSNPs were identified (Figure
top left and bottom right areas). The median effect size of the directional eQTL was r>=8%.
Some genes with directional eQTL are important in immunological processes (Table [4.2).
For example, expression of SELL encoding L-selectin (also known as CD62L) is associated
in the opposite way with eSNP rs2223286 at P,,0no=1.05x1072% and pp_e;;=4.56x1071!
(beta,;p0=-0.33 and betap_..;;=0.14, Figure . The rs2223286 major homozygous TT

genotype (genotype frequency 0.45) is associated with higher expression of SELL than the
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Figure 4.6: Box (top) and association (bottom) plots for shared cis eQTL between monocytes
(mono) and B-cells (B-cell). P-values for the peak SNPs are indicated in the box plots (The most
significant eSNPs: ERAP2; rs4360063, IRF5; rs10239340, STAT6; rs4559).
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minor homozygous CC genotype (genotype frequency 0.11) in monocytes. On the other
hand, TT genotype individuals has lower expression than CC genotype individuals in B-
cells. Selectin-L is a cell surface adhesion molecule required for migration of leucocytes
during inflammation (McEver et al.,1995, Xu et al.,2008). A second example is rs754555
associated with DFNA5 in both cell types (Pono=1.28x10"7 and pp_c.;;=3.47x10746,
beta,;0,0=0.29 and betag_;=-0.84). The rs754555 major homozygous CC genotype
(genotype frequency 0.70) is associated with higher expression of DFNA5 in B-cells but
lower expression in monocytes. The minor homozygous TT genotype frequency is 0.03
and is associated with DFNAS5 expression in the opposite manner. Epigenetic silencing of
DFNAS has been reported in gastric, colorectal and breast tumours (Masuda et al., 2006,
Akino et al.,2007|, Kim et al.,[2008, Kim et al.,[2008).

In the following section, these eQTL associations were validated using quantitative

PCR (qPCR).

Shared eQTLs between B-cell and monocyte

Monocyte Spearman p
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Figure 4.7: Shared cis eQTL between monocytes and B-cells. Regression coefficients from linear
model analysis indicating degree of change in gene expression were used to plot and show the
direction of eQTL.
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Figure 4.8: Examples of directional eQTL in shared eSNPs in monocytes (mono) and B-cells (bcell).
rs2223286 is associated with SELL expression. rs754555 is associated with DFNA5 encoding a

protein called deafness autosomal dominant 5 (Van Laer et al.,1998).
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Table 4.2: Directional eQTL in shared eSNPs where genes are involved in immunological pathways. mono; monocytes, bcell; B-cells, Beta; regression coefficient
in a linear model.

eSNP Pmono Beta PB_cell Beta Gene Known function Reference
rs2223286 1.05x107%2 -0.329 4.56x10° "1 0.142 SELL Selectin-L, an adhesion McEver et al., [1995] Xu
molecule et al.,[2008
rs754555  1.28x107%7  0.291 3.47x107%% -0.836 DFNA5 A tumour suppressor Van Laer et al., [1998]
Masuda et al.,12006} Akino
et al.,, 2007, Kim et al.,
2008
rs4559243  6.31x1072° -0.265 2.56x10™%* 0.1 = ADAMDECI Correlated with severity of ~ Crouser et al., 2009
pulmonary sarcoidosis
rs10873515 6.76x1072!  0.287 1.67x107°% -0.189 SLC25A29 A mitochondrial transporter =~ Camacho and Rioseco-
Camacho, 2009
rs7169831 2.05x107%7 0.132 6.92x107% -0.126 ~ TSPAN3  Tetraspanins, involved in Wright et al.,|2004
tumour development
rs10873682 1.53x10737  0.544 4.23x107%°  -0.2 MCOLN2  Type I interferon response Schoggins et al., 2011

J1a1dey)
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Validation of eQTL by qPCR

In order to validate findings of eQTL based on array profiling, gPCR with RNA from
randomly selected individuals in the study cohort (n=14-29 homozygous individuals)
was performed for validation for the eQTL findings. DFNA5 and SELL were tested for
qPCR and validated in both B-cells and monocytes in the opposite direction (DFNAS5:
PB-ce1=1.88x1078 and p,010=2.32x1073, SELL: pp_ce;j=6.17x1072 and p,u0no=2.87x107>,
Figure and I). qPCR on PBMCs with SELL failed to show any evidence of eQTL
(prBMc=0.28), demonstrating that cell specificity is an important consideration for
investigating eQTL, and detecting directional eQTL will be missed in a mixed cell

population.

Replication of cis eQTL in published datasets

In order to validate the reproducibility of eQTL identified in this study in terms of
published eQTL studies, the current dataset was compared with a human primary
monocyte dataset (Zeller et al., 2010), human primary whole blood dataset (Fehrmann
et al., 2011), and human lymphoblastoid cell line datasets (Dixon et al., 2007 and
Stranger et al., 2007a). The eSNPs with p <5x107% cutoff from this study were matched
by SNP-gene relationships with the published datasets. In order to overcome different
tagging SNPs used in various genotyping platforms, additional proxy SNPs (r>>0.7) were
identified for the published datasets using SNAP, an annotation and proxy SNP search
tool with the 1000 Genomes Pilot 1 CEU data (www.broadinstitute.org/mpg/snap/). SNP-
gene pairs were counted as replicated in this study dataset if they significantly associated
in published datasets (adjusted p-value<0.05). The primary cell datasets, Zeller et al and
Fehrmann et al, shared more than 50% of all eQTL except comparison with the B-cell
dataset (Figure [4.10A). On the other hand, only 27.9% of associations were replicated in
shared SNP-gene associations among human primary peripheral blood cell eQTL studies
when compared to associations identified in LCLs (Figure |4.10B). This difference may be
caused by a difference in genotyping and expression platforms as well as cell types and

immortalisation.

Cell type specific eQTL

Novel cell type specific eQTL identified in this study are illustrated by plotting gene

expression levels by allele and local association plots centred on the gene regions (Figures
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Figure 4.9: gPCR validation of eQTL. (A-D, G) Monocyte specific eQTL. (E-F) B-cell specific
eQTL. (H-1) Shared directional eQTL. (A) rs4233458 with CD52 (p,uono=7-74x1073). (B) rs4810485
with CD40 (Py10no=0.01). (C) rs3788279 with BCL2L13 (Pono=1.72x1073). (D) rs9646268
with LITAF (Piono=9.5x107%). (E) rs539802 with VWAB5A (pp_cn=2.86x107%). (F) rs13277113
with BLK (pp_ceni=1.23x1072). (G) rs10784774 with LYZ (Puono=3.98x107%). (H) rs754555
with DFNA5 (pp_ce1=1.88x1078, puone=2.32x1073). (I) rs2223286 with SELL (pp_ce;j=6.17x1073,
— -5
Prono=2.87x107>).

101



Chapter 4

Table 4.3: Comparison of eQTL studies using significant SNP-gene associations (p<5x1078). *;
patients include 49 UC, 111 celiac disease, 453 chronic obstructive pulmonary disease, 856
amyotrophic lateral sclerosis. ND; no data. Reference: Zeller - Zeller et al., |2010, Fehrmann -
Fehrmann et al.,|2011}, Dixon - Dixon et al.,|2007), Stranger - Stranger et al.,|2007al

Study Population Size Detail Cell type
Present Healthy European descents 288 Monocytes
dataset & B-cells
Zeller Gutenberg Heart Study in 1490 Monocytes

Mainz, Germany
Ferhmann  Mixed population of Dutch 1469 414 healthy, = Whole

and British patients and 1055 blood
controls patients*
Dixon British children with asthma 400 LCLs
Stranger Mixed HapMap II 270 30 CEU LCLs
population trios, 45
CHB, 45 JPT,
30 YRI trios
Study Genotyping platform SNPs MAF (%)
Present [Nlumina Human 651210 >1
dataset OminiExpress v1
Zeller Affymetrix Genome-Wide 675350 >1
Human SNP Array 6.0
Ferhmann  Illumina HumanHap300, 289044 >5
HumanHap370, 610 Quad
Dixon Illumina Sentrix Human-1, 408273 >5
HumanHap300
Stranger [Nlumina WG-6 v1 2.2 >5
million
Study Expression array platform Probes  Genes
Present [Nlumina HumanHT-12 v4 29022 22011
dataset
Zeller [Nlumina HumanHT-12 v3 ND 12808
Ferhmann Illumina HumanRef-8 v2, 52061 19609
HumanHT12
Dixon Affymetrix U133 Plus 2.0 54675 20599
Stranger [Nlumina Sentrix Human-6 14456 13643
vl

and [4.12). The identified cell type specific eQTL included immunologically

important genes previously implicated in disease pathogenesis. The genes that formed
eQTL were tested for enrichment in biological pathways using an R package based on the
Reactome curated database as described in Section Unique Entrez gene IDs in each
cell type, B-cells 5418 and monocytes 5931, and shared between the two cell types 1287
genes were interrogated against 26766 genes as the background using the eQTLpath that

implemented an R package ReactomePA provided by Peter Humburg (Wellcome Trust
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Figure 4.10: Proportion of eSNPs (p<5x1078) observed in this study dataset with evidence
of replication in previously published eQTL studies. (A) The counts of matches in the eSNP-
gene relationships were compared with eSNPs in this study dataset (p<5x1078). (B) eSNP-gene
associations shared among three human primary peripheral blood cell eQTL studies.

Centre for Human Genetics). There was no significant enrichment in pathways when B-

cell specific, monocyte specific or shared eQTL groups were analysed.

B-cell specific eQTL

B-cell specific eQTL include examples of genes involved in B-cell development, signal
transduction for B-cell activation, even though these genes were not enriched in biological
pathways as determined above. For example, rs13277113 on chr8 is associated with BLK
in B-cells at p=3.57x10"'4, this gene encodes a B-lymphoid tyrosine kinase exclusively
expressed in B-cells and thymocytes (Dymecki et al., 1990). The ectopic expression of
BLK is observed in a malignant T cell line from patients with cutaneous T cell lymphoma
(Krejsgaard et al.,2009). This locus on chr8 has been identified from a GWAS on SLE with
odds ratio 1.39 (p=1x10"'%, Hom et al.,|2008).
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B-cell specific eQTL were found involving cell surface receptors. For example, rs6773238
on chr3 is associated with CD96 at p=1.34"9%. CD96 (also known as Tactile) encodes
a protein of the immunoglobulin superfamily and may play a role in the adhesive
interactions of activated T and NK cells during the late phase of the immune response
(Fuchs et al., [2004). rs539802 on chrll is associated with VWA5A at p=7.48x107>°.
VWAS5A encodes von Willebrand factor A domain containing 5A and is a potential
tumour suppressor. qPCR for VWAS5A and BLK validated the array quantified eQTL
was significant in B-cells but not in monocytes (Figurd4.9E and F). Other examples
of biologically interesting eQTL include rs734074 on chrl which is associated with
FAM189B at p=1.97x1072°. FAM189B encodes a protein that may interact with proteins
involved in apoptosis and tumour suppression. Finally, rs2168519 on chr15 is associated
with CSK at p=1.97x107. CSK encodes a cytoplasmic tyrosine kinase and negatively

regulates lymphocyte-specific protein tyrosine kinase (Okada et al.,|1991).

Monocyte specific eQTL

Monocyte specific eQTL genes include genes involved in signal transduction for monocytes
during immune and inflammatory responses. As determined above, there was no biological
pathway that was enriched for the monocyte-specific eQTL. Interesting associations
include rs745307 on chr20 which was associated with CD40 at p=3.25x10"%>. CD40
encodes a member of the TNF-receptor superfamily and its protein product interacts with
TNF receptor-associated factors (TRAFs) to mediate the signal transduction that induces
various immune and inflammatory responses (O’Sullivan and Thomas, [2003). rs4810485,
another peak SNP with CD40 (p=5.95x1071°) is identified as a risk variant of autoimmune
diseases RA and MS (p=8.2x10"% and 2.2.x10™* respectively, Raychaudhuri et al., 2008,
Bahlo et al.,|2009).

rs281437 on chrl9 is associated with ICAM4 at p=2.77x107%2. ICAM4 encodes
intercellular adhesion molecule 4 and the Landsteiner-Wiener blood group antigen that
belongs to the immunoglobulin (Ig) superfamily. rs9646268 on chr16 is associated with
LITAF at p=3.12x1073%. LITAF encodes a lipopolysaccharide-induced TNF factor. The
protein product can mediate TNF expression by directly binding to the promoter region
to activate several inflammatory cytokines, TNF, IFNy, MCP-2 and IL-10 (Myokai et al.,
1999, Tang et al.,|[2005). rs3788279 on chr22 is associated with BCL2L13 at p=1.11x10"%".

BCL2L13 (also known as Bcl-rambo) encodes a mitochondrially-localised protein that
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regulates apoptosis (Kataoka et al.,2001). qPCR on CD40, LITAF and BCL2L13 validated

these eQTL as significant in monocytes but not in B-cells (Figure[4.9B-D).
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Figure 4.11: Gene expression levels of cell type specific eQTL. Left column - monocyte (mono)
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Figure 4.12: Cell type specific eQTL association plot. The x and y axes indicate chromosome
position and p-values. (A) B-cell specific eQTL. rs6773238 is associated with CD96 at p=1.34"3,
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Figure 4.12: Cell type specific eQTL association plot. The x and y axes indicate chromosome
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Location of cis eQTL in relation to transcription start site

The relationship between the location of cis eQTL and transcription start sites (TSS) was
analysed. This is of interest given previous reports suggesting that more distal cis eQTL
regulatory effects may be critical in determining cell type specific gene expression and
hence cis eQTL (Dimas et al., [2009). The plot based on distance from TSS to all eQTL
showed that the cell type specific eQTLs spread more distally to both sides of the TSS
in comparison to the shared eQTL for the two cell types (Figure [4.13). The Kruskal-
wallis test was performed to determine the distribution of the distance between eQTL
and TSS. It was significantly different in the cell type specific datasets compared to when
it was tested against the shared (pyces;=0.01, Pyono=5.63x107>). There was no significant

difference between the B-cell and monocyte datasets (p=0.71).
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Figure 4.13: Boxplot (A) and density plot (B) of eQTL in relation to distance from TSS for cell type
specific and shared eQTL. (A) +/-2.5Mb and (B) +/-1Mbp distance from TSS.

trans eQTL

Although the precise mechanism driving trans association is not often clear, it is thought
that many result from cis eQTL driving a gene network that results in association with
expression of several genes, often on another chromosome. Previous studies have shown
trans eQTL in LCLs and primary cells (Dixon et al., 2007, Stranger et al.,|2007a}, Fehrmann
et al., 2011, Rotival et al.,|[2011). This dataset with two highly purified cell types allows
investigation of cell type specific trans eQTL. In this dataset trans eQTL was defined with
association to SNPs greater than 2.5Mbp away from the probe target sequence and a p-
value<1.0x10~!!. This threshold based on Bonferroni correction in order to avoid type I

error (false positives) due to multiple testing performed in this dataset (p-value cutoff
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0.05, 29022 probes and 648835 SNPs tested). In autosomal genes and SNPs, there were
1289, 175 and 120 SNP-probe associations (eSNPs) identified in monocytes, B-cells and
shared in both cell types corresponding to 101, 75 and 19 genes and 204, 86 and 124
SNPs (Table[4.4] Figure[4.4). Some particular eSNPs were identified to associate with more
than 20 genes in trans in a cell type specific manner (Figure inner line networks). Of
particular interest, eSNPs in 12q15 in monocytes and 9q31.2 in B-cells were identified as
potential master regulators of transcription given the observed in trans eQTL. Although
monocyte trans association accounts for more than 80% of the total trans association, this
is driven by the very large number of associations involving the 12q15 locus in monocytes

(1032 out of 1289 eSNPs).

Table 4.4: Summary of trans eQTL in monocytes and B-cells at p-value<1.0x107!1

‘eSNPs (%)  SNP (%) Probes Genes
Monocyte | 1289 (81.4) 204 (49.3) 104 101

B-cell | 175(11)  86(20.7) 82 75
Shared | 120(7.6) 124 (30) 18 19
Total | 1584 (100) 414 (100) 204 195

4.4.8 Monocyte specific trans eQTL involving 12ql5

The most significant trans-associated SNP rs10784774 is located approximately 4kb
upstream of LYZ at 12q15 and was shown to associate with 72 probes (62 genes) in
trans (Figure |4.14). This SNP was associated in cis to LYZ (Figure p=8.9x10778).
LYZ encodes lysozyme, an enzyme that degrades peptidoglycans derived from bacterial
cell walls (Fleming and Allison, 1922). Another SNP rs1384 located in the 3’'UTR of LYZ
associated at the same level (p=8.9x10778) and is in strong LD with rs10784774 (r? 0.967).
The locus 12q15 has 23 SNPs that associate with at least 73 probes (72 genes)
throughout the genome. The top associated genes to rs10784774 in trans are CREBI
encoding a transcription factor on chr2 (p=2.03x107%7), DUSP19 encoding dual specificity
phosphatase 19 on chr2 (p=2.21x7>Y) and RAB27A encoding a protein in the RAS
oncogene family on chr15 (p=2.03x10">’) (Figure . This locus was also identified,
although not described in detail, in previously published studies in human primary
cell eQTL datasets (negatively separated monocyte population by Zeller et al.,|2010|and
whole blood by Fehrmann et al.,2011). Fehrmann et al., 2011| demonstrated rs2168029,
downstream of LYZ, was strongly associated with LYZ (p=9.8x107!?8) and CREB1 (p=3.2x107%7),
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which is consistent with the finding in this monocyte dataset. rs2168029 is in strong LD
with rs10784774 and rs1384 (r? 0.868 and 0.901 respectively).

rs10784774 Monocyte

-logo(p)

q 'li‘... ;'I
T T T T I T T T T T T T T T T T TTTT 1
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 17 19 21 23

Chromosome

Figure 4.14: Manhattan plot of rs10784774 trans association in monocytes. X and Y axes indicate
chromosome location and p-values of probes. Red and blue lines indicate p-values for Bonferroni
corrected significant (5x1078) and suggestive (1x107%) thresholds for GWAS. 72 probes (62 genes)
associated with the SNP are scattered around the genome.

Expression correlation of LYZ and trans genes

Although LYZ, in association with rs10784774 in cis, encodes an enzyme and not a TF, its
expression level may be correlated with the expression levels of the trans genes associated
in an allelic manner. Thus the expression levels of the trans associated genes in each
genotypes (two homozygous, one heterozygous) were analysed for their correlation with
LYZ expression in a linear model.

The analysis identified that the expression of 41 expression probes were correlated
with LYZ expression in each genotype with at p-value<6.85x10~* (Bonferroni correction
for multiple testing for 73 genes). CREBI1, DUSP19 and RAB27A are negatively correlated
with LYZ expression (Figure although the correlation of RAB27A expression with
LYZ was not significant in the minor homozygous genotypes (p=0.011, Figure [4.16).
CREBI encodes a transcription factor cAMP responsive element binding protein 1 that
stimulates many viral and cellular promoters. Its co-transcription factor P300 was not
identified as significant in this correlation analysis. KLLN encoding a p53-regulated

DNA replication inhibitor and a nuclear protein was identified as significant in all
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three genotypes (Figure Cho and Liang, [2008). The expression of KLLN is strongly
associated in trans to 12q15 including rs10784774 (p=1.59x107%%). The expression
of GSDM1 was associated with rs10784774 (p=8.92x1072°) and correlated with LYZ
expression in all three genotypes (Figure [4.16). GSDM1 encodes gasdermin A which is
involved with induction of apoptosis and presumably linked to carcinogenesis (Saeki
et al., [2007). The analysis revealed that LYZ expression is highly associated with the
expression of the trans associated genes in an allelic manner.
rs10784774 is also associated with the adjacent TF gene YEATS4 in cis at p,y,p,0=1.26x10713

and pp_ce=1.55x1077. Although YEATS4 is a candidate TF for driving trans eQTL
activity, the eQTL is additionally found in B-cells and the low correlation in gene
expression with LYZ and CREBI1 (estimates to LYZ and CREBI are 0.29 and -0.16) suggest

it is less likely.

4.4.10 B-cell specific trans eQTL involving 9q31.2

The most significant SNP rs10816519 at 9q31.2 is associated with 52 probes (46 genes) in
trans and accounts for 29.7% of all B-cell trans eQTL. rs10816519 is located downstream
of KLF4, encoding Krueppel-like factor 4, and associated in cis with KLF4 expression
at p=2.52x1078. KLF4 acts as both a transcriptional suppressor and activator in cell
proliferation and differentiation especially in the context of oncogenesis (Rowland et al.,
2005). The genes such as PLAUR on chr19 (p=3.58x10"'4), TNFSF13B on chr13 (p=8.03x10714),
CD302 in chr2 (C-type lectin) (p=5.33x10"'%) and CLEC12A on chr12 (p=2.75x10713) are
associated in trans with rs10816519 (Figure [4.17). However, the frequency of the minor
allele C is very low (0.018 in CEU population) and this dataset only has individuals
homozygous for the major allele (TT) and heterozygous TC individuals (273 and 10

individuals respectively). Thus the effect of the minor genotype CC is unknown.

4.4.11 Expression correlation of KLF4 and trans genes

The SNP rs10816519 is associated with gene expression in not only trans but also cis
with KLF4, a gene encoding a TF which has a role as a transcription suppressor and
activator. The expression levels of KLF4 were analysed in terms of correlation with trans
associated genes using a linear model. Due to the small number of the individuals with the
minor allele tested (10 heterozygous individuals), only 9 probes (9 genes) out of 52 probes
(46 genes) were significant at the p-value threshold 9.43x10™* (Bonferroni correction,

Table [4.5). All correlations were positive (Figure [4.18). The significant genes included
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Figure 4.17: rs10816519 trans associated genes in B-cells. (A) Regional association plots. The X
and Y axes indicate chromosome location and p-values of probes.
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a membrane protein MS4A6A, iron transporter CYBRDI1 and genes encoding enzymes
as well as PLAUR and TNFSF13B. No TF has been identified as significantly correlating
with KLF4 expression. Notably, PLAUR has previously been identified as a target of KLF4
activity (Wang et al., 2004).

Table 4.5: Trans eQTL genes correlated with KLF4 expression using a linear model.

Genotype
TC TT
Gene Gene product estimate  p-value  estimate  p-value
CYBRD1  cytochrome b reductase 1 0.88  8.48x107*  0.45  1.13x107'%
PLAUR plasminogen activator, 0.93 8.44x107° 0.57 1.59x10724
urokinase receptor
TNFSF13B tumor necrosis factor 0.90  4.12x107*  0.58  1.61x107%7
(ligand) superfamily,
member 13b
CD302  CD302 molecule, C-type 0.89  5.35x107* 050  1.83x107!8
lectin receptor
QPCT  glutaminyl-peptide 0.91  2.40x107*  0.41 1.72x10712
cyclotransferase
PILRA  paired immunoglobin-like 0.93  6.00x107*  0.53  9.39x107%°
type 2 receptor alpha
ALDH1A1 aldehyde dehydrogenase 1 0.84  8.07x10>  0.51  2.57x1071°
family, member Al
SULF2  sulfatase 2 0.90  3.83x107*  0.53  1.29x107%°
MS4A6A  membrane-spanning 0.86  4.92x10™*  0.57  2.70x1072

4-domains, subfamily A,
member 6A

4.4.12 Pathway analysis of trans associated genes

In order to determine functional relationships of genes associated in trans in each cell
type, pathway analysis was performed using an R package based on the Reactome curated
database (http://www.reactome.org/). Trans gene sets were analysed and some found to
be enriched in a particular biological pathways. The pathway analysis identified that
46 B-cell trans genes associated with rs10816519 belong to 9 pathways (p-value cutoff
0.05, Table including Immune system (Reactome pathway ID 168256, p=7.23x1073)
and Adaptive Immune system (ID 1280218, p=0.014). For example, NLRP3 belongs in
the immune system pathway and encodes a member of the inflammasome complex to
activating NF-«B signalling pathway (p=6.04x10"'? to rs10816519, Bauernfeind et al.,
2009). FPR1 belongs in the adaptive immune system and encodes a protein in the G-
protein coupled receptor family that mediates the response of phagocytic cells during

invasion of microorganisms (p=2.47x10713 to rs10816519, Miettinen,[2011). Genes associated
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in trans with rs10784774 in monocytes were not significantly enriched with biological

pathways in the Reactome database.
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Table 4.6: Reactome pathway enrichment analysis on rs10816519 trans associated genes in B-cells. GeneRatio: over-represented genes in genes tested in
each cell type. BgRatio: a ratio of genes in a pathway and background.

Pathway ID Description GeneRatio  BgRatio pvalue qvalue
211945  Phase 1 - Functionalization of 3/46 54/19347 2.87x10°%  2.95x1073
compounds
500792  GPCR ligand binding 5/46 365/19347 1.69x1073  1.24x1072
211859  Biological oxidations 3/46 109/19347 2.21x1073 1.31x1072
198933  Immunoregulatory interactions 2/46 48/19347  5.82x107% 1.64x1072
between a Lymphoid and a
non-Lymphoid cell
168256  Immune System 6/46 728/19347 7.23x107>  1.64x1072
1280218  Adaptive Immune System 4/46 391/19347 1.37x1072  2.20x1072
76005 Response to elevated platelet 2/46 80/19347 1.55x1072 2.29x1072
cytosolic Ca2+
109582  Hemostasis 4/46 443/19347 2.08x107% 2.57x1072
388396 GPCR downstream signaling 5/46 677/19347 2.17x1072  2.57x1072
372790  Signaling by GPCR 5/46 763/19347 3.40x1072  3.24x1072

J1a1dey)
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Cell type specific eQTL associated with GWAS loci

GWAS identified disease- or trait- associated loci are predicted to affect gene expression
because the majority of associations are found in noncoding DNA where variants may
disrupt or create gene regulatory elements such as enhancers (Moffatt et al., 2007,
Stranger et al., |2007a). In particular comparing cis eQTL to GWAS loci associated with
disease susceptibility may reveal gene expression associated with GWAS loci. In order
to investigate the association of GWAS loci to eSNPs identified in this dataset, the GWAS
catalog created by the National Human Genome Research Institute (NHGRI) was searched
for overlaps with the eSNPs. The database has archived 8265 SNPs associated with 772
phenotypes with p-values less than the p-value threshold of 1x107> (as of 22nd January
2013, Hindorff et al., 2009, http://www.genome.gov/qwastudies/). In order to overcome
discrepancy of genotyping platforms that use different tagging SNPs, proxy SNPs (r> >0.8)
were determined for the GWAS markers using the SNAP proxy SNP search with the CEU
1000 Genomes Project pilot 1 dataset (Johnson et al., 2008|, http://www.broadinstitute.org/
mpg/snap/). This resulted in a list of 150550 SNPs with a GWAS association. In total 943
genes have significant cis eQTL related to GWAS (23.2% shared, 43.4% monocyte and
33.4% B-cell specific, Table [4.7). The majority of genes in trans eQTL related to GWAS

were monocyte specific eQTL (55 monocyte specific eQTL genes out of 59 total).

Table 4.7: Cell type specific eSNPs and genes identified in GWAS. The database used has 150550
SNPs including proxy SNPs, 772 traits and 1486 publications with p-value<1x10~> (as of 22nd
January, 2013)

cis trans
eSNP (%) probe (gene) eSNP (%) probe (gene)
Total | 6011 (100) 1013 (943) 238 (100) 59 (59)
Shared | 1647 (27.4) 226 (221) 37 (15.5) 2(2)
Monocytes 2741 (45.6) 451 (414) 133 (55.9) 55 (55)
B-cells | 1623 (27.0) 336 (318) 68 (28.6) 2(2)

cis eQTL associated with GWAS loci

The search of the cis eQTL dataset in relation to the GWAS disease associated loci
identified many eQTL involving genes whose products are involved in immune responses.

This included autoimmune disorders and inflammation, which are described below.
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Ankylosing spondylitis, ulcerative colitis and Crohn’s disease

Ankylosing spondylitis (AS) and ulcerative colitis (UC) are both chronic inflammatory
diseases that occur in the axial skeleton or bowel respectively. The susceptible GWAS
SNP for the two diseases, rs10781507 and its proxy SNP rs10781500 on chr9 (r? 0.967,
Pewas=1x107% with AS, pewas=3x10"'° with UC, only highest p-values shown), are
associated with expression of INPP5E that encodes inositol polyphosphate-5-phosphatase
in both cell types (Figure Pmono=1.12x1073%, pp_..;;=1.31x733, Evans et al., 2011,
McGovern et al.,|2010, Anderson et al.,[2011). These two disease susceptibility SNPs are
also associated with monocyte specific expression of CARD9 (pono=1.04x10724, Barrett
et al., 2009,McGovern et al., 2010, Anderson et al., 2011). CARDY9 encodes a protein
that contains a caspase-associated recruitment domain (CARD), and controls innate anti-
fungal immunity through non-TLR signalling such as NOD2-mediated activation (Hsu
et al., 2007, Gross et al., |2006). This monocyte specific cis eQTL was identified as a
susceptibility locus of Crohn’s disease, a major inflammatory bowel disease (IBD) (Franke
et al., 2010, Julia et al.,2013). Other loci that are associated with susceptibility to Crohn’s
disease were identified among shared eQTL including rs4360063 (pgwas=1x107'%) which
associates with ERAP2 expression (Figure Pmono=1.05x10"11% and pp_..;;=2.51x107115,
Franke et al., |2010). ERAP2 encodes endoplasmic reticulum amino peptidase 2 and is
involved with trimming of precursor peptides in endoplasmic reticulum for HLA class
I antigen presentation (Saveanu et al., 2005). The reduction of ERAP2 expression was
shown to associate with a haplotype that has a non-synonymous variant for an alternative
splicing leading to the truncated protein, leading to nonsense-mediated mRNA decay and

reduction of HLA class I molecule expression (Andres et al.,|2010).

Coronary heart disease

Inflammation in cardiovascular disease is a common pathological mechanism that contributes
to the development of coronary heart disease (CHD) and atherosclerosis. rs1412444
on chrl10, a locus associated with CHD susceptibility (pgwas=3x107'3), is associated
in monocytes with expression of LIPA encoding lysosomal acid lipase A (Figure
Prmono=8.41x107%0, Coronary Artery Disease (C4D) Genetics Consortium, [2011, Wild
et al.,|2011). Deficiency of lysosomal acid lipase in the metabolism plasma is associated
with cholesterol ester storage disease, hypercholesterolemia and increased atherosclerosis
(Goldstein et al.,|1975])). Unlike AS and UC, the cis eQTL identified in the risk loci of CHD

was not identified in other disease GWAS.
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Rheumatoid arthritis, systemic lupus erythematosus and multiple sclerosis

Rheumatoid arthritis (RA) and systemic lupus erythematosus (SLE) are both systemic
autoimmune diseases where inflammation occurs in multiple tissues and organs. A risk
locus for RA and SLE is tagged by rs13277113 which is a cis eQTL in B-cells for
expression of BLK and CS8ORF13 (also known as FAM167A) on chr8 (pgwas=6x10"2 with
RA, pcwas=1x1071? with SLE, Figure Gregersen et al., 2009, Hom et al., [2008).
rs13277113 significantly associated with both genes, which are located adjacent to each
other on chr8 (pp_ce11=7.43x10778 for CSORF13 and pg_c.;;=3.57x10"* for BLK).

The monocyte specific cis eQTL for CD40 on chr20 was identified in the loci associated
with susceptibility to RA and also mlultiple sclerosis (MS) (rs4810485, p,0n0=5.95x1071>,
Pewas=8x107 to RA, pcwas=1x10"7 to MS, Raychaudhuri et al., 2008, Bahlo et al.,2009).
CD40 encodes a member of TNF receptor superfamily and is expressed in APCs for signal

transduction of immune responses.

Type 1 diabetes

Type 1 diabetes (T1D) is associated with autoimmune destruction of f cells. The T1D risk
locus rs10743823 is associated with CLECL1 expression in both cell types (pPuono=1.79x10780,
PBcet=2.01x107", powas=5x10"?, Wellcome Trust Case Control Consortium, 2007).
CLECLI1 encodes a transmembrane C-type lectin-like 1 protein and may enhance IL4
production as a T-cell co-stimulatory molecule (Ryan et al., 2002). MS risk variant
rs10466829 is in high LD with rs10743823 (r? 0.967) which is associated with CLECL1

expression in monocytes (Pone=1.79x1078%, powas=1x1078, Sawcer et al.,2011).
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Figure 4.19: Examples of cis eQTL genes identified in disease susceptiblity GWAS loci. The X and Y axes show eQTL cell types (red; B-cells, green; monocytes,
blue; shared) and -log;gp-value of cis eQTL associated genes respectively.




4.5.2

4.5.3

Chapter 4

trans eQTL associated with GWAS loci

The majority of these trans eQTL are found to involve 12q13.2 (shared and B-cell specific)
and 6q21.32 (monocyte specific trans eQTL). It is striking that both these loci show

evidence of disease association.

trans eQTL in 12q13.2 identified in GWAS

Shared and B-cell specific trans eQTL eSNPs in 12q13.2 overlap with previously identified
susceptibility loci for several autoimmune diseases including T1D, asthma and vitiligo.
Although the loci were associated in trans to different genes, all eSNPs were located within
a 150kb region of chr12 between rs2069408 and rs1117147.

In order to determine the detail of this region, a haplotype block analysis was
performed using Haploview (Barrett et al., 2005). The Haploview program computes
pairwise LD statistics of genetic markers and visualises population haplotype patterns
using genotype data. Gabriel and colleagues defined a haplotype block as no evidence of
historical recombination (’strong LD’) with the following definition; fewer than 5% of all
internal allele pairs show strong evidence of recombination (Gabriel et al., 2002).

Based on the population stratification analysis for this volunteer population which
showed high concordance with the HapMap CEU population, the LD data of this reference
population was used to determine haplotype structure in the 12q13.2 region. The region
from rs2069408 to rs1117147 was selected for the analysis and a haplotype block was
found in the 78kb region from rs772921 to rs2292239 (Figure [4.20). Therefore, SNPs in
this haplotype block are in strong LD, assuming that the entire region may be involved in
the association of eSNPs and gene expression.

There are two genes associated with 10 disease susceptibility loci in trans: B-cell
specific expression of IP6K2 on chr3 and LOC389386 on chr6. The same eSNPs in
12q13.2 are found to associate with both genes in trans. rs11171739 and rs10876864,
69.5kb away from each other, are in strong LD (r?> =0.863) and are associated with both
IP6K2 and LOC389386 expression (Figure[4.21). IP6K2 encodes inositol hexakisphosphate
kinase 2 which is involved in apoptosis as a positive regulator (Morrison et al., 2002).
LOC389386 (also known as LAP3P2, encoding leucine aminopeptidase 3 pseudogene 2),
is a pseudogene for which there is some evidence of transcription. The RNA fragment
JE803844 (the Human mRNA GenBank) maps to 1.5kb upstream of the gene CDKNIA
encoding cyclin-dependent kinase inhibitor 1A on chr3. CDK2, encoding cyclin-dependent
kinase 2, is located in 12q13.2 where the trans eQTL are found. CDKN1A (also known as
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Figure 4.20: Haplotype analysis of disease susceptibility loci and B-cell specific trans eQTL in
12g13.2. The diagram shows the genomic map (top) and the solid spline of LD (bottom). (Top)
The top line shows the genomic location in 12q13.2. The triangles shows genotyped SNPs in CEU
population which is used as a reference. Entrez genes show genes encoded in the region with
exons (squares) and introns (lines) in direction (arrows). (Bottom) The solid spline of LD displays
reciprocal LD relationships of SNPs using D’ between rs2069408 to rs11171747 where D" is a
normalised measure of allele association. A haplotype block enclosed in black lines is defined
when 95% of informative comparisons using D" across SNPs are strong LD. The diamonds in red
with values of D’ show LD relationships of each SNP pair. No value is shown when D" is 1. The
numbers below SNP rs numbers show distance in kb from the far left SNP.

126



Chapter 4

p21) binds to and inhibits the activity of CDK2 during regulation of cell cycle from G1 to S
phase transition (Gartel and Radhakrishnan,. There was no cis association identified
with CDK2 expression in 12q13.2 and it remains unclear whether CDKN1A expression in
an allele specific manner may be involved with CDK2 expression and its regulation in cell

cycle.

c
c 9o
2 2
g7— o 74
= o
Qo x
3 3
N
o i<
g Se
)
6-
L 1p=1.99x1057
L =1.99X10U"
p=5.82x10"5 p=1 . s
i i ' AA AG GG
T 1‘131T71 250 cC 1510876864
rs
B-cell IP6K2 trans association B-cell LOC389386 trans association
Plotted SNPs TN T T W0 000 FF FRmume o Commem e e e v Plotted SNPs | LMW T T 10 T Thmner n e e v
15 | rs11171739 ¢ | 100 60 [’ 1510876864 100
1108768644 4 08 . 08 ® s11171739 D
° ool 80 8 50 [ 0% ° 80 2
- 02 = 02 . 3
S 10 Leo 3 2 409 @ Leo 3
i 5 I o 5
& ° . £ 30 ° Z
> ° ° - 40 > a0 %
o S —

54.4 54.6 54.8 55 54.4 54.6 54.8 55
Position on chri2 (Mb) Position on chri2 (Mb)

Figure 4.21: B-cell trans association in 12q13.2 with IP6K2 (left) and LOC389386 (right). The box
plots of the two genes are shown with peak SNPs rs11171739 and rs10876864 respectively. P-
values for rs11171739; IP6K2 - pp_ce11=5.82x10715, LOC389386 - pg_..11=2.04x1072. P-values for
rs10876864; IP6K2 - pp_ce1=1.83x10714, LOC389386 - pp_ce11=1.99x107%7,

T1D susceptibility markers (peak SNP rs11171739, pgwas=1x10"1! with T1D) form
trans eQTL in a 10kb region to rs2292239 in B-cells with IP6K2 (pg_ce;1=5.82x1071%) and
LOC389386 (pp_ce1=2.04x107°2, Figure Wellcome Trust Case Control Consortium,
2007). rs2292239 showed a strong association with T1D susceptibility in several studies
(Pewas=2x1072%; Todd et al., Pewas=3x1071%; Cooper et al., Pewas=3x107%7;

Barrett et al., 2009, pgwas=3x10727; Plagnol et al., 2011, eQTL association in this study;
PBce1=1.78x10733 to LOC389386 and pp_c;;=2.12x10"1* to IP6K2). This SNP is in

relatively strong LD with rs11171739 and is included in the same haplotype block (r?
0.692). It is located in an intron of ERBB3 which encodes a member of the epidermal
growth factor receptor family of receptor tyrosine kinases. It is reported that rs2292239 is

associated with RPS26 expression, encoding ribosomal protein S26, in human liver tissue
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(p=4.03x10722, Schadt et al.,2008). The other T1D susceptibility marker SNP rs1701704,
58kb away from rs11171739, is associated with both LOC389386 and IP6K2, although the
two SNPs are not in strong LD (r? 0.562, Figure PB_ceri=3.17x107*! and 2.44x10714
respectively, pGWA5:5x10‘18, Hakonarson et al., 2008, Plagnol et al.,2011).

rs1701704 is also associated with susceptibility to asthma which is a common chronic
inflammatory disease of the airways and is thought to be affected by both genetic and
environmental factors (pgwas=2x10"13, Hirota et al., [2011). The majority of asthma
susceptibility loci were identified in multiple genomic locations by linkage mapping
studies and GWAS including ORMDL3 on chr17, IL4 on chr5, and TNF on chr6 (Ober
and Hoffjan, 2006, Weiss et al.,[2009). This GWAS locus, rs1701704, is also shared with
vitiligo. The cause of vitiligo is thought to be an autoimmune response to melanocytes
resulting in cell death or dysfunction and leads to depigmentation of patches of skin. The
disease has a complex aetiology but has some genetic component based on epidemiology
studies (Alkhateeb et al.,|2003, Jin et al.,2012). Vitiligo susceptibility marker rs10876864
forms B-cell specific trans eQTL with IP6K2 and LOC389386 (pcwas=8x10712, Jin et al.,
2012, Tang et al.,2013). rs10876864 is again found as a T1D susceptibility GWAS locus as

described above.

trans eQTL in the HLA region and relevance to disease

Based on the haplotypic analysis using Haploview, reported disease susceptibility SNP
markers in the MHC class II region are in strong LD with monocyte specific trans eQTL to
AOAH, DEF8, ARHGAP24 and RPL34 (Figure . The locus encodes proteins involved
in antigen presentation in APCs which are central to adaptive immune responses. MHC
class II molecules are expressed on the surface of professional immune cells including
monocytes, macrophages, dendritic cells and B-cells and are encoded on chr6. They
consist of @- and - polypeptide chains which form a heterodimeric complex including
peptide binding and transmembrane domains. Each peptide chain consists of two sub
chains, where al and 1 regions form membrane distal domains for peptide binding
and presentation to T cell Receptors (TCR) on CD4* T cells, and a2 and 2 regions
form transmembrane domains. In contrast to the MHC class I molecules which present
cytosolic antigens to CD8" T cells, the class II molecules present extracellularly derived
antigens to CD4" T cells for downstream signal transduction. Exogenous proteins are
processed in APCs through phagocytosis, endocytosis, lysis and are loaded onto the MHC

class IT molecules in endoplasmic reticulum and presented to the cellular membrane.
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Possession of specific MHC class II alleles has been shown to predispose to or protect
against autoimmune disease (HLA-DRBI: RA (Stastny, 1978, Wordsworth et al., [1989),
HLA-DRBI: UC (Satsangi et al., 1996), HLA-DRB1*1501: MS (Olerup and Hillert, [1991)
and HLA-DQB1 and -DRB1: T1D (Todd et al.,|1987| Baisch et al.,{1990)). These alleles are
extremely polymorphic compared to non-MHC genes, however structural studies on the
MHC class II molecules provide insight into the molecular mechanism of these disease
susceptibilities (Jones et al., |2006). For example, HLA-DRB1*0401, *0404 and *0101
alleles are associated with RA and encode proteins HLA-DR4.1, -DR4.4, -DR1. These
molecules share peptide-binding grooves (epitopes) in a f1 DRB1 chain and are selective
to specific peptides (Gregersen et al.,[1987, Hammer et al.,|1995). T1D susceptibility alleles
HLA-DQBI1 and HLA-DRBI are suggested to be involved in autoreactive response to
insulin (Todd et al., 1987, Baisch et al.,|1990). HLA-DR4 encoded in HLA-DRB1*0401 and
DRB1*0405 alleles is involved with the destruction of f cell by autoreactive T cells which
recognise an insulin epitope in pancreas (Kent et al.,[2005). Thus the observed monocyte
trans eQTL in 6p21.32 is intriguing to investigate the involvement of trans regulated
genes that may help to elucidate mechanisms of disease susceptibility and development.

Monocyte specific trans eQTL within a 75kb region of 6p21.32 were associated with
four genes: AOAH on chr7, DEF8 on chr16, ARHGAP24 and RPL34 on chr4 (Figure [4.23).
The locus is near HLA-DQA1 and associated with multiple autoimmune and inflammatory
diseases including T1D, asthma, IBD and RA.

T1D susceptibility associated locus rs9272346 is in strong LD with rs1063355 with
which a trans eQTL association was found with AOAH (r 0.870, Figure[4.22 powas=5x107"34
and 6x10712° to rs9272346, Wellcome Trust Case Control Consortium, 2007, Cooper
et al., 2008). rs1063355 is associated with monocyte specific expression of AOAH at
Prono=1.58x1071 (Figures [4.23). AOAH encoding acyloxyacyl hydrolase was identified
to be highly associated with the several disease susceptibility loci. The gene product
of AOAH modulates host inflammatory responses to Gram-negative bacteria because of
its ability to breakdown bacterial LPS (Hagen et al., |1991, Lu et al., 2005). The most
significant trans eQTL for AOAH is rs28366298 which is 43.5kb away from the T1D locus
19272346 but not in LD (r? 0.434, p,uon.=1.56x10743, Figures and . This trans
eQTL was previously described in a study of whole blood gene expression (rs2395185,
Pmono=5.71x1073% in this dataset, p=7.0x10738 in Fehrmann et al.,2011). These two SNPs

are about 127kb apart but the LD structure between them is not available from the 1000
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Figure 4.22: Haplotype analysis of disease susceptible loci and monocyte specific trans eQTL in
6p21.32. The diagram shows the genomic map (top) and the solid spline of LD (bottom). (Top)
The top line shows the genomic location in 6p21.32. The triangles shows genotyped SNPs in CEU
population which is used as a reference. Entrez genes show genes encoded in the region with
exons (squares) and introns (lines) in direction (arrows). (Bottom) The solid spline of LD displays
reciprocal LD relationships of SNPs using D’ between rs28366298 to rs1063355 where D’ is a
normalised measure of allele association. A haplotype block enclosed in black lines is defined
when 95% of informative comparisons using D" across SNPs are strong LD. The diamonds in red
with values of D’ show LD relationships of each SNP pair. No value is shown when D" is 1. The
numbers below SNP rs numbers show distance in kb from the far left SNP.

Genomes Pilot 1 dataset. AOAH expression is shown to associate in the innate immune
response, however, involvement with autoimmunity is unknown.

rs477515 which is associated with susceptibility to early onset IBD is associated with
monocyte expression of AOAH (Pono= 5.71x10738), RPL34(p,000=4.56x1071¢) and DEF8
(Pmono=4.66x10712) in trans (Figure pPcwas=1x1078 to IBD, Kugathasan et al.,{2008).
RPL34 encodes a ribosomal protein L34, a component of S60. DEF8 encodes a protein
differentially expressed in FDCP 8 homolog (FDCP - factor-dependent cell progenitors),
however the function of the gene product is not known. The most significant trans eSNP
135265698 for DEFS is in strong LD with a RA susceptibility locus rs660895 (r> 0.879,
Prmono=8.96x10717 with rs35265698, pone=8.17x10713 with rs660895, powas=1x107108
with RA locus rs660895, Plenge et al., 2007). rs477515 is in strong LD with rs9271488

which is associated with monocyte expression of ARHGAP24, encoding a Rho GTPase-
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activating protein involved in angiogenesis and cell migration (r? 0.901, p,0no=4.59x10714
t0 rs9271488, Figure Su et al., . The ARHGAP24 peak trans eSNP rs28366298
is shared with association to AOAH expression (p,ono=4.59x1071* to ARHGAP24). These
SNPs are located in a non-coding region between HLA-DRBI and -DQA1 in 6p21.32. The
genes associated with this locus in trans are not directly involved in the mechanism and

development of autoimmunity and inflammation.
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Figure 4.23: Monocyte trans eQTL in 6p21.32 with associated genes. AOAH; rs28366298
Pmono=1.56x10"%3,  ARHGAP24;  rs28366298  pP,ono=4.59x1071%,  RPL34; rs1964995
Pmono=3.6x10724, DEF8; rs35265698 pP,u0n,=8.96x10"17. GWAS associated SNPs and the
disease names are shown in the plot.

Trans eQTL for monocytes and B-cells have been identified in disease associated
genetic loci. Several autoimmune diseases have susceptibility loci within the same
small regions; monocyte specific trans eQTL in the MHC class II locus and B-cell
specific on 12q13.2, which imply shared susceptibility and mechanisms to autoimmune
diseases. Products of the eQTL associated genes do not have clear connections to disease
susceptibility or development. However, these genes might help leading to other genes

which may be critical for mechanisms of disease development.
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HLA

Genetic variation in HLA alleles is the most variable in mammals and has been identified
as being crucial in susceptibility to autoimmune and infectious diseases as well as
transplant rejection. For example, more than 90% of celiac disease patients carry the HLA-
DQB1*02 isoforms (Sollid et al.,|1989, Bugawan et al., 1989). Heterodimers of the alleles
present toxic gluten peptides for activation of CD4" T cells followed by inflammatory
responses in the intestine (Lundin et al.,|1993). HLA class I B35 and Cw04 confer rapid
progression of AIDS (Acquired immunodeficiency syndrome) with patients infected with
HIV-1 (Human immunodeficiency virus type-1) (Carrington et al.,[1999). It is important to
determine genes underlying the mechanisms of disease susceptibility and development in
association to HLA alleles. However, the genetic complexity of HLA alleles caused by LD
in the extended MHC loci including both HLA and non-HLA genes makes identification
of causal alleles difficult (Walsh et al., |2003). In the previous section monocyte specific
trans eQTL in the MHC class II locus have been identified. Here the association between
HLA alleles and gene expression of the immune cell types was investigated in order to

ascertain whether any specific HLA haplotype was associated with gene expression.

HLA type imputation

Defining HLA types has been established by several methods. The first and oldest
method is serological testing based on complement dependent cytotoxicity. Historically
this reliable and rapid method has been used for typing of the class I molecules, however
it can only detect low level 2 digit resolution and requires a large volume of blood. As the
number of HLA alleles typed has increased, the nomenclature of HLA alleles is now based
on up to 6 digits (Marsh et al.,2010). Methods based on molecular biological techniques
have emerged based on DNA sequencing and PCR (sequence specific primer (SSP)-PCR
and sequence specific oligonucleotide probes (SSOP)-PCR) for higher resolution. The
more HLA typing in a particular population has been performed, the more accurate the
HLA alleles are typed. The combination of classical HLA genes, the increased number
of genotyped SNPs and the high resolution map of LD structure in the MHC region has
facilitated haplotype analysis of the HLA alleles (Walsh et al., 2003, Stewart et al., 2004,
Miretti et al.,|2005). Furthermore, dense SNP genotyping data from genome-wide arrays

has become sufficient to impute HLA alleles (Leslie et al., 2008, Dilthey et al.,2013).
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A computational method was used to impute HLA alleles for the volunteer population
based on SNP genotyping data (HLA*IMP, https://oxfordhla.well.ox.ac.uk/hla/, Leslie et al.,
2008, Dilthey et al.,2011). Imputation of the HLA alleles used 7587 SNPs on chr6:24921129-
34535328 (no MAF cutoff applied, NCBI36/hg18 position) in 283 individuals to impute
HLA alleles (class I alleles; HLA-A, -B and -C, class II alleles; HLA-DQA, -DQB and -
DRB) to 2- and 4-digit resolution using the CEU population data (performed by Stephen
Leslie and Alexander Dilthey, Wellcome Trust Centre for Human Genetics). The SNP data
was phased into haplotypes for each individual using the HapMap CEU trios data as a
reference based on the approximation algorithm modelled by Li and Stephens (Li and
Stephens, 2003). The quality of the imputation was measured by positive predicted values
(PPV) as accuracy which was calculated on a Bayesian approach and the cutoff was set to
0.7 (Appendix Table [4). The averages of the quality scores were 97.4%, 0.98 and 0.98
for chromosome call rate in the volunteer population, PPV and the call rate of the entire
imputation including reference dataset. Validation of the imputation for the 2 digit alleles
is shown in Figure This was implemented in the HLA*IMP program, which used the
training reference data to validate the HLA allele calling. The 206 imputed HLA alleles
(74 and 132 for 2- and 4-digit alleles respectively) with PPV>0.7 were used for association

analysis with the gene expression data for monocytes and B-cells.

133


https://oxfordhla.well.ox.ac.uk/hla/

PeT

HLA A 2-Digit Allele Specific PPV (CT = 0.7) HLA B 2-Digit Allele Specific PPV (CT = 0.7)

° -
5 8 3 B = B e B ©

0 <
8 8

5 & 8 ¢ 8§ & & €& ® 8 s 8 8 3 8 8 X % 5 8 2 ¥ 9 2 K 8 5 8 8 2 5% ¥ 2 L5 2855 8 8 8 5 8 &
300
580 16
H 120
8% 3 1o
3 160 b
€ 140 8 8o
8 120 s
£ 100 g 6o
kR g
< 9 & 20
20
° = Dﬂﬂmﬂﬂ*—=ﬂ— : : = o
50
2 0
100 & ’ £
150 § 100 g
200 § 150 §
= Correct 250 5 = Correct 5
B Incorrect 300 8 B Incorrect 20 2
O NotCalled |35 ¥ O NotCalled |25 2
O Training Data L 400 O Training Data | .
- & 8 - 2 3 ®w € 2 g = 8 © 3 g =@ < = 5 8 o v w e n 9w o5 ® 2 2 ¢ 3 @ 5 2 9 r N 9 8 8 5 8
5 & 8 = ® ¥ ®& & ® 88 s 8 8 ¥ 8 8 ¥ F 5 8 2 T 2 =2 K 85888 F ¥ LY 2R E N3 B8 LB F
HLA A Alleles HLA B Alleles
HLA C 2-Digit Allele Specific PPV (CT = 0.7) _ HLA DQA 2-Digit Allele Specific PPV (CT =0.7) _
5 & 8 s 8 8 5 8 & ¥ e e = § 5 g g 3 8 G
300
_ 280
i :
i
L £
2
Ed &
0 D D =] = 0 0 — 0
50 é ﬁ
|DD§ §
: s
@ Correct 150 5 B Correct s
B Incorrect z B Incorrect s
@ NotCalled [ 2°F @ Not Called ®
O Training Data | 5, O Training Data
5
5 & 8 3 8 8§ 5 g & ¥ e e = 3 5 8 8 3 8 E:
e e
HLA C Alleles HLA DQA Alleles
HLA DQB 2-D|g|t Allele Speclflc PPV (CT 0.7) ~ HLA DRB 2-Digit Allele Specific PPV (CT = 0.7) ~
E s 8 3 5 =8 8 e £ & 2 3z @ e §&
288 200
- 320 180
' T
8 3 140
< < 120
g 1 8 100
5 18 £ o
60
3 W S w0
%{g & 20
b e [ e R S = B
100 s
;88 8 100 nEb
250 5 150 §
W Correct 50 5 2 Correct iggs
B Incorrect 2 = B Incorrect o0 &
@ Not Called 20 = B Not Called oot
O Training Data ;gg O Training Data 450
- _

E]
e

Total

HLA DQB Alleles HLA DRB Alleles

Figure 4.24: Validation of HLA 2 digit alleles imputation after filtering at cutoff threshold (CT) >0.7. PPV: positive predicted value. The number of chromosomes

is shown as correct (green), incorrect (red) and not called (orange). The number of the reference data with HLA alleles is shown (light blue). Provided by Stephen
Leslie and Alexander Dilthey.

J1a1dey)



4.6.2

4.6.3

Chapter 4

Association of HLA alleles and gene expression

The association of the imputed HLA alleles for six classical MHC loci with gene
expression from monocytes and B-cells in the volunteer population (29022 probes each)
was determined in a linear model using an R package MatrixEQTL (http://cran.r-project.
org/web/packages/MatrixEQTL/index.html, Shabalin, 2012). This program allows ultra fast
eQTL association analysis using a large matrix operation. This analysis focused on trans
association with genes outside of the MHC region (7.6Mbp long in chromosome 6p)
because most of the MHC genes were already removed from the expression data due to a
presence of SNPs in their sequence. Initially the 2-digit HLA alleles were determined for
association in order to avoid false positive detection because some alleles were imputed in
one or a few samples. The analysis identified a total of 208 associations in trans with FDR
cutoff 0.05, which include 112, 80 and 16 associations respectively in monocytes only,

B-cells only and shared between the two cell types (Table |4.8).
Table 4.8: HLA allele (2-digit) associations with gene expression. FDR cutoff 0.05 applied.

Number of HLA alleles involved
(Unique alleles)

Association Probe (Gene) 2-digit

monocytes 112 88 (81) 105 (44)
B-cells 80 57 (55) 63 (22)
shared 16 5(5) 18 (15)
total 208 150 (141) 186 (81)

Cell type specificity

The cell type specificity in the association of HLA alleles with monocyte and B-cell genes
was further determined (Table [4.9). The prevalence between monocytes and B-cells in
the number of associations with either class I or II was subtle. However, there were more
associations with class II alleles in monocytes than B-cells (57.1% in monocytes and 14.3%

in B-cells).

HLA association and trans eQTL

Regulation of the HLA loci is essential for the adaptive immune system and involved in
causality to autoimmune diseases. Some of the genes associated with HLA alleles were also
associated with SNPs in the MHC region in trans. Overall, the most significant association

was found in the HLA class II alleles with monocyte gene expression.
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Table 4.9: Cell type specificity in association to 2-digit HLA class | and Il alleles. The proportion of
association with class Il alleles with monocyte genes is larger than those with B-cell genes.

Number of HLA association (%)

HLA class Total Monocytes B-cells shared
class I A 34 18 16 0
B 94 55 35 4
C 16 8 6 2

Total class I (%) 144 (100) 81 (56.25) 57 (39.58) 6 (4.17)

class 11 DQA 15 10 1 4
DQB 6 4 0 2
DRB 21 10 5 6

Total class IT (%) 42 (100) 24(57.14) 6(14.29) 12(28.57)

Total 186 (100) 105 (56.45) 63 (33.87) 18 (9.68)

Monocyte specific association

The most significant association with HLA alleles was AOAH expression in monocytes
which was significantly associated with all three class II alleles (p,;no=4.05x1073%
with HLA-DQA1*3, Puono=7-24x1073% with HLA-DRBI*4, P0no=4.74x1072% with HLA-
DQBI1*3, Table [4.10). As described in the previous section for trans eQTL analysis
in monocytes, AOAH is associated with SNPs in the MHC class II locus. Combining
the genotyping information of trans peak eSNP rs28366298 and the HLA-DQA alleles
to AOAH expression, the samples with major homozygous (CC) and HLA-DQAI*3
have shown down-regulation of AOAH in monocytes but not in B-cells (Wilcoxon
rank sum test, p=7.89x107!3, Figure ). Further analysis using the 4-digit HLA
allele data, this association was observed in HLA-DQA1*301 (Pyono=7-81x1073%). The
same manner of analysis was applied to HLA-DRB1*4 in 4-digit resolution which
was significantly associated with AOAH expression in monocytes; the samples with
HLA-DRB1*401 and major homozygous (CC) for rs28366298 had significantly down-
regulated AOAH expression in monocytes (p=7.02x107!!, Figure ) In addition,
AOAH expression in monocytes with HLA-DRB1*4, HLA-DRB1*7, HLA-DRB1*9 alleles
are significantly down-regulated (p=3.08x10722, Figure ). This suggests some HLA
alleles share associations with gene expression.

The 4-digit resolution of HLA-DQB1*3 showed that AOAH expression is significantly
associated with HLA-DQB1*302 together with the rs28366298 (CC) genotype (p=3.84x1071°,
appendix Figure2). This analysis showed that AOAH expression was significantly associated

with not only this eSNP but also HLA alleles in a cell type specific manner.
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ARHGAP24 expression in monocytes is associated with trans eQTL in the MHC
class II locus. ARHGAP24 encodes Rho GTPase-activating protein and is involved in
angiogenesis and cell migration (Su et al.,2004). HLA-DQA1*3 was significantly associated
with ARHGAP24 expression in monocytes (puono=3.03x1077, Table |4.10). Trans eSNP
1528366298 (CC) genotype with HLA-DQA1*3 significantly up-regulated gene expression
in both cell types (Pyone=7-11x10711, pp_..;j=7.62x1078, appendix Figure .

HLA association shared in the two cell types

DEF8 showed significant associations with HLA-DQA1*3 and HLA-DRB1*4 alleles in both

cell types (Pmono=4.3x10717, pp_o;j=6.95x107!% with HLA-DQA1*3, Pono=2.63x10"17,
PB-cel1=6.23x10713 with HLA-DRB1*4, Table . Further association with these alleles

in 4-digit resolution revealed that the gene expression was associated with HLA-DQA1*301

and HLA-DRB1*401 (P0ne=9.92x10718, pp_,.;;=2.65x107'? with HLA-DQA1*301, p,nono=1.2x10711,
PB_ce1=3.75x10~° with HLA-DRB1*401, Figure[4.25B).

DEF8 was shown trans eQTL association in monocytes with rs35265698 (p,0n0=8.96x10717).
However, the association with HLA alleles was shown to be shared in the two cell types.
DEF 8 expression with the peak eSNP rs35265698 minor homozygous genotype (GG) and
HLA-DQA1%*301 was significantly down-regulated in both cell types (Wilcoxon rank sum
test, Prono=1.02x1071%, pp_,;;=5.45x10~7, Figure [4.25B). The HLA-DRB1*401 allele with
1$35265698 (GG) was also associated with down-regulation of DEF8 (p,uono=1.4x1079,
PB-cel1=2.99x1075).

Another example of a shared HLA association is RPL34 which was shown to be
a monocyte specific trans eQTL in the MHC class II locus (the most significant SNP
rs1964995). Gene expression was associated with all three class II alleles, but was less
significant with HLA-DQB1 (p-values shown in the Table and appendix Figure [1).

The association with rs1964995 genotypes and the HLA alleles in RPL34 expression was

significant (Table [4.10).
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Table 4.10: HLA allele association to cell type specific trans eQTL in the MHC region with a FDR (false discovery rate) cutoff of 0.05. trans eQTL are shown
under the gene names. Some HLA alleles show only significant association to 2-digit alleles (NS: not significant). The significance of association between gene
expression and HLA alleles is shown in each cell type. mono: monocytes.

Gene HLA Cell type t-stat p-value FDR
Name 2-digit 4-digit specificity 2-digit  4-digit 2-digit 4-digit 2-digit 4-digit
Monocyte specific trans eQTL to chr6 SNPs
AOAH DQAI.1 DQAI1.101 mono 8.71 5.85  2.66x1071¢ 1.40x107% 8.34x10°!!  6.94x107*
Gene position: chr7 DQA1.3 DQA1.301 mono -15.38  -15.03 4.05x1073° 7.81x1073% 2.29x1073? 1.47x1073!
SNP: rs28366298 DQBI1.3 DQBI1.302 mono -10.83  -7.50 4.74x10723 8.57x10713 2.98x10°'7 1.73x1077
Position: chr6:32668837 DQBI1.5 DQBI1.501 mono 5.98 512  6.74x107°  5.77x1077  3.66x107*  1.28x107?
Prono=1.56x10743 DRBI1.1 NS mono 5.36 1.75x1077 5.19x1073
DRB].4 DRBI.401 mono -15.04 -7.58 7.24x10738 5.00x107!3 1.47x1073! 1.23x1077
' DRB1.404 mono -4.74 3.48x107° 4.45x1072
ARHGAP24
Gene position: chr4 DQAI.1 NS mono -5.70 3.08x10°8 1.24x1073
SNP: rs28366298 DQA1.3 DQA1.301 mono 5.25 5.67  3.03x1077  3.56x107®  8.01x10™3  1.40x1073
Position: chr6:32668837  DRBI1.4 NS mono 5.22 3.43x1077 8.58x1073
Pono=4.59x10714
Shared trans eQTL to chr6 SNPs
DEF8 DQAI.1 NS mono 4.86 1.95x107° 2.97x1072
Gene position: chrl6 DQA1.3 DOQAI.301 shared (mono) -8.97 -9.18 4.30x10:1§ 9.92x10:1§ 1.52x10—_171 4.31x10—_172
SNP: 1535265698 shared (B-cell) -7.53  -7.32  6.95x10 2.65x10 1.87x10 5.75x10
Position: chr6:32669312 DQBI1.3 NS mono -5.88 1.17x1078 6.06x1074
Prono=8.96x10717 shared (mono) -9.04  -6.09 2.63x107'7 3.75x107° 9.91x107'2  2.12x107*
PB-cel1=6.24x10713 DRB1.4  DRBLAOL 0 d (B-cell) -7.55  -7.08 6.23x107'3 1.20x107''  1.76x1077  2.33x107°
RPL34 DQA1.5 DQA1.501 B-cell -5.79  -5.76  1.86x107%  2.22x107®  1.19x1073  1.36x1073
Gene position: chr4 DQAI1.1 DQAI1.102 mono -5.40  -6.94  1.41x1077  2.75x107''  4.34x1073  4.32x107°
SNP: 151964995 DOAL3 DQAI.301 shared (mono)  6.90 6.83 3.39x10—_171 5.22x10—_171 5.17x10:; 7.02x10::
Position: chr6:32557389 shared (B-cell)  5.18 5.26  4.22x10 2.84x10 1.22x10 9.20x10
Pmono=3.60x10724 DQB1.6 DQBI1.602 shared (mono) -8.74  -5.62 2.16x107'® 4.50x107% 7.18x107'' 1.70x1073
PB—cells=4.38x1071° DQBI.6 NS shared (B-cell) -4.79 2.67x107° 4.70x1072
shared (mono)  -5.91 9.74x107° 5.09x1074
DRBL.13 NS shared (B-cell) -4.83 2.29x107° 4.16x1072
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Figure 4.25: AOAH (A) and DEF8 (B) associations with HLA-DQA1 in 4-digit and HLA-DRB1 in 2- (for AOAH) or 4-digit (for DEF8) resolution in a cell type specific
manner. Homozygous genotypes of the eQTL SNPs (rs28366298 for AOAH, rs35265698 for DEF8) are shown. Black circles show outliers of box plots.
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cis HLA association

The analysis using the genes in the MHC region identified significant cis associations
between HLA alleles and 20 probes in monocytes and B-cells with a FDR cutoff of
0.05, although the validity of the gene expression data is uncertain due to extreme
polymorphism. However, some associations were found interesting because of their
associations with disease susceptibility. The table of the cis associations can be found
in the appendix chapter (appendix Table [5). For example, expression of PSORSIC3
which encodes psoriasis susceptibility locus 1 candidate 3 is significantly associated
with HLA-C*3 and HLA-B*40 in B-cells (pp_ce;1=7-91x107!> and 9.42x10~? respectively).
The gene is located approximately 100kb away from HLA-C in 6p21 and is associated
with susceptibility to psoriasis, a common chronic cutaneous inflammatory disorder
(Trembath et al., 1997, Nestle et al., |2009). This locus has been identified by several
GWAS for psoriasis susceptibility (Capon et al., |2008,Strange et al., 2010, Ellinghaus
et al., 2010, Huffmeier et al., 2010). Although the expressed gene is predicted to be a
non-protein coding gene, this association with HLA-C may suggest involvement at the
transcriptional level for disease susceptibility. HLA-A*1 was significantly associated with
expression of the HLA class I gene ZFP57 encoding a zinc finger protein in the two
cell types (Pp_ce1=3.29x107%, P,ono=1.70x107°). This result is consistent with a previous
study showing that the common MHC haplotype affects genes in 6p21 including ZFP57
(Vandiedonck et al., [2011). These results suggest a cis association between HLA alleles
and genes in 6p21, however the interpretation of the results may need caution and further
validation may be required.

HLA alleles were successfully imputed from the genotyping data of the volunteer
study individuals using the haplotype inference. The imputed HLA alleles have shown
associations with gene expression in monocytes and B-cells where the loci have been
linked to susceptibility to autoimmune diseases. The genes with cis and trans eQTL in
6p21.3 were identified to be associated with specific HLA alleles as well as the eQTL

genotypes.

Discussion

The data presented here has shown that eQTL from highly purified primary human

immune cells are cell type specific and related to immune function.
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Population stratification

Genotyping data from healthy volunteers of European ancestry determined population
stratification to verify the genetic background of the volunteer cohort. As a heritable
component of gene expression has been shown by previous studies, this is one of the
important steps for eQTL mapping analysis (Goring et al., 2007}, Spielman et al., 2007,
Emilsson et al., |2008|, Price et al., [2011). Using a population with the same genetic

background may help to reduce false positive associations.

cis eQTL mapping in two immune cell types

Purity of cells greatly contributes to identification of cell type specific eQTL as the
majority, 78.1%, of eQTL were cell type specific which is consistent with a previous study
comparing three cell types (Dimas et al., [2009). As described in the previous chapter,
the positive cell separation method was superior to the negative in terms of cell purity.
The majority of cis associations involve genes expressed at similar levels across the two
cell types (<0.5 difference in log, average expression). This implies that cell type specific
eQTL arise not only from differences in gene expression between cell types but also from
functional genetic variants acting in a cell type specific manner.

Cell type specific eQTL were more distally spread from TSS than shared eQTL,
consistent with the location of cell type specific enhancers and modulators (Dimas et al.,
2009). This supports the idea that functional variants with cell type specificity may lie
distally from a core promoter element. This implies that cell type specific eQTL may
utilise more regulatory elements collectively even though the effect sizes of the cell type
specific eQTL were smaller than those of shared eQTL.

Genes associated with cis eQTL in a cell type specific manner included immunologically
important genes and those associated with autoimmune diseases. For example, BLK
encoding a B lymphoid tyrosine kinase is exclusively expressed in B-cells and thymocytes
and the eQTL is associated with susceptibility to SLE. Monocyte specific eQTL was
associated with CD40 expression which encodes a TNF receptor family member that
mediates signal transduction for immune responses. Pathway enrichment analysis did not
identify a particular pathway. Approximately a third of the genes tested for the analysis
associated with SNPs, which may be too high to find a contrast to the background genes
for the enrichment analysis.

The directional effects of eQTL shared in both cell types have not been observed in

previous eQTL studies. Some eQTL were observed to affect gene expression in an opposite
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manner between monocytes and B-cells. Although the effect size of the directional
eQTL was smaller than the non-directional shared eQTL, some genes involved encode
immunologically important proteins such as Selectin-L encoded by SELL, a cell surface
molecule required for migration of leukocytes during inflammation (McEver et al.,|1995,
Xu et al., 2008). This finding implies that directional eQTL may differentially serve in
transcription for activation or repression in different cell types where a different set of
transcriptional mechanisms is active.

The replication of cis eQTL with previously published studies has shown a relatively
low concordance with eQTL data from LCLs (Dixon et al.,2007, Stranger et al., 2007a). The
difference from primary B-cell eQTL may relate to transformation of LCLs and long term
culturing modifying their expression profiles (Caliskan et al.,[2011). It has been reported
that genetic control of whole blood and LCLs is predominantly independent, especially
non-housekeeping genes, and it has been speculated that cell type specific eQTL account
for this (Powell et al.,2012). However a comparison of different eQTL studies is generally
difficult due to the different platforms for expression and genotyping used (Majewski and

Pastinen, 2011).

trans eQTL

Detection of trans eQTL associations has been shown to be difficult in previous studies
because of small population size and tissue specificity (Price et al.,[2011, Grundberg et al.,
2012). In this dataset, trans eQTL have shown more cell type specificity than cis eQTL.
Several cell type specific trans master regulators including MHC, 12q15 in monocytes
and 9q31.2 in B-cells, were identified. Although functional characterisation of these trans
eQTL remain to be explored, genes associated with the trans eQTL may help to imply
the possible biological pathways involved. The monocyte specific LYZ locus that showed
strong eQTL in both cis and trans regulates expression of many genes in trans. The trans
regulated genes may regulate activation of downstream signalling pathways. For example,
TF CREBI may play a key role in activating immune related genes and RAB27A encoding
a GTPase is required to tether lysosome at a membrane (Elstak et al., 2011). These
genes showed expression correlation to LYZ in an allele specific manner. YEATS4, which
showed a cis association with 12q13.2 encodes a putative TF but did not show expression
correlation to the trans associated genes. The B-cell specific trans eQTL in 9q31.2 showed
a moderate cis association to KLF4 encoding a dual function transcription activator and

suppressor. This eQTL association in trans includes genes encoding receptors and ligands
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and showed correlation in gene expression (examples; PLAUR, CLEC12A, TNFSF13B).
Modulation of expression levels for these receptors and ligands in an allele specific
manner may lead to a differential response in signal transduction. However, it is difficult
to interpret a set of genes involved in trans eQTL because not many genes have direct
interaction with transcription or the immune system. In addition, associations between
eQTL and genes associated in trans may be hidden due to a small effect size or unknown

reasons.

GWAS and eQTL

While searching for eQTL in disease susceptibility associated loci identified from GWAS,
several eQTL in cis and trans, including shared and cell type specific associations,
were identified in susceptibility associated loci for autoimmune diseases. Biological
interpretation of results from GWAS is often difficult because loci associated with
susceptibility are frequently located in gene deserts or flank many possible candidate
genes (Freedman et al.,2011). eQTL from this dataset that overlap with GWAS loci may
help to contribute functional characterisation and understanding of disease susceptibility.

Both cis and trans eQTL were found in GWAS susceptibility loci for autoimmune
diseases. cis €QTL may be relatively straightforward to functionally characterise because
they may function as transcriptional modulators or create or disrupt sites for epigenetic
modification. Some examples were shown previously (e.g. SORT1 and cholesterol levels;
Musunuru et al., [2010). The eQTL with ERAP2 shared in the two cell types was found
in a locus associated with susceptibility to Crohn’s disease. Chronic inflammation in
Crohn’s disease may be involved in the expression level of ERAP2 which is associated
with expression of HLA class I molecules.

In contrast, trans eQTL suggest indirect interaction for disease susceptibility between
the eQTL and genes involved. For example, the MHC class II region which is strongly
involved in many autoimmune diseases showed trans associations to genes including
AOAH in monocytes. The eSNPs in the MHC class II region are in intergenic as well
as GWAS identified loci, therefore these variants may modulate enhancer or insulator
elements. AOAH is involved in digestion of bacteria-derived LPS which is important in
the innate immune system. Acyloxyacyl hydrolase is shown to limit LPS and control
polyclonal antibody production by B-cells (Lu et al., 2005). It is difficult to postulate
functional interaction between the eQTL with GWAS associations and the genes involved

for autoimmunity. The B-cell specific trans eQTL at 12q13.2 involving CDK2 and a
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potential trans gene CDKN1A was associated with several autoimmune diseases including
T1D. CDK2 and its inhibitor CDKN1A are involved in cell cycle and apoptosis, suggesting
this association may modulate dysregulation of cell homeostasis as shown in tumourigenesis

(Gartel and Radhakrishnan, |2005)).

4.7.5 HLA

The increased number of genotypes in MHC loci and the advanced knowledge of the HLA
types have made imputation of the HLA loci without serotyping possible. Analysis with
the imputed HLA alleles of the volunteer study cohort has identified trans associations
with gene expression in a cell type specific manner. The analysis identified genes involved
in trans eQTL in monocytes in the MHC class II region including AOAH. Investigating
specific HLA and eSNP alleles together have shown either up- or down-regulation of
the associated genes. For example, AOAH expression in monocyte with HLA-DRB1%*4, -
DRB1*7 and -DRB1*9 was significantly down-regulated. These HLA alleles are linked to
HLA-DRB4 encoding a supertypic HLA-DR53 serotype which is positively associated with
autoimmune diseases (Knowles et al., 1986, Kobayashi et al.,|1990, Morling et al., [1991,
Stunz et al.,1989). Since the AOAH product, acyloxyacyl hydrolase, functions in a part of
LPS hydrolysis, the reduced expression of the gene may be involved with predisposition
to inflammation.

Briefly cis association was explored with genes in the MHC region. Due to extreme
polymorphisms in the MHC region, the gene expression data used needs further verification.
However, the association of HLA-C*3 and PSORS1C3 in B-cells implies involvement with
psoriasis susceptibility. No known non-synonymous mutation has been identified for this
psoriasis susceptibility locus although many association studies identified association
with this locus (Nestle et al.,|2009). Because some of the HLA alleles have been identified
as susceptibility loci for autoimmune diseases and infectious diseases, the association with
eQTL in immune cells may elucidate biological pathways for disease susceptibility and

development.

4.7.6 Methodology and limitation of eQTL mapping

Methods to improve eQTL mapping analysis is described below. Imputation of SNPs at
a genome-wide scale is readily available using reference genotyping data from The 1000
Genomes Project (Howie et al.,2009). This would increase resolution of LD structures and

improve detection of eQTL signals.
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This study dataset used a MAF cutoff >1%. rs10816519 in 9q31.2 and its B-cell trans
association with KLF4 is intriguing to follow up. However, the current dataset does not
have any minor homozygous individuals. Increased sample size may help to identify
regulatory variants by including enough samples for SNPs with MAF between 1-5% to
be analysed more informatively.

Use of the microarray platform for gene expression quantification is a powerful tool to
quantify thousands of transcripts. However SNP confounding probe sequences can cause
detection of false positive signals due to effects on oligonucleotide probe hybridisation
to transcribed RNA. Thus the probes without SNPs (MAF>1% in the 1000 Genomes
Project data, Interim Release 23/11/2010) were only included in this dataset (29022
out of 47321 probes). The Illumina BeadChip gene expression platform used in this
dataset uses 50-mer oligonucleotide sequences to hybridise their target genes (Barbosa-
Morais et al., 2010). The affymetrix GeneArray uses 25-mer oligonucleotide sequences
and multiple probes for each transcript, however SNPs in probe sequences can still
cause false positive signals (Benovoy et al.,|2008). Highly polymorphic loci such as HLA
become problematic to design SNP-free probes. This could be overcome by using whole
transcriptome sequencing technology (Tang et al., 2010, Majewski and Pastinen, 2011).
Initial studies using transcriptome sequencing analysed eQTL mapping, however the
technology is not cost effective quantifying hundreds of samples (Pickrell et al., 2010,

Montgomery et al.,2010).

Summary

The dataset presented in this chapter consists of two highly purified immune cell
types and the eQTL mapping analysis was performed in order to identify regulatory
variation in cis and trans in the context of the immune response and inflammation. The
identified eQTL were analysed in a cell type specific manner, with association with GWAS
disease susceptibility loci and with imputed HLA alleles. These information may help to
understand functional characterisation of genetic variants with emphasis on susceptibility

and development of autoimmune diseases.
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Paired eQTL analysis of monocytes

and differentiated macrophages

Introduction

Macrophages have important roles in both innate and adaptive immune responses.
They play a particular role in inflammation and tissue repair (Murray and Wynn,
2011). Dysregulation of these events is associated with chronic inflammation which
is observed in many autoimmune and common diseases states (Ingersoll et al., 2011).
Chronic inflammatory and autoimmune diseases, including Crohn’s disease, RA and
MS, are involved with pro-inflammatory cytokines produced by inflammatory cytokines
TNFa, IL12, and IL23 (Murray and Wynn, 2011). For example, Crohn’s disease patients
carry a population of inflammatory CD14" macrophages in the intestine distinct from
normal tissue macrophages and they produce IL23 and TNFa to mediate the chronic
inflammation state (Kamada et al., |2008). Macrophages are involved in maintenance
of tissue homeostasis and dysregulation may result in a pathological state. Obesity
is associated with transition of adipose tissue macrophages (ATM) into inflammatory
macrophages (Lumeng et al., |2007). Homeostasis and insulin sensitivity are normally
controlled by ATM with production of anti-inflammatory cytokines including IL10
(Olefsky and Glass, 2010). High fat diet changes adipocyte metabolism and gene expression
resulting in production of pro-inflammatory cytokine TNFa and chemokines to recruit
inflammatory macrophages as well as transition of ATM to inflammatory macrophages.
Circulating monocytes can differentiate into inflammatory macrophages by stimuli
including exogenous PAMPs or endogenous cell death. Macrophages display heterogeneity
reflected by their plasticity in order to accommodate immunological responses (Gordon
and Taylor, |2005). Profiling the shift in gene expression level that associates with

differentiation from monocytes to macrophages has been previously investigated at only
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a small scale (Martinez et al., 2006, Gratchev et al., 2008, Szanto et al., |2010). These
studies have described distinctive gene expression changes that are caused by different
types of activation in ex vivo. Gene enrichment analysis on differentially expressed
genes highlighted biological pathways that are involved in lipid metabolism, chemokine
production, and a different repertoire of G protein-coupled receptors (Martinez et al.,
2006). The expression of PPARG, encoding peroxisome proliferator activated receptor-
y, is required for differentiation of ATMs (Odegaard et al., 2007). Gene profiling of
macrophage differentiation showed STAT6 interaction with the promoter region of
PPARG, suggesting that STAT6 regulates PPARG and a downstream mechanism for ATM
differentiation (Szanto et al., 2010). There has been limited investigation into genetic
variation that influences these gene expression changes during macrophage activation.
This chapter describes analysis of changes in gene expression during macrophage differentiation
ex vivo from monocytes on a large scale and investigates how genetic variation may

modulate this.

Objectives

This chapter describes analysis of paired gene expression data of human primary CD14"

monocytes and ex vivo differentiated macrophages. The main aims of this analysis are to:
1. describe changes in gene expression during the monocytes to macrophage transition.
2. investigate the effect of genetic variation on macrophage gene expression.

3. investigate the effect that underlying genetic variation plays in this transition.

5.2 Sample collection of the paired monocytes and

macrophages population

5.2.1 CD14" monocyte collection of healthy European individuals

A further cohort of healthy individuals of European descent were recruited in Oxfordshire
between June and July, 2012. The median age of the population was 39 years (interquartile
range (IQR) +/-18, Table[5.1).

Whole blood from 64 individuals was collected and processed by separating CD14*
positive monocytes using a method described in section 5x10° CD14" monocyte cells

were immediately harvested in the RLT reagent and were stored at —80 °C for later RNA
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extraction. For macrophage differentiation, 4x10°> CD14* monocyte cells were cultured
with TNFa and granulocyte macrophage colony stimulating factor (GM-CSF) over 18
days and harvested in RLT reagent before RNA extraction and quantification (Grabstein
et al.,|1986| see Materials and Methods, Chapterfor details). The median concentration
of total RNA was 21.2 and 49.7 pg/pL (IQR +/-6.9 and +/-30.1 respectively) for CD14"

monocytes and macrophages respectively.

Total Male Female
Sample number (%) 64 39(60.9) 25(39.1)
Range 19-66 19-66 20-59
Age (years) Median 39 39 39
Interquartile range 18 14 22

Table 5.1: Demographics of the 64 healthy individuals of European descent.

ex vivo differentiation of monocytes into macrophages

In order to determine the extent of macrophage differentiation, expression of monocyte
and macrophage CD markers were assessed using qPCR. The expression of CD14, a
highly expressed myeloid cell marker, and CD68, a transmembrane glycoprotein highly
expressed in macrophages and dendritic cells (DCs) were used. qPCR results were
normalised to expression in monocytes and showed that the differentiated macrophages
expressed CD68 significantly higher than monocytes (Figure [5.1). This result confirmed
that the macrophages have been successfully differentiated. The expression of CD14
was equally expressed between the two cell types. The RNA samples were subsequently

processed for gene expression profiling.

PCR
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Figure 5.1: gPCR of CD14 and CD68 in differentiated macrophages in comparison with CD14*
monocytes. The macrophages values are normalised with the monocytes. Mean and standard
errors are shown. CD68 expression in macrophages is significantly higher than in monocytes
(p=0.029, Wilcoxon rank sum test) and CD14 expression is at similar levels (p=0.2).
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Population stratification analysis

Examining potential population stratification is important to perform when investigating
the genetic determinants of gene expression at a population level. Gene expression has
a heritable component, thus removing outliers based on the genetic background of a
population can avoid skewed results in analyses. This section describes the analysis of
the genetic structure of the cohort used to study monocyte and macrophage expression.
The principals of genotyping, its quality control and population stratification used in this

dataset was described in Section

Genotyping

Genomic DNA was extracted from whole blood of 63 individuals and was hybridised onto
the Illumina OminiExpress BeadChips. One of the 64 individuals was not genotyped due
to unavailability of the DNA sample. The genotyping data was scanned and normalised on
the GT module of Illumina Genome Studio. The 730525 SNPs which passed the threshold

on GenCall scores >0.15 were used in further analyses.

Quality control of genotyping

Quality control of genotyping data on the 63 individuals was performed in order to
remove any SNPs or samples which have bias caused by technical artefacts or underlying

population structure.

SNP filtering

Due to the small sample size, a MAF>5% cutoff was used for genetic stratification analysis.
A SNP call rate >0.98 with MAF>5% criteria left 590113 SNPs. The Hardy-Weinberg test is
used to determine if biallelic SNPs deviated from the Hardy-Weinberg equilibrium (HWE)
using a statistical significant test (Wigginton et al.,[2005). There were 92 SNPs identified at
HWE p<1x107% and removed from further analysis. Thus the genotyping dataset included

590021 SNPs for population stratification analysis.

Sample filtering

A sample call rate threshold of >0.98 was applied to the genotyping dataset and no
individual failed. The average sample call rate was 99.95%. The reported sex was correct

for all individuals by testing the heterozygosity rate of SNPs on the X chromosome.
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The heterozygosity rate in this population was determined to identify any outliers. The
mean heterozygosity rate in this population was 35.68% and the standard deviation
was +/-0.74%. No individual failed this threshold. Relatedness of each individual in the
population using an identity by descnet (IBD) test was calculated to determine any sample
duplication or related individuals. No individual was duplicated or related to each other
closer than second-degree relatives. Thus 63 individuals were retained for the next stage

of analysis.

Population stratification

In order to assess population structure, multidimensional scaling (MDS) with 75691 SNPs
which were not in LD (r?<0.2) was calculated in comparison to the defined HapMap and
1000 Genomes populations. MDS visualises the similarity of samples in a dataset at a
low dimensional space. The reference populations included 14 populations from Europe,
Africa, Southeast Asia and Latin America (Appendix Table [6). A pairwise IBD matrix
in this population was used to determine MDS for differences in ancestry. The first and
second components (C1 and C2) of the MDS analysis with 14 populations describe that
the current population significantly overlaps with the European populations (Figure|5.2).
Further resolution of the MDS analysis with the European populations has shown that
this population consists of individuals of Northern and Western European decent as they

overlap with CEU and GBR (British from England and Scotland) populations (Figure|5.3).

Final dataset

The quality control and the population stratification analysis retained the 63 individuals
without any outliers. For further analyses with the gene expression data, MAF 10%
was chosen as a cutoff because the small population size of the current dataset may be
susceptible to higher false positive results. The final genotyping dataset consists of 63
individuals with 515282 SNPs after filtering with the primary criteria of MAF>10%, SNP
call rate>98%, HWE p>1x107% and sample call rate >98%.

Gene expression profiling

The gene expression of CD14* monocytes and macrophages was quantified using the
[Nlumina Human HT-12v4 BeadChips at the Sanger Wellcome Trust Centre and the

Wellcome Trust Centre for Human Genetics respectively. The 63 paired samples of
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MDS with the HapMap and 1000 Genome populations

0.08 -
Population2

® African

4 European

= Latin America

+ Southeast Asia
= volunteer study

Population
0.04- ASW
CEU
CHB
CHs
CLM
FIN
GBR
IBS
0.00- JPT
LWK
MXL
PUR
TSI
volunteer study
YRI

Cc2

-0.04 -

1 l 0 1 1
-0.15 -0.10 -0.05 0.00 0.05
C1

Figure 5.2: MDS plot of population stratification for the 63 individuals. Circles - Africans (ASW -
African ancestry from southwest of the USA, LWK - Luhya from Kenya, YRI - Yoruban from Nigeria),
triangles - European (CEU - Northern and western European ancestry from Utah, USA, FIN - Finnish
from Finland, GBR -British from England and Scotland, IBS - Iberian in Spain, TSI - Toscani in ltaly),
squares - Latin America (CLM - Colombian in Medellin, Colombia, MXL - Mexican from Los Angeles,
California, USA, PUR - Puerto Rican in Puerto Rico), crosses - Southeast Asia (CHB - Han Chinese
in Beijing, China, CHS - Han Chinese in South China, JPT - Japanese from Tokyo, Japan), squares
with x - volunteer study; the 63 healthy volunteers in this study.

monocytes and macrophages were analysed for gene expression. The details of the

[llumina BeadChip technology for gene expression profiling are described in Section

Normalisation of microarray data

The raw signal intensity of all 126 microarray data was obtained from the GX module of

Illumina GenomeStudio and were subsequently analysed.

Filtering probes

Probe filtering was separately applied to the monocyte and macrophage datasets. Probes
with detection scores >0.99 in at least 5% of the datasets (n=4 in the monocytes and

macrophage datasets respectively) were used for subsequent analysis. There were 18422
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MDS with the HapMap and 1000 Genome European populations
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Figure 5.3: MDS plot of population stratification within Europeans. Orange circles - CEU, dark
yellow circles - FIN, green circles - GBR, light blue circles - IBS, blue circles - TSI, purple triangles -
volunteer study (the 63 healthy volunteers in this study).

and 18717 probes that passed the filtering in the monocyte and macrophage datasets
respectively. Out of these probes, 15910 probes were the same between the two datasets.
Probes which met the criteria in either dataset but not in the other were included because
these probes may be specifically expressed in only one cell type. There were 21229 probes

remaining after filtering.

Normalisation

The monocyte and macrophage expression samples (n=126) were combined and normalised
using Robust Spline Normalisation (RSN) after log, transformation. For this dataset, two
iterative procedures were required. One outlier was removed from further analysis. The
density plots of the raw and normalised data show that the peaks of signal intensity
were shifted to form one large peak after normalisation (Figure [5.4). Clustering of the
samples shows that the cluster is tighter with the normalised data and forms two discrete

clusters corresponding to the monocyte and the macrophage datasets (Figure [5.5). The
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distribution of expression values of each sample before and after normalisation shows
that the median is normalised to the same level throughout the samples (Figure|5.6). The
variability outside of the interquartile range in the macrophages is greater than in the

monocytes.
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Figure 5.4: Density plot of signal intensity before (left panel) and after (right panel) normalisation.

The raw data forms two large peaks corresponding to monocytes (left) and macrophages (right).
The normalised data forms different peaks but in a same range of the signal intensity.
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Figure 5.5: The clusters of the monocyte and macrophage expression data before (left panel) and
after (right panel) normalisation. The outlier is located outside of either clusters in the raw data.
The normalisation of the data after removal of the outlier forms two clusters corresponding to the
monocytes (left) and the macrophages (right).

MA plots

Normalisation of the dataset was analysed using a MA plot. Four randomly selected
samples (two monocytes and two macrophages) were plotted based on the ratio of log,
signal intensity in each probe (M) and the average (A) between two samples (Figure|5.7).

The median values shown by the red lines in each plot approach zero (blue lines) in the
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Figure 5.6: The distribution of expression values before (top panel) and after (bottom panel)
normalisation. Variability outside of the interquartile ranges is greater in the macrophages (left
half) than the monocytes (right half).

same cell types. However, in comparisons between different cell types the median values
do not approach zero even after normalisation especially at low gene expression. They
retained shift in distribution of gene expression as would be expected with differential

gene expression between cell types.

Principal component analysis

Principal component analysis (PCA) explains the variation between samples by reduced
dimensionality of the dataset. PCA was performed on the monocyte and macrophage
datasets before and after normalisation in order to assess their variation. The cell types
were clearly the main variation in the dataset both before and after normalisation (Figure
[5.8). The largest variation is explained by the first component, PC1, which accounted
for 55.13% and 70.02% of the variation in the raw and normalised data respectively.
The outlier that was identified in the raw data was found far out from either cell type
clusters. After normalisation, the second component (PC2) was reduced from 28.67% to
3.58%. Thus, the PCA demonstrated that the variation in the dataset was mainly due to
the cell types. However, PC2 in the normalised data identifies two potential outliers in
the macrophage data (IDs 360 and 379) which were not detected as outliers during the
normalisation step (Figure|5.8).

Further sample filtering

In order to analyse the dataset in a pairwise manner, the macrophage sample arising

from the same individual as the monocyte outlier was also removed from the dataset.
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Figure 5.8: PCA plots of the expression data in the monocytes and macrophages before (top panel)
and after (bottom panel) normalisation. The samples are coloured by microarray chips (n=42) and
are shown by cell types (circles - monocytes, triangles - macrophages). Percentages of variance
explained by PCs before and after normalisation are shown: PC1 - 55.13% and 70.02%, PC2 -
28.67% and 3.58% in the raw and normalised data respectively.
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Normalisation of the remaining 124 microarray samples was performed with the 21229
probes. All the quality control plots were very similar to the data described above (Figures
[5.6). There were no outliers detected and all quality control steps assured that the

normalisation was efficiently performed.

Final dataset

The final dataset of the gene expression for further analysis consists of the 124 samples,

the 62 paired dataset of the monocytes and the macrophages, with 21229 probes.

Differential gene expression analysis

Differential gene expression analysis of the monocytes and macrophages was performed
using the R package limma (described in the Section[3.5.1)). Limma is designed to compute
a contrast of gene expression using an estimated coefficient of a linear model in a
comparison of two or more groups. In this analysis, a moderated paired t-test was used

for the paired monocytes and macrophages data.

Processing the data

The normalised gene expression data of the 62 paired samples was computed using
limma. In summary, 71% of probes tested (15072 probes out of 21229) were significantly
differentially expressed between two cell types at an adjusted p-value cutoff 1.1x1071°
(Bonferroni corrected for multiple testing). A contrast for the analysis was made for
macrophages to monocytes, giving moderated t-statistics that are positive for macrophage
up-regulated genes and negative for monocyte up-regulated genes. This analysis was
focused on the change of gene expression in macrophage transition. In order to avoid
confusion, the results are described in a manner of either up- or down-regulation
in macrophages. A summary of the analysis statistics is shown in Table The
number of probes significant in monocytes is larger in total, but there are more probes
in macrophages that are more significant (Figure [5.9). The B statistics (log-odds) of
differential expression is larger in macrophages (Figure [5.10). The MA plot of the
differentially expressed genes between the monocytes and macrophages shows that the
less expressed genes on average between the two cell types are likely to be up-regulated in
monocytes, which implies that these genes may be down-regulated in the macrophage due

to differentiation (Figure [5.11). The biological interpretation of these genes is described
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in the next sections, focused on the characteristics of macrophage differentiation and

activation for immune responses.

Table 5.2: Summary of differentially expressed probes in macrophages contrasted to monocytes.
Thresholds for cutoff are the adjusted p-value with FDR.

Threshold Number of probes (%) Collective (%)
p (<) Total Up (%) Down (%)  Total (%) Up (%) Down (%)
Total 21229 8115(38.2) 13114 (61.8)

1.1x107'1% 15072 5499(36.48) 9573(63.5) 100 100 100
1x1071° 12499 4674(37.39) 7825(62.6) 82.9 85.0 81.7
1x1072% 9664 3852(39.86) 5812(60.1) 64.1 70.0 60.7
1x10730 4786  2342(48.93) 2444(51.1) 31.8 42.6 25.5
1x10740 1743 1070(61.39)  673(38.6) 11.6 19.5 7.0
1x1070 444  376(84.68) 68(15.3) 2.9 6.8 0.7

S Total
N\

40 60
-log10(adj.pval)

Figure 5.9: Numbers of significant probes in macrophages and monocytes differential gene
expression analysis. The vertical grey line indicates 1.1x10710 p-value cutoff.

Differentially expressed genes in macrophages compared to
monocytes

Macrophages have multiple roles dependent upon development and anatomical location.
For example, inflammatory macrophages can differentiate from circulating monocytes
and play a major role in killing invading agents (Serbina et al., 2008). They can alternatively
differentiate into tissue macrophages through induction by cytokines IL4 and IL13 to
maintain homeostasis and repair of tissues (Gordon and Martinez, 2010). Stimulating

CD14" monocytes with TNFa and GM-CSF promotes differentiation into inflammatory
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Figure 5.10: Volcano plot of differentially expressed genes in macrophages and monocytes.
Probes up-regulated (red cross) and down-regulated (blue circle) in macrophages are plotted
based on log, fold change (x-axis) and B log-odds (y-axis). The moderated t-statistics are shown
in two colours (red is up-regulated and blue is down-regulated). Vertical lines indicate a log, fold
change of +/-2.

macrophages and DCs (Grabstein et al., [1986)). This section describes the roles of genes

differentially regulated in macrophage differentiation.

Pathway analysis of differentially expressed genes in monocytes and macrophages

In order to systematically interpret genes differentially expressed between monocytes and
macrophages, a gene enrichment analysis was performed using the Reactome database
(described in detail in Section [3.6). The significantly differentially expressed gene probes
with available Entrez gene IDs (5428 and 8755 probes in up- and down-regulated
macrophage genes respectively) were tested for enrichment in biological pathways with
the background of a total of 20100 probes with FDR cutoff <0.01. 4552 and 7206 genes
were significantly identified as enriched in 7 and 25 pathways in up- and down-regulated
genes respectively (most significant pathways pup:5-14X10_14 and Pyown=5.81x1077).
These pathways include subgroups. No pathway was significantly enriched by genes that
are equally expressed between the two cell types. The results are summarised in Tables

5.3|and [5.4l The description of the pathways is given below, followed by individual genes.
p p ysis g y g
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Figure 5.11: MA plot of differentially expressed genes in monocytes and macrophages. Probes
that are up-regulated (cross) and down-regulated (circle) in macrophages are plotted based
on average expression values across the two cell types (x-axis) and log, fold changes (y-
axis). Adjusted p-values (blue, p<1.1x10719, pink, p>1.1x1071%) indicate distribution of the most
significant probes.

Table 5.3: Reactome pathway enrichment analysis on the up-regulated genes in macrophages in
comparison to monocytes. GeneRatio: over-represented genes in genes tested in each cell type.
BgRatio: a ratio of genes in the pathway and background.

Pathway ID  Description GeneRatio BgRatio p-value FDR
1430728  Metabolism 410/4552 1004/15114 5.14x1071* 5.49x10°11
1428517  The citric acid (TCA) 68/4552  119/15114 7.53x1071%  3.35x1077

cycle and Respiratory
electron transport

556833  Metabolism of lipids 141/4552  344/15114  9.54x107¢  2.04x107°
and lipoproteins

917937  Iron uptake and 20/4552  30/15114  3.86x10™>  5.88x107°
transport

Pathways enriched with the up- and down-regulated macrophage gene products

As described in Section the Reactome pathway analysis identifies overrepresentation
of genes compared to the background. Pathways consist of reactions in biological processes
such as the cell cycle, mRNA processing and lipid metabolism, which contains more
specific subgroups (Joshi-Tope et al., [2005). The significantly enriched pathways are

described below followed by the individual genes in respect to their biological roles.
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Table 5.4: Reactome pathway enrichment analysis on the down-regulated macrophage genes in
comparison to monocytes. GeneRatio: over-represented genes in genes tested in each cell type.
BgRatio: a ratio of genes in the pathway and background.

Pathway ID  Description GeneRatio ~ BgRatio p-value FDR

72172 mRNA Splicing 77/7206  109/15114 9.26x1077 2.67x107*

168249 Innate Immune System  184/7206 298/15114 5.81x1077 2.67x107*

1280215  Cytokine Signalingin ~ 149/7206 239/15114 3.07x10°® 3.55x1074
Immune system

166054 Activated TLR4 60/7206  82/15114 2.28x107° 3.14x107*
signaling

449147 Signaling by 69/7206  102/15114 3.48x107> 1.82x107*
Interluekins

168898 Toll Receptor Cascades ~ 69/7206  99/15114  7.2x107®  4.15x10~*

Pathways enriched with the macrophage differentially up-regulated genes were involved
in metabolism (pathway ID 1430728, p=5.14x10"'%) and respiratory transport (pathway
ID 1428517, p=7.53x10719, Table . The pathway of metabolism of lipids and lipoproteins
was of interest as activated macrophages are highly associated with the pathologenesis of
obesity in adipose tissues (Olefsky and Glass, [2010).

The macrophage differentially down-regulated expressed genes were enriched in
pathways related to the innate immune system which includes TLR and cytokine
signalling pathways (Table [5.4). Examples of the subgroups under Toll receptor cascades
pathway (pathway ID 168898, p=7.20x107%) are the activated TLR4 signalling pathway
(pathway ID 166054, p=5.36x10"%) and the MyD88 dependent cascade on the plasma
membrane (pathway ID 166058, p=2.28x107%). The down-regulated genes are, in other
words, monocyte up-regulated genes. This result agrees with previously known roles of

monocytes in innate immunity (Serbina et al., 2008).

Genes relating to their biological roles

Genes with distinctive roles in inflammation in monocytes and macrophages may be
detected by the differential gene expression analysis. Genes previously identified in
association with disease susceptibility to diabetes and obesity are found to be significantly
up-regulated in macrophages (Table[5.5). PPARy is associated with T2D susceptibility and
is involved in alternative macrophage differentiation (Altshuler et al., 2000, Odegaard
et al., 2007). Genes that are involved in fatty acid metabolism are significantly up-
regulated in macrophages; these genes are shown enriched in a lipid metabolism pathway
by the Reactome analysis above (p=5.14x10"'%). APOE, encoding apolipoprotein E, a

ligand for LDL receptors in plasma, is involved in lipid metabolism and mediates lipid

162



Chapter 5

antigen presentation (Hatters et al., 2006, Elzen et al., |2005). Macrophages are also
involved in cell apoptosis which is required for cell clearance and tissue repair (Nagata
et al.,[2010). CASP6 and CASP3 encode apoptosis related protease and are essential for
cell apoptosis (Thornberry and Lazebnik, 1998).

In addition to the genes involved in biological roles, genes encoding macrophage
markers were determined to ensure cell maturation as macrophages. Up-regulation of
CD68 in macrophages supported maturation of cell differentiation (p=1.66x1074¢, Table
[5.5). Other cell markers for macrophages were also up-regulated, which include genes
encoding integrins, transmembrane receptors, and a galectin, a family of endogenous
lectins. ITGAM and ITGAX encode integrina M and X which form a heterodimeric
transmembrane receptor with a § chain and are involved in signal transduction and cell
adhesion in the innate immune response (Han et al.,|2010). LGALS3 encodes a galactoside-
binding soluble lectin also known as MAC-2 and is involved in the inflammation response
(Rabinovich et al., |2007). Up-regulation of these genes supported maturation of cell
differentiation.

Macrophage down-regulated genes also equate to monocyte up-regulated genes.
Therefore, expression of these genes are expected to highlight characteristic features of
monocytes (Table[5.6). Circulating monocytes function as a part of the surveillance system
for infection. PRRs including TLRs and NOD2, vital for the innate immune system to
detect PAMPs, are down-regulated in macrophages.

A group of genes encoding G protein coupled receptors (GPCRs) are down-regulated
in macrophages. G protein coupled receptors consist of seven transmembrane domains
and are the largest protein family involved in many physiological roles in signal transmission
(Marinissen and Gutkind, 2001). A GPCR subfamily of adenosine purinergic receptors
was shown to increase a level of immunosuppressive cAMP in immune cells and decrease
tissue damage by inflammation (Ohta and Sitkovsky, 2001). Martinez and colleagues
reported that different repertoires of GPCR subfamilies were differentially expressed in
different stages of macrophage differentiation (Martinez et al.,|2006). Agonists for GPCRs
are remarkably varied and adenosine is just one example. It is difficult to classify the
GPCR genes down-regulated in macrophages as they were not significantly enriched in
pathways by the Reactome analysis. Further analysis of these genes may identify their

associations to pathways specific to the diverse immune response.
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Genes involved in the inflammatory response

Expression of cytokines and chemokines was previously reported in activated macrophages
(Martinez et al.,2006). The analysis presented here reveals multiple examples of differential
ligand and receptor expression involved in cytokines and their receptors between macrophages
and monocytes (Figure [5.12). These genes were selected based on the names of gene
products and coloured onto a cytokine-cytokine receptor interaction pathway drawn
by the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (ID hsa04060,
Kanehisa and Goto, 2000). For example, pro-inflammatory IL1A is produced by activated
macrophages as an acute cytokine and binds to IL1R1 which is down-regulated in
macrophages. Another IL1 family member, IL1B, is down-regulated in macrophages,
which binds to the same receptor IL1R1 (Dinarello, |2011). IL1A and TNF synergistically
activate downstream pathways including transcriptional regulator NF«xB for regulation of
the inflammatory response (Gabay et al.,2010).

Monocytes are attracted to a site of inflammation by chemokines which are secreted
by infected or damaged tissues (Thelen and Stein, 2008). A chemokine ligand gene
(CCL22) is up-regulated in macrophages while chemokine receptors such as CCR2
and CX3CRI1 are down-regulated which agrees with a previous study of monocyte
maturation (Phillips et al.,[2005). Various types of chemokine ligands are used to recruit
different monocyte populations in response to different signals. These may explain how
inflammatory macrophages secrete chemokine ligands to attract more monocytes which

express receptors.
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Figure 5.12: Differentially expressed genes in macrophages and monocytes in relation to a pathway for cytokines and their receptors. The differentially
expressed genes involved in cytokines and their receptors are manually mapped onto a KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway for
cytokine-cytokine receptor interaction (ID hsa04060, Kanehisa and Goto,[2000). Receptors up-(red) and down-(green) regulated, ligands up-(pink) and down-
(yellow) regulated in macrophages are shown. KEGG pathway is a collection of manually curated pathway maps based on molecular interaction and biological

reaction networks (http:// www.genome.jp/ kegg/pathway.html).
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Table 5.5: Differentially up-regulated genes in macrophages. macro: macrophage, mono: monocyte, logFD: log fold changes, t: moderated t-statistics, B: B

statistics (log-odds), adj.P.Val: adjusted p-values by FDR.

Macrophage up-regulated genes

Average expression

TargetID Gene product RefSeq_ID Location logFC t B P.Value adj.P.Val macro mono

Inflammatory response

CCL22 chemokine (C-C motif) NM_002990  16q13 10.35 97.24 151.65 7.47x1077! 6.34x107%% 14.21 3.86
ligand 22

SLC7A8 solute carrier family 7 NM_182728 8 482 75.85 136.28 4.68x107%* 1.20x107°! 10.80 5.97
(amino acid transporter
light chain, L system),
member 8

TREM?2 triggering receptor NM_018965  6p21.1 6.38  83.49 14224 1.12x107%° 4.76x107%* 12.30 5.92
expressed on myeloid
cells 2

TNERSF21 ~ TNF receptor superfamily, NM_ 014452  6p21.1 5.18  66.90 128.45 1.25x107%° 1.99x107>% 12.22 7.04
member 21

LGALS3 lectin, NM_002306  14q22.3 3.42  39.60 95.85 1.66x107% 3.51x107%> 14.50 11.09
galactoside-binding,
soluble, 3

Pro-inflammatory cytokine

IL1A interleukin 1, a NM_000575 2ql4 2.47 1418 37.32 2.39x107%! 5.22x107%!' 6.93 4.46

Anti-inflammatory cytokine

IL10 interleukin 10 NM_000572 1q31-q32  1.55 21.72  60.03 4.17x1073' 1.81x1073° 13.72 12.17

TLR pathway

TLRI1 toll-like receptor 1 NM_003263  4pl4 1.72  14.37  38.00 1.22x1072! 2.76x1072! 11.37 9.65

Cell adhesion and attachment

LIMS1 LIM and senescent cell NM_004987  2ql2.3 579 11.17 26.38 1.23x107'¢ 2.16x107'¢ 10.84 5.06
antigen-like domains 1

ITGB5 integrin, 8 5 NM_ 002213  3q21.2 599  96.16 150.97 1.51x10779 1.24x107%7 13.41 7.42
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L9T1

ITGAM

ITGAX

Cell apoptosis

CASP6

CASP3

Endocytosis
MSR1

Lysosomes
RAB7B

integrin, a M
(complement component
3 receptor 3 subunit)
integrin, a X
(complement component
3 receptor 4 subunit)

caspase 6,
apoptosis-related cysteine
peptidase
caspase 3,
apoptosis-related cysteine
peptidase

macrophage scavenger
receptor 1

member RAS oncogene
family

Myeloid cell differentiation

APOC1
CD68

ADAMDEC1

apolipoprotein C-I
CD68 molecule
ADAM-like, decysin 1

Fatty acid metabolism

APOE
FABP3

apolipoprotein E

fatty acid binding protein
3, muscle and heart
(mammary-derived
growth inhibitor)

NM_000632

NM_000887

NM_001226

NM_032991

NM_138715

NM_177403

NM_001645
NM_001251
NM_014479

NM_000041
NM_004102

16p11.2

16p11.2

4q25

4q34

8p22

1932

19q13.2
17p13
8pl2

19q13.31
1p33-p32

1.09

0.87

3.06

0.96

4.28

7.03

8.97
1.13
6.97

10.65
6.73

26.98

10.50

16.18

17.52

53.26

75.40

160.73
25.80
109.50

158.36
103.49

72.62

23.77

43.99

48.19

114.23

135.91

181.75
69.99
158.92

180.89
155.47

1.62x1073¢

1.64x1071°

3.24x1072%4

5.08x10726

1.90x107>%

6.82x10764

1.15x10784
2.21x1073
4.12x10774

2.96x10784
1.47x10772

1.14x1073°

2.73x1071°

8.60x10724

1.52x1072°

1.25x107°2

1.66x107°!

8.14x1078!
1.38x10734
6.74x10771

1.57x10780
1.83x107%°

13.56

8.19

9.97

10.82

10.03

11.19

14.82
14.45
12.63

14.87
11.03

12.47

7.31

6.90

9.86

5.75

4.17

5.85
13.32
5.65

4.22
4.30

J1a1dey)



PPARG

peroxisome
proliferator-activated

receptor y

4.02 47.24 106.76 3.24x107°! 1.32x107%° 10.68 6.65

NM_015869  3p25
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Table 5.6: Differentially down-regulated genes in macrophages. macro: macrophage, mono: monocyte, t: moderated t-statistics, B: B statistics (log-odds),

adj.PVal: adjusted p-values by FDR.

Monocyte up-regulated genes

Average expression

J1a1dey)

TargetID Gene product RefSeq_ID Location logFC t B P.Value adj.P.Val macro mono

Inflammatory response

CCR2 chemokine (C-C motif) NM_000647 3p21 -6.03 -65.95 127.56 3.06x107%0 4.64x107°%  6.39 12.42
receptor 2

CX3CR1 chemokine (C-X3-C NM_001337 3p21.3  -10.73 -54.66 115.85 3.77x107>% 2.79x107%3  2.22 12.95
motif) receptor 1

ICAM3 intercellular adhesion NM_002162 19p13.3 -6.22 -43.39 101.49 6.14x107% 1.79x10™%  7.42 13.65
molecule 3

IRF7 interferon regulatory NM_004029 11p15.5 -3.47 -41.75  99.11 6.50x107*®  1.63x107%6  8.21 11.68
factor 7

TNERSF1A TNF receptor superfamily, NM_001065 -12p13.2 1.75 -35.32  88.72 1.95x107% 2.88x107%?> 10.46 12.21
member 1A

PECAM1  platelet/endothelial cell ~ NM_000442 17q23.3 -1.85 -35.32  88.84 1.74x107*® 2.58x107*? 10.73 12.58
adhesion molecule 1

IL6R interleukin 6 receptor NM_000565 1q21 4.07 -26.55 71.68 4.15x1073¢ 2.78x107%>  3.93 8.00

LTBR lymphotoxin f8 receptor NM_002342 12p13 -1.68 -29.81  78.57 4.52x1073% 4.11x1073%  10.60 12.28
(TNFR superfamily,
member 3)

NLRP12 NLR family, pyrin domain NM_144687 19q13.42  -7.97 -17.62  48.47 3.84x107%6 1.16x107% 3.73 11.70
containing 12

Anti-inflammatory response

IL10RA interleukin 10 receptor, @  NM_001558 11q23 -2.19  -36.31  90.52 3.27x107** 5.27x107*  9.96 12.16

Lymphocyte activation

SELL selectin L NM _000655 1923 -11.23  -47.52 107.13 2.34x107>! 9.30x10™>°  1.76 12.99

CD79B CD79b molecule, NM_000626 17923 -4.30 -34.05 86.60 1.59x107*? 2.12x107%!  4.19 8.49
immunoglobulin-
associated
p




0LT1

MHC transactivator

CIITA

class II, major
histocompatibility

complex, transactivator

Monocyte differentiation

KLF4

Kruppel-like factor 4
(gut)

Pathogen recognition receptors

NOD2

TLR pathway
CD14
MYDS88

TLR2
TLR4
TLR5
TLR6
TLR7
TLRS8
TLR10

nucleotide-binding

oligomerization domain

containing 2

CD14 molecule
myeloid differentiation
primary response 88
toll-like receptor 2
toll-like receptor 4
toll-like receptor 5
toll-like receptor 6
toll-like receptor 7
toll-like receptor 8
toll-like receptor 10

NM_000246

NM_004235

NM_022162

NM_000591

NM_002468.3

NM_003264
NM_138554
NM_003268
NM_006068
NM_016562
NM_016610

NM_001017388

16p13 -3.86
9q31 -5.01
16q12 -5.62
5931.3 -4.66
3p22 -1.35
4q32 -5.52
9933.1 -0.86

1q32.3-q42  -4.58

4p16.1 -1.53
Xp22.3 -4.97
Xp22 -3.51
4pl4 -3.69

-24.74

-32.09

-16.78

-12.27
-33.88

-23.98
-11.18
-34.95
-22.52
-19.59
-25.05
-22.56

67.52

83.00

45.91

30.50
86.29

65.72
26.39
88.20
62.09
54.27
68.26
62.21

2.52x10734

5.65x1074!

4.84x107%°

2.05x10718
2.17x10742

1.51x10733
1.22x10716
3.27x10743
5.44x10732
1.25x10728
1.22x10734
4.83x10732

1.42x10733

6.72x10740

1.36x1072%

3.92x10718
2.82x1074!

7.95x10733
2.13x10716
4.74x10~42
2.53x10731
4.48x10°28
7.10x10734
2.26x1073!

4.47

5.97

5.62

9.90
10.66

1.83
8.71
6.62
8.50
5.41
7.49
3.33

8.33

10.99

11.24

14.56
12.01

7.35
9.57
11.19
10.03
10.38
11.00
7.02
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MHC genes

MHC genes on chromosome 6 (chr6) are crucial for antigen presentation and induce the
T-cell mediated adaptive immune response. The genes encoded in the MHC region were
analysed to see if they were differentially expressed in either cell type. All significantly
differentially expressed HLA genes were down-regulated in macrophages (Table[5.7). The
most significantly down-regulated gene was HLA-F which encodes a class I heavy chain
to be a part of a heterodimer class I molecule and has few polymorphisms in its coding
sequence (Geraghty et al., [1990). MHC class II genes are expressed in APCs including
monocytes, macrophages, DCs, B-cells and T-cells. These genes are also down-regulated
in macrophages. For example, HLA-DRB4 encodes a 4 subunit for a MHC class II HLA-
DR cell surface receptor.

MHC genes are known for hyperpolymorphism critical for effective antigen recognition
and immunity. Microarray probes are difficult to design without SNPs. Although this
analysis shows differentially expressed genes between macrophages and monocytes

involving MHC genes, these expression values may require further validation.
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Table 5.7: Significantly differentially down-regulated HLA genes in macrophages in comparison to monocytes. macro; macrophages, mono; monocytes, logFD:
log fold changes, t: moderated t-statistics, B: B statistics (log-odds), adj.P.Val: adjusted p-values by FDR.

Average expression

Name RefSeq-ID logFC t B P.Value adj.P.val = macro mono
class I

HLA-F NM_001098479 -1.78 -36.23 90.40 3.70x107** 5.93x107% 10.51 12.29
HLA-E NM_005516 -1.09  -31.14 81.19 3.38x10°%0 3.47x1073° 13.27 14.36
HLA-G NM_002127 1.65 2537 69.01 5.82x1073° 3.49x1073% 12.47 10.81
HLA-C NM_002117 -1.00  -11.05 25.91 1.95x107'¢ 3.39x107'® 10.21 11.21
HLA-H NR_001434 0.50 8.54 15.99 3.78x107'%2 5.56x107'2 13.01 12.51
class I1

HLA-DOB NM_002120 -3.45 -2499 68.11 1.42x1073* 8.17x1073*  3.03 6.48
HLA-DRB4 NM_021983 -1.58 -21.82 60.30 3.21x1073! 1.41x1073° 12.73 14.31
HLA-DPBI NM_002121 -1.84 -16.32 44.45 2.04x1072* 5.50x10°2*  8.38 10.22
HLA-DRA NM_019111 -0.90 -15.43 41.56 3.60x1072% 8.98x1072% 14.01 14.91
HLA-DOA NM_002119 -3.04 -13.24 34.04 6.17x10720 1.27x1071°%  6.13 9.17
HLA-DPA1 NM_033554 -0.73  -12.61 31.75 5.95x107'° 1.17x107'8 13.82 14.55
HLA-DRB6 NR_001298 -0.73 -12.18 30.16 2.88x107'% 5.46x107!8 12.93 13.66
HLA-DQAI  XM_936128 -1.19  -11.51 27.65 3.49x107'7 6.27x107'7 11.47 12.66
HLA-DQB1  NM_002123 -1.97  -9.71 20.69 3.52x107!'% 5.55x10°'%  7.85 9.83
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eQTL mapping analysis

Mapping eQTL using the expression data of two closely related immune cell types may
identify specific eQTL that are highly associated with each cell type, especially eQTL that
are important for macrophage activation. This section describes eQTL mapping of human
primary monocytes and macrophages in related to cell type specificity.

Gene expression data often includes experimental noise such as batch effect even
after data normalisation. Therefore mathematical methods are used to filter these artefact
effects by decomposing microarray data into different dimensions as components. Such
methods include integrating multivariate dimension reduction techniques, a singular
value decomposition (SVD) and an independent component analysis (ICA). Components
representing noise are used to normalise data. The step is considered to improve
interpretation of microarray data and helps to identify patterns of gene expression in
relation to biological function (Alter et al., 2000). Briefly, SVD is a linear transformation
of expression data from genes on an array and the sample number of arrays into unique
reduced dimensional data which are sorted by the rank of variance explained (Alter et al.,
2000). ICA is a method to decompose expression data into statistically independent modes
(Hyvarinen and Oja, [2000).

These methods can be applied to gene expression data for eQTL analysis to filter
experimental noise (Biswas et al., 2008}, Fehrmann et al., 2011} Leek and Storey, 2007).
In order to enhance discovery of eQTL associations, Biswas and colleagues used both SVD
and ICA on gene expression data for eQTL analysis because two methods identify different
source of variation in gene expression data (Biswas et al., |2008). Principal component
analysis (PCA) is a mathematical procedure to decompose a set of observations into a set
of values of linearly uncorrelated variables called principal components (PCs), which is
almost equivalent or often identical to SVD. Each PC explains a unique variable.

The eQTL analysis in this section used the R package MatrixeQTL that incorporates
a linear regression model with PCs of gene expression data as covariates in order to
maximise the number of eQTL detected in an analysis (Shabalin, 2012). As described
above, PCs explain variations that are derived from experimental noise, environmental
effect, individual gene expression variation or genetic effect. Studies applying PCA to
their gene expression data argue that top ranked PCs explaining a larger part of the total
variation explain sample differences that may be caused by environmental variation as
well as experimental variation (Biswas et al., 2008, Fehrmann et al.,[2011). Therefore these

PCs derived from noise can be filtered from gene expression data for eQTL analysis and
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the remaining PCs explain genetic effects in the data. The advantages of incorporating
PCs are to reduce noise that is irrelevant from true variation of gene expression derived

from genetic effect and to detect more eQTL signals (Ringner,|2008).

Data processing

The final gene expression and genotype datasets that passed quality control contain both
autosomal and sex chromosomes. For this eQTL analysis, only autosomal chromosomes

were included. Further filtering was thus performed on the datasets.

Probe filtering

The expression probes were further filtered based on the presence of SNPs in the
probe sequences. Using a method described in Section 7116 out of 21229 probes
were identified with SNPs in the probe sequences. A further 496 probes found on sex

chromosomes were also excluded. Thus 13617 probes remained for this eQTL analysis.

Genotyping filtering

A small MAF in a small population may cause detection of false positive results when
the variance of gene expression is particularly large. Thus, MAF>10% was applied to
the genotyping data. After applying the MAF cutoff >10%, removal of outliers of the
expression data and SNPs on sex chromosomes, the genotyping data had 503391 SNPs

and 62 samples for eQTL analysis.

eQTL analysis with PCA

The eQTL analysis using the gene expression and genotyping data of the 62 samples
was performed separately for monocytes and macrophages. For local cis eQTL analysis,
shorter distances than the previous eQTL analysis, 250kbp, 500kbp and 1Mbp, were
assessed for their effect on the rate of eQTL discovery. This is because this analysis
intended to focus on detection of eQTL that may be changed during macrophage
differentiation, and a smaller window encompasses promoter and enhancer elements.
Trans eQTL for this analysis was not considered due to the small sample size.
The R package MatrixeQTL performs PCA on the gene expression data and incorporates

a various number of PCs for eQTL analysis. The numbers of eQTL using different numbers
of PCs vary because the incorporation of PCs will filter variance explained by the PCs out

of gene expression. Therefore, when all PCs are used no eQTL is detected because PCs
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that account for variability of gene expression caused by the genetic effect are included.
I decided to use different numbers of PCs for each expression data. Each gene expression
dataset was independently measured and contain different causes of variability. The
macrophages underwent an incubation step which may be the largest source of variance
in the sample collection step and was not underwent in the monocytes.

Thus, the eQTL analysis was performed using up to 50 PCs in a stepwise manner
in order to chose an appropriate number of PCs to incorporate. FDR<0.05 was used to
cutoff the eQTL associations. The analysis using PCs detected various numbers of eQTL
in different cis distances at FDR<0.05 (Figure [5.13). The number of PCs that maximised
the detection of eQTL varied depending on the cis distances (Table [5.8). This is partially
explained by the differing number of tests performed in different cis distances and because
FDR was calculated for each set of tests. Selecting the number of PCs used for eQTL
analysis can be decided by the number of unique probes whereby the more genes that are
detected with eQTL the more successful the PCs that are used as covariates. Compared to
the eQTL analysis without PCs, the results with PCs markedly increased the number of
eQTL detected (2.6 and 1.7 times as many in macrophages and monocytes respectively).
For further analysis, the results with cis distance 250kbp were used with 14 PCs for
macrophages and 10 PCs for monocytes, based on these leading to the maximised number

of probes with associations observed.

cis PC Total eQTL Probes SNPs

Macrophage

250kb 14 15911 12687 2084 10784

500Kb 13 18451 10795 1792 9207
IMb 13 21533 8798 1539 7567

Monocyte

250kb 10 21014 19383 2732 15893
500Kb 9 24007 17267 2443 14268
1Mb 9 27394 14298 2101 11939

Table 5.8: The cis eQTL analysis results with PCs which maximised the number of eQTL detected.
Total; total eQTL with p-value threshold<1x1073 for cis. eQTL; eQTL under FDR<0.05. Probes and
SNPs; unique number of probes and SNPs under FDR<0.05.

Cell type specific eQTL

Although monocytes and macrophages share the same cell lineage, some eQTL were
identified as cell type specific. The two eQTL mapping results were analysed to determine

eQTL which were specific to either cell type. Unique eSNPs (SNP-probe associations) were
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Figure 5.13: eQTL analysis using PCs of gene expression data as covariates in macrophages (top
panels) and monocytes (bottom panels) in cis. All eSNPs (black), the number of unique probes

(pink) and SNPs (blue) are selected with FDR<0.05.

compared between monocytes and macrophages for investigating novel eSNP associations

especially in macrophages.

Overview of eSNP associations between monocytes and macrophages

In this cis association analysis, 7655 (23.87%) and 14351 (44.75%) eSNPs were unique to
macrophages and monocytes respectively and 11064 (31.38%) eSNPs were identified as
shared (Figure[5.14). 68.6% of the total cis eQTL were cell type specific. Genes that were
found to be expressed at a similar level (normalised fold change difference within log,+/-
0.5; 29.2% of the total probes tested for the eQTL analysis) were also analysed. 19.25%
of the total eSNPs in cis were found to be cell type specific when the expression levels
between the two cell types were similar (Table [5.9). This proportion was far smaller than
in the B-cell and monocyte dataset presented in Chapter [4 which showed 85.2% of eSNPs

within log,+/-0.5 gene expression difference between the two cell types.
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Probes involved in eQTL in cis were classified by their differential gene expression
states in macrophages using the results of the previous section (Table|5.10). All proportions
of probes, classified as up- and down-regulated or not differentially expressed, showing

associations with eSNPs were similar ranging between 26-34%.

cis eQTL
Monocytes
14351 10064 7655
(44.75%) (31.38%) (23.87%)

Figure 5.14: Venn diagram of the cell type specific cis eSNPs in macrophages and monocytes. cis
distance is defined at 250kbp and FDR cutoff<0.05

Table 5.9: cis eSNPs identified with genes expressed in a similar level between macrophages and
monocytes. Percentages show a proportion of the total eSNPs for each cell type or shared between
two cell types. The number of eSNPs with genes whose average gene expression values are within
+/-0.5 and 1 are shown.

Macrophages (%) Monocytes (%)  shared (%) total (%)
<0.5 2295 (29.98) 3880 (27.04) 3188 (31.68) 9363 (29.20)
<1 3972 (51.89) 6732 (46.91) 5684 (56.48) 16388 (51.10)

Table 5.10: Differentially expressed probes involved in eQTL. The total number of eQTL
associated probes were classified by the macrophage differential gene expression analysis.

Total Up.regulated Down.regulated Not.significant

Macrophage 1745 (100) 595 (34.10) 579 (33.18) 571 (32.72)
Monocyte 2543 (100) 668 (26.27) 1199 (47.15) 676 (26.58)
Shared 742 (100) 239 (32.21) 291 (39.22) 212 (28.57)

Distance of cis eQTL from transcription start sites

The eQTL analysis in this dataset defined a +/-250kbp margin from the probe start sites as
cis association. The distance between SNPs and the transcription start sites (TSSs) within
+/-250kbp was considered to determine the relationship of SNPs and TSS for the cell
type specific eQTL. Information for the TSS was obtained from the Homo sapiens gene
dataset (GRCh37.p11) in the Ensembl 72 Gene Database using the R package biomaRt

(http://www.biomart.org/). The Wilcoxon rank sum tests on the distances from TSS to eQTL

177


http://www.biomart.org/

5.6.3

Chapter 5

showed that the distribution of the cell type specific eQTL was significantly different from
the shared eQTL (Pacro=1.93x10710 and p,,p,o=4.98x107° to shared respectively). By
contrast, there was no significant difference between macrophages and monocytes specific
eQTL (p=0.16). Plots based on the distance from TSS to eQTL showed that the cell type
specific eQTL distally located away from the TSS (Figure|5.15).
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Figure 5.15: Distance from TSS to eQTL in monocytes, macrophages and shared datasets. The
eQTL location is shown within +/-250kbp from TSS in box plots (A) and density plots (B). macro;
macrophages, mono; monocytes, shared; shared between the two cell types.

Examples of cis eQTL in the two cell types

Representative examples of cell type specific eQTL are described in this section, which
were identified throughout the genome (Figure [5.16). The proportion of the cell type
specific e€QTL is smaller in this dataset (68.6%) than the eQTL analysis on B-cells and
monocytes in the previous chapter (78%, Chapter [4). The products of genes significantly
associating with eSNPs include many genes that are involved in immune responses in both

macrophages and monocytes.

Macrophage specific cis eQTL

The number of macrophage specific cis eQTL is less than monocytes (23.87% and 44.75%).
The eSNPs specific to macrophages are shown in Table The genes significantly
associated with SNPs in cis are involved in the immune response and fatty acid metabolism.
rs4555370 on chromosome 2 (chr2) is associated with STAT4, which encodes a TF
essential for signal transduction of immune responses including IFN-y production

and Thl activation in myeloid cells (p,c=1.74x10"7, Yamamoto et al., (1994, Fukao
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Figure 5.16: Manhattan plots of macrophage (top) and monocyte (bottom) specific cis eQTL.
Examples of eQTL association are shown in green for macrophages (top) and magenta for
monocytes (bottom). Red line; genome-wide p-value cutoff 5x1078.

et al.,|2001). Individuals with the minor homozygous allele expressed significantly less
STAT4 in macrophages (Figure [5.17]A). LILRB3 expression is significantly associated
with rs11672654 on chr19 (p,,,c=1.19x1077, Figure . The gene expression is further
down-regulated in the minor allele homozygotes. LILRB3 gene product, a member of
the leukocyte immunoglobulin-like receptor family, binds to MHC class I molecules in
APCs and is involved in inhibitory roles of the inflammatory response (Brown et al.,
2004). rs3807605 on chr7 is associated in cis with AOAH expression in macrophages
(Pmac=1.29x107>, Table . In the previous chapter, the locus on chr6 showed a trans
association to AOAH in monocytes (Section [4.5.4).

Interestingly, two genes involved in lipid metabolism showed cis eQTL uniquely in
macrophages. APOC2 encoding apolipoprotein C-II, a cofactor for lipoprotein lipase, in
macrophages is greatly up-regulated with rs20495 alleles in cis (p,u,c=5.95x10718, Jong
et al., |1999). The gene locus on chrl9 is identified to associate with cholesterol levels
and risk of CHD (Lusis et al., 1986, Willer et al., 2008). Macrophage specific cis eQTL
on PPARG showed an association with rs17036160 on chr3 (p,,,.=5x107°, Figure ,
although the MAF of the SNP is low and this dataset had only one minor homozygotes
(CEU MAF 0.097). PPARG encodes a peroxisome proliferator-activated receptor y which
is known as a negative regulator of macrophage activation (Ricote et al.,|1998). Decreased

expression of PPARG is involved in insulin resistance in muscle and adipose tissue
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where tissue resident macrophages normally control homeostasis (Hevener et al., 2003,
Odegaard et al.,2007). A recent study has shown that KLF9 regulates activation of PPARy 2
at the middle stage of adipogenesis (Pei et al., [2011). Cis eQTL association with genes
involved in lipid metabolism suggests that a genetic component is involved in disease
susceptibility to obesity including diabetes. This is further investigated with loci in GWAS

in the following section.
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Figure 5.17

Monocyte specific cis eQTL

The eSNPs specific to monocytes are associated with genes that are involved with the
immune response such as inflammatory cytokines (Table[5.12). The monocyte specific cis
eQTL include eSNPs that were found in the previous chapter (Chapter [4). For example,
ICAM4 with 15281437 (Pyono=8.70x10717) and CD40 in association with rs745307 (Puono=2.43x10713)
were replicated in this monocyte dataset (Table[5.12), although the degrees of significance
are smaller than the previous dataset due to the smaller sample size. Genes involved
in inflammatory disease and lipid metabolism were associated with monocyte specific
eQTL in cis. NOD2 (also known as CARDI15) expression in monocytes was associated
with 151981760 on chrl16 (p,eno=7.83x10"13, Figure . The gene product serves as a
pathogen recognition receptor (PRR) to recognise bacterial peptidoglycans and activates
NF«B signal transduction (Ogura et al.,2001b}, Kobayashi et al.,|2005). The gene mutations

are associated with Crohn’s disease susceptibility since the failure of recognition of
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Figure 5.17: Examples of macrophage specific eQTL in comparison to monocytes. Box (A) and
association plots (B) of example macrophage specific cis eQTL. (A) The number of minor alleles
is shown in the box plots (0 - major homozygous, 1 - heterozygous, 2 - minor homozygous) for
macrophages (mac) and monocytes (mono).
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bacterial components is associated with disease development (Hugot et al.,|2001, Ogura
et al.,[2001a). rs1412444 on chr10 is associated with LIPA expression (pueno=4.23x10711,
Figure [5.18). LIPA encodes a lysosomal lipase A to break down cholesteryl esters and

triglycerides, gene mutations in LIPA cause cholesteryl ester storage disease (Goldstein

et al.,[1975).
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Figure 5.18: Examples of monocyte specific cis eQTL in a comparison to macrophages. (A) Box
plots of example gene expression levels associating with SNPs in three genotypes. (B) Association
plots. (A) The number of minor alleles is shown in the box plots (O - major homozygous, 1 -
heterozygous, 2 - minor homozygous) for macrophages (mac) and monocytes (mono).
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Shared cis eQTL

Shared cis eQTL showed associations with genes that are important for the immune
response (Table Figure [5.19). rs10239340 on chr7 is associated with IRF5 in
cis in both monocytes and macrophages (Pono=5.-99x10"2, p,,,c=2.56x1072!, Figure
[5.20). The eQTL association is maintained in macrophages, even though the expression
level of IRF5 is markedly decreased. IRF5 encodes an interferon regulatory factor
that has versatile roles in the immune system including virus mediated activation
of interferon and the higher expression levels promote polarisation of inflammatory
macrophages (Krausgruber et al., [2011). The cis association of LYZ, encoding lysosome
enzyme, and rs1384, in almost perfect LD to rs10784774, was found in both monocytes
and macrophages (r? 0.967, Pyono=3.11x107'°, p,,,.=8.50x10719, Figure . The LYZ
expression level was not significantly different between two cell types and the effect
size of the eSNP in macrophages is smaller (macrophages t-statistics 7.69 compared to
monocytes 14.25). Interestingly, the most significant eSNP for macrophage LYZ expression
is 1589448 which is 4.4kb away from the gene and not in strong LD with rs1384
(r? 0.45, Prono=1.30x10713, p,,,,=9.01x10713). ERAP2, encoding endoplasmic reticulum
aminopeptidase 2, is involved in trimming HLA class I peptides (Saveanu et al., 2005).
ERAP2 is associated with rs4360063 on chr5 (pone=2-27x1071%, p,,,c=5.34x10716, Figure
[5.20). This association was identified in both B-cells and monocytes in the previous
chapter and the SNP is associated with susceptibility to Crohn’s disease (Figure
Franke et al.,2010). rs4559 in chr12 is associated with STAT6 encoding a TF and signal
transducer in the STAT family in both cell types. STAT6 is required for IL4 mediated
signalling and development of Th2 cells (Pono=5-21x1072!, p,,,c=1.43x10713, Takeda
et al., |1996). Except LYZ association, the three examples were also shared with B-cells
as described in the previous chapter (Chapter [4).

Shared cis eQTL
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Figure 5.19: Manhattan plot of shared cis eQTL between monocytes and macrophages. The
examples of eQTL association are shown in green. Red line; genome-wide p-value 5x1078.
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Figure 5.20: Shared cis eQTL between monocytes and macrophages. Box (A) and association
plots (B) of example shared cis eQTL. (A) The number of minor alleles is shown in the box plots
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Macrophage specific cis eQTL

Table 5.11: Macrophage unique cis eQTL in comparison to monocytes. FDR cutoff 0.05. macro: macrophages, mono: monocytes.

Average expression

SNP SNP Gene Gene product REFSEQID Location t.stat p-value FDR macro mono
position
rs204905  chrl9: APOC2 apolipoprotein C-II NM_000483 19q13.2 13.79 5.95x10°'% 1.01x10°1° 12.31 5.75
45460764
rs4711228  chreé: IER3 immediate early response 3 NM_003897 6p21.3  -8.49 557x107'!  1.07x1077 9.28 11.63
30756274
rs1056222  chr8: ADAMDEC1 ADAM-like, decysin 1 NM_014479 8pl2 -8.15  1.75x107'%  2.81x1077  12.63 5.65
24263345
rs1076597  chr2: ITGA6 integrin, a 6 NM.000210  2q31.1  7.93 3.75x107'* 5.40x1077  10.00 4.47
173327273
rs2234677  chr2: ILIRN interleukin 1 receptor NM_173842 2ql4.2  7.69 8.40x107!0 1.13x107®  9.92 9.42
113875509 antagonist
rs354021  chrl9: CD37 CD37 molecule NM_001774  19q13  -6.79 1.85x10%  1.63x107> 8.86 11.92
49839015
rs11672654 chrl9: LILRB3 leukocyte NM_006864 19q13.4 -6.26 1.19x1077  7.91x107>  12.10 13.70
54733333 immunoglobulin-like
receptor, subfamily B (with
TM and ITIM domains),
member 3
rs677344  chr20: PTPRA protein tyrosine NM_080841 20p13 6.22  1.36x1077  8.83x10™>  10.59 10.34
2846289 phosphatase, receptor type,
A
rs4555370  chr2: STAT4 signal transducer and NM_003151 2q32 -6.15  1.74x1077  1.08x107*  9.12 6.29
191991459 activator of transcription 4
rs7552167  chrl: IL28RA of IFNLRI1 interferon, NM_173064 1p36.11 -6.00 2.85x1077  1.61x107* 6.62 5.04
24518643 lambda receptor 1
rs641941  chrl: TNFRSF1B  tumor necrosis factor NM_001066 1p36.22 -5.28 3.38x10°®  1.17x1073  12.30 13.78
12206652 receptor superfamily,
member 1B
rs17036160 chr3: PPARG peroxisome NM_015869 3p25 517  5.00x107®  1.59x1073 3.86 4.11
12329783 proliferator-activated
receptor y
rs1792753  chrll: CASP1 caspase 1, apoptosis-related = NM_033294  11q23 5.02  8.35x107°  2.42x107%  10.43 12.93
104930676 cysteine peptidase
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rs3807605  chr7: AOAH acyloxyacyl hydrolase NM_001637 7pl4 -4.89  1.29x107°  3.36x1073 9.57 12.02 9
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Monocyte specific cis eQTL

Table 5.12: Monocyte unique cis eQTL in comparison to macrophage. FDR cutoff 0.05. macro: macrophages, mono: monocytes.

Average expression

SNP

SNP Gene Gene product REFSEQ ID Location t.stat p-value FDR macro mono
position
rs281437  chrl9: ICAM4 intercellular adhesion NM_001544  19p13.2 1234 8.70x10°'7 2.93x10°"°  5.47 7.19
10397238 molecule 4
(Landsteiner-Wiener blood
group)
rs745307  chr20: CD40 CD40 molecule, TNF NM_001250 20q12  9.88 2.43x107!3 3.52x10710  9.15 7.98
44747086 receptor superfamily
member 5
151981760  chrl6: NOD2 nucleotide-binding NM_022162 16ql2  -9.53 7.84x107'%® 1.03x107°  5.62 11.24
50723074 oligomerization domain
containing 2
rs1412444  chrl0: LIPA lipase A, lysosomal acid, NM_000235 10g23.2 839 4.23x107'!  3.82x107%  15.03 12.41
91002927 cholesterol esterase
rs2255365  chr7: DFNA5 deafness, autosomal NM_004403 7pl15 7.09  4.27x107°  2.33x10°®  12.39 7.39
24561661 dominant 5
rs3213710  chr4: BST1 bone marrow stromal cell NM_004334 4p15 7.05  4.97x107°  2.66x107° 5.20 10.71
15717321 antigen 1
rs11150581 chrlé: MAPK3 mitogen-activated protein NM_001040056 l6pll -6.54 3.10x10°%  1.30x107° 9.51 10.82
30030699 kinase 3
rs13963 chr3: CLEC3B C-type lectin domain family NM_003278 3p22 6.38  5.61x107%  2.19x107° 6.06 8.28
45077123 3, member B
rs1800682  chrl0: FAS Fas cell surface death NM_152877 10q24.1  -6.37 5.84x1078  2.28x107° 8.40 8.75
90749963 receptor
rs17875563 chrl5: IL16 interleukin 16 NM_172217 15q26.3  6.21  1.03x1077  3.70x107> 6.47 9.03
81604293
rs2057768  chrlé: IL4R interleukin 4 receptor NM_000418 16pl12 524  3.23x107°  6.98x107* 9.50 10.37
27322095
rs1652333  chrl: CD55 CD55 molecule, decay NM_000574 1g32 -5.24  3.23x107%  6.98x1074 6.50 10.02
207470460 accelerating factor for
complement (Cromer blood
group)
rs4925546  chrl: NLRP3 NLR family, pyrin domain NM_001079821 1q44 -4.65 2.42x107>  3.55x1073 7.10 12.21
247602968 containing 3
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interleukin 17 receptor C
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-4.13
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Table 5.13: Cis eQTL shared between macrophages and monocytes. FDR cutoff 0.05. macro: macrophages, mono: monocytes.

Shared cis eQTL macrophages monocytes Average expression
SNP SNP Gene Gene product REFSEQ Location  Cell t.stat p-value FDR mac  mono
position ID
rs10239340 chr7: IRF5 interferon regulatory NM_002200 7q32 mono  19.43 5.99x10°% 4.47x107%  9.01 10.75
128668510 factor 5
macro  16.86  2.56x1072!  2.50x107!°
rs4559 chr12: STAT6  signal transducer and NM_003153 12q13  mono 15.74 5.21x1072! 8.00x107!7 9.85 11.17
57489648 activator of transcription
6, interleukin-4 induced
macro 10.33  1.43x107!%® 5.92x1071°
rs1968871  chré: TREML3 TREML3P triggering XM_929970 6p21.1 mono 11.64 7.69x107'® 1.98x107'> 510 7.37
41185430 receptor expressed on
myeloid cells-like 3,
pseudogene
macro 5.77 6.43x1077 3.06x1074
rs4360063  chr5: ERAP2  endoplasmic reticulum NM_022350 5ql5 mono  14.36  2.27x107'° 1.97x10715  9.41  10.30
96293153 aminopeptidase 2
macro  12.18 5.34x1071®  5.07x107!2
rs1384 chr12: LYZ lysozyme NM_000239 12q15 mono 14.25 3.11x107'° 2.44x107'> 13.50 13.79
69747834
macro  7.69  8.50x107'  1.14x107°
rs4075289  chrll: CD151  CD151 molecule (Raph NM_139029 11p15.5 mono -14.18 3.73x107!% 2.80x107!1> 9.85 845
830670 blood group)
macro -12.32  3.63x107!¢  3.76x107!?
rs10743823 chrl2: CLECL1 C-type lectin-like 1 NM_17200412p13.31 mono -13.88 8.80x107!° 5.55x10715 11.07 8.84
9881125
macro  -6.07  2.27x1077  1.35x107*
17957621  chrl2: CLEC2B C-type lectin domain NM_005127 12p13  mono -13.49 2.75x107'% 1.48x107'* 8.19 9.73
10007761 family 2, member B
macro  -9.41  2.75x107'?  7.53x107°
rs4667297  chr2: ORMDL1 ORMI-like 1 (S. cerevisiae) NM_016467 2q32 mono  12.37 7.80x10'7  2.71x107'3 7.08  6.59
190528996
macro  9.45  2.35x107'%?  6.67x107°
rs12706949  chr7: CD36  CD36 molecule NM_ 7q11.2  mono -8.95 5.77x107'?  6.34x107° 11.97 12.97
80307224 (thrombospondin receptor) 001001548
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rs2364480

rs103294

rs2906829

chr12:
6495275

chr19:
54797848

chr5:
135456085

LTBR

LILRA3

SMADS5

lymphotoxin f receptor
(TNFR superfamily,
member 3)

leukocyte
immunoglobulin-like
receptor, subfamily A
(without TM domain),
member 3

SMAD family member 5

NM_002342 12p13

NM_006865 19q13.4

NM_005903 5q31

macro
mono

macro
macro

macro
mono

macro

-4.64
5.60

9.08
-9.07

-8.43
6.58

6.61

2.91x107°
9.06x1077

8.08x10712
8.30x10712

3.62x10°11
2.77x1078

3.50x1078

6.27x1073
2.39x107%

2.04x1078
2.09x1078

3.36x1078
1.18x107°

2.80x107°

10.60

9.23

9.93

12.28

11.01

8.86
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Chapter 5

Macrophage specific and shared eQTL associated with GWAS
loci

The pathogenesis of autoimmune and inflammatory diseases that have been studied in
GWAS are proposed to involve dysregulated macrophages including obesity and diabetes
(Olefsky and Glass, 2010, Murray and Wynn, |2011). Macrophage specific and shared
eQTL were investigated for overlap with GWAS disease- or trait associated loci. Using the
NHGRI GWAS catalogue following the same method described in the previous chapter, in
total 150550 SNPs with GWAS associations were interrogated with 7655 and 10064 eSNPs
specific to macrophage and shared with monocytes respectively (proxy SNPs r>>0.8,
Hindorff et al., 2009} Section [4.5). 427 and 391 unique eSNPs for macrophage specific
and shared between two cell types were found in GWAS disease and trait associated loci

or their proxy SNPs (Table [5.15)).

Table 5.14: Macrophage specific and shared eQTL associated with GWAS loci.

Total eQTL  eSNP found in  unique eSNP Probe (Gene)
GWAS loci (%)
Macrophage 7655 717 (9.37) 427 113 (110)
Shared 10064 1022 (10.16) 391 94 (88)

Macrophage specific eQTL associated with GWAS

The cis eQTL specific to macrophages were identified in the GWAS loci that have been
associated with susceptibility to autoimmune and metabolic related diseases including
T2D, T1D, cholesterol levels, CHD, Crohn’s disease and early onset IBD (Table .
THADA expression was associated with rs17030845 proxy SNP to rs7578597, T2D
susceptibility associated locus (p,u.=1.39x107%, Figure Zeggini et al., 2008). The
locus encoding THADA, a thyroid adenoma associated gene, on 2p21 is disrupted in
thyroid adenoma by aberrant arrangements to make a fusion with PPARG locus on
3p25 (Rippe et al., 2003, Drieschner et al., 2006, Drieschner et al., [2007). Another T2D
susceptibility associated locus rs1801282 on chr3 is associated with PPARG expression in
macrophages (puac=5x107, Figure Scott et al., 2007, Zeggini et al.,2007). rs1801282
is in strong LD with rs17036160. GWAS loci associated with risks to cardiovascular
diseases were found in macrophage specific eQTL. The locus in chr2p23.3 is associated
with traits involved with CHD including C-reactive protein (CRP) and cholesterol levels,
and inflammatory Crohn’s disease (Ridker et al.,|2008, Teslovich et al., 2010, Franke et al.,

2010). SNX17 expression is associated with these GWAS loci in a macrophage specific
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Chapter 5

manner (peak SNP rs1260326, p,,,.=6.48x1077, Figure . A sorting nexin 17 encoded
in SNX17 belongs to a sorting nexin family and is involved in low density lipoprotein
and amyloid precursor protein recycling in early endosome (Kerkhof et al., 2005, Lee
et al., 2008). rs1050382 in strong LD with a CHD risk locus rs6504218 in chr17q23.3
is associated with PECAMI expression (p,;..=1.48x107°, Figure Coronary Artery
Disease (C4D) Genetics Consortium, |2011). PECAMI1 encodes a platelet endothelial
cell adhesion glycoprotein and a member of immunoglobulin gene superfamily and is
involved in leukocyte migration and adhesion, angiogenesis and neutrophil clearance

(Newman et al.,|1990| DeLisser et al., 1997, Luu et al.,2003).

Shared eQTL associated with GWAS

Autoimmune disease associated loci were found in the shared eQTL. The shared associations
with IRF5 and ERAP2 which are described in the B-cell and monocyte dataset in the
previous section were found in autoimmune disease susceptibility loci. The shared
eQTL association of rs4728142 and IRF5 on chr7 was associated with the susceptibility
to autoimmune diseases (P;ac=6.68x107>, Pi0no=6.7x10"°, SLE; Graham et al., 2006,
Han et al., 2009, IBD; Jostins et al., 2012, Anderson et al., 2011, Figure Table
[5.16). Higher expression of IRF5 is characteristic in inflammatory macrophages and
is associated with promoter polymorphisms including eSNP rs4728142 (Krausgruber
et al.,2011). rs4360063 associated with ERAP2 is in strong LD with rs2549794, a locus
associated with susceptibility to Crohn’s disease on chr5 (Figure Franke et al.,
2010). A role of ERAP2 in trimming HLA class I peptides in endoplasmic reticulum
is important for antigen presentation, suggesting disruption of this process may be
involved in autoimmune response in the disease. Shared eQTL associations were found in
neurodegenerative disorder associated loci. MS susceptibility associated locus rs703842
on chrl2 is found with shared eQTL with FAMI119B which is also called METTL21B
and encodes methyltransferase like 21B (p0c=1.25%10712, p,pono=1.72x10721, Figure
Bahlo et al., 2009). This protein belongs to a lysine methyltransferase family which
is involved in methylation to regulatory chaperones and their disruption is predicted
to associate with degenerative neuromuscular diseases (Kernstock et al., 2012, Cloutier
et al., |2013). Another MS susceptibility locus rs10466829 on chrl2 is associated with
CLECLI expression (Pac=1.06x1077, p,0no=8.8x10717, Figure Sawcer et al.,[2011).
The CLECLI1 locus encodes a C-type lectin-like transmembrane protein which is involved

in pathogen recognition as well as T cell activation (Cambi and Figdor, [2003). The
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locus associated in HDL cholesterol levels and prostate cancer was found in association
with LILRA3 on chr19 (rs103294 , p,..c=8.30x10712, p,.0n0=3.62x10"!!, Figure
Teslovich et al., 2010, Xu et al., 2012). LILRA3 encodes a leukocyte immunoglobulin-
like receptor however, its function in these disease susceptibility is largely unknown.
Autoimmune diseases including diabetes and obesity are highly involved in dysregulation
of inflammatory macrophages. The locus encoding SULTIAI on chrl6 is associated
with susceptibility to autoimmune diseases, including T1D, Crohn’s disease, IBD and
body mass index (BMI) (Barrett et al., |2009} Franke et al., 2010, Imielinski et al., 2009,
Thorleifsson et al., 2009, Willer et al.,2009). The most significant SNP rs40831 associated
with SULT1AI expression in macrophages is in strong LD with these GWAS disease
associated 10ci (Pyac=1.86X107%, P,u0no=7.04x107%, Figure [5.22). SULTIAI encodes a
phenol sulfotransferase enzyme, however the role of SULT1A1 in disease susceptibility
is not well known and may be involved in hormone sulfation (Kester et al., 1999} Harris

et al.,[2000).
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Figure 5.21: Box (A) and association plots (B) of example shared cis eQTL. (A) The number of minor
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for macrophages (mac) and monocytes (mono).
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Figure 5.22: Box (A) and association plots (B) of example shared cis eQTL. (A) The number of minor
alleles is shown in the box plots (0 - major homozygous, 1 - heterozygous, 2 - minor homozygous)
or macrophages (mac) and monocytes (mono).
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Table 5.15: Macrophage specific eQTL associated with GWAS loci. Proxy SNPs (r>>0.8) are shown if an eSNP in macrophages is different from GWAS SNP.
IBD: inflammatory bowel disease, SLE: systematic lupus erythematosus, BMI: Body Mass Index, THADA: thyroid adenoma associated, PPARG: peroxisome
proliferator-activated receptor y, SNX17: sorting nexin 17, PECAM1: platelet/endothelial cell adhesion molecule 1.

Disease or trait Reference Region SNP Pcowas  Proxy SNP Gene t.stat  p.value FDR

T2D Zeggini et al., 2p21  rs7578597 1x107° rs17030845 THADA -7.55 1.39x10~° 1.76x10°°
2008
Scott et al.,[2007|  3p25.2 rs1801282 2x107° PPARG  5.17 5.00x107® 1.59x107°
Zeggini et al.,
2007

C-reactive protein  Ridker et al., 2p23.3  rs780094 7x107'5  rs1260326  SNX17  5.75 6.84x1077 3.22x107*
2008

Cholesterol, total  Teslovich et al., 2p23.3  1rs1260326 5x1 040 SNX17 5.75 6.84x1077 3.22x107%
2010

Crohn’s disease Franke et al., 2p23.3  1s1260326 7x107%  rs780093 SNX17 575 6.84x1077 3.22x107*
2010

CHD Coronary Artery ~ 17q23.3 156504218 1x107® rs1050382 PECAMI  5.53 1.48x107® 5.97x107*

Disease (C4D)

Genetics Consortium,

2011

J1a1dey)



661

Table 5.16: Shared eQTL between macrophages and monocytes associated with GWAS loci. Proxy SNPs (r>>0.8) are shown if an eSNP in macrophages
is different from GWAS SNP. IBD: inflammatory bowel disease, UC: ulcerative colitis, SLE: systematic lupus erythematosus, FAM119B: METTLZ21B,
methyltransferase like 21B, CLECLI1: C-type lectin-like 1, IRF5: interferon regulatory factor 5, ERAP2: endoplasmic reticulum aminopeptidase 2, LILRA3:
leukocyte immunoglobulin-like receptor, subfamily A (without TM domain), member 3, PSRCI: proline/serine-rich coiled-coil 1, SULT1A1: sulfotransferase
family, cytosolic, 1A, member 1.

Disease or trait Reference Region SNP PGWAS Proxy SNP Gene Cell t.stat p.value FDR
MS Bahlo et al., 12q14.1 15703842  5x107'! FAMI119B mono 16.16 1.72x1072! 3.04x107!
2009
macro 11.89 1.25x107'> 1.05x107!!
Sawcer et al., 12p13.31 rs10466829 1x107®  rs10743823 CLECLI mono -13.88 8.80x107'Y 5.55x10713
2011
macro -6.29  1.06x1077  7.18x107°
RA Raychaudhuri 12q13.3  rs1678542  9x107%  rs11172254 FAMI119B mono 5.14  4.64x107% 9.35x107*
et al.,[2008
macro  4.82  1.61x10™>  3.97x1073
SLE and UC Han et al.,[2009]  7q32.1  rs4728142  8x107!° IRF5 mono  -5.03 6.70x107®  1.27x1073
Anderson et al., macro -4.39  6.68x107>  1.17x1072
2011
Crohn’s disease Franke et al., 5q15 rs2549794  1x107'10  rs4360063 ERAP2  mono 14.36 2.27x107!° 1.97x1071°
2010
macro 12.18 5.34x107'¢ 5.07x107!2
T1D Wellcome Trust  12p13.31  rs3764021  5x107®  rs10743823 CLECLI mono -13.88 8.80x107!% 5.55x10713
Case
Control Consortium,
2007
macro  -6.07  2.27x1077  1.35x107*
HDL cholesterol ~ Teslovich et al.,  19q13.42  rs386000  4x107!'®  rs103294  LILRA3 macro -9.07 8.30x107'2 2.09x107%
2010
mono  -8.43 3.62x107'!  3.36x1078
Prostate cancer ~ Xuetal,[2012]  19q13.42  1rs103294  5x107!° LILRA3 macro -9.07 8.30x107'? 2.09x1078
mono  -8.43 3.62x107'!  3.36x1078
Total cholesterol ~ Aulchenko 1p13.3 rs646776  9x107%2 PSRCI  mono  4.43  5.07x10™°  6.40x1073
et al.,[2009
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T1D
nephropathy

Crohn’s disease

BMI

IBD (early onset)

Teslovich et al.,
2010

Barrett et al.,
2009

Franke et al.,
2010

Thorleifsson
etal., 2009
Willer et al.,
2009

Speliotes et al.,
2010

Imielinski et al.,
2009
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Gene enrichment analysis for macrophage specific eQTL

In order to investigate gene enrichment in biological pathways, the genes with eQTL
associations were analysed using the ReactomePA program. The method is described in
Section In this analysis, macrophage and shared eQTL datasets were considered. In
total 7470 and 9932 eQTL specific to macrophage and shared between the two cell types
respectively were tested for the gene enrichment. There was no enrichment identified in
any biological pathway in this analysis (p-value cutoff 0.05). The eQTL associated genes
in this dataset as well as the previous B-cell and monocyte dataset were not significantly

enriched in pathways using the Reactome database.

Summary

The comparison of eQTL association between macrophages and monocytes revealed novel
loci that are specific to cell type as well as the loci that are replicated in monocytes from
the previous analysis. Genes associated with macrophage specific eQTL were involved
in lipid metabolism as well as the immune response and inflammation, which were also

found in the GWAS loci associated with susceptibility to diabetes and obesity.

Discussion

Sample collection

The collection for two myeloid cell types was conducted at the same time in order to
establish a paired sample dataset. CD14" monocytes were separated from freshly purified
PBMCs and were subsequently incubated for macrophages differentiation. This process
aimed to reduce noise that could have been caused during technical steps.

An established method for macrophage differentiation was used for this dataset.
GM-CSF stimulation of CD14" monocytes is widely used to differentiate into classical
inflammatory macrophages (Grabstein et al., 1986). The development of macrophage
differentiation from monocytes in vivo is controlled by cytokines that are produced during
inflammatory response. Additional stimulation by pro-inflammatory cytokines, such as
IFNy, TNFa and microbial stimulus LPS, facilitates further polarisation of macrophages
(Santiago-Schwarz et al.,[1992}, Mosser and Edwards,|[2008). TNFa was used in this dataset

to achieve an activated status of macrophages.
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The degree of macrophage differentiation from monocytes was determined by quantification
of gene expression for markers of macrophages. CD68 was used as a marker for macrophages
and higher expression compared to monocytes by qPCR was observed. Macrophage
lineages are remarkably heterogeneous and plastic in order to accommodate various
responses in different tissues and timing of the immune response (Gordon and Taylor,
2005, Mosser and Edwards, 2008). This dataset was primarily focused on classical
inflammatory macrophages. Further polarisation of inflammatory macrophages are induced
by inflammatory cytokines, which leads to differentiation into effector cells in the Thl
cellular immune response (Hsieh et al.,[1993).

This dataset consists of 62 paired samples of monocyte and macrophage expression
profiles. Many studies quantified genome-wide gene expression profiles in monocytes and
macrophages with various stimuli. The sample sizes of these studies were far smaller
for each treatment as they focused on characterising the dynamics of heterogeneous
macrophage differentiation by various stimuli (Martinez et al., 2006, Gratchev et al.,
2008} Szanto et al., |2010). To the best of my knowledge, the current dataset is one of
the largest macrophage dataset paired with circulating CD14+ monocytes. One of the
unique features in this dataset is that the samples were collected from a similar genetic
background. As heritability of gene expression has been widely observed, this dataset may
have a more homogeneous profile, which has contributed to the detection of gene signals

during differentiation.

5.7.2 Differential gene expression analysis

The differential gene expression analysis was performed using the 62 paired samples
in order to investigate the dynamic change of differentiation at a gene level. 71%
of probes tested were significantly differentially expressed between monocytes and
macrophages. Monocytes had a larger proportion of genes differentially expressed (63%)
than macrophages probably because the high purity of CD14* monocytes without the

incubation step helped to reduce variation in gene expression.

Noise in the macrophage data

The largest source of noise between the monocyte and macrophage datasets is the process
of incubation for differentiation. It would be ideal to have a monocyte dataset with
incubation without any stimulation. The monocyte dataset is actually a subset of the large

population study which is used as a baseline with other datasets that were stimulated with
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various stimuli and timing. Although the incubation process was carefully performed to
reduce the noise as much as possible using the same batch of the medium, the ligands
and plates, it is almost impossible to remove all noise caused by the incubation. The
effect of the incubation process was apparent in the PCA plot during the gene expression
normalisation. It may be possible to remove the noise caused by the incubation process,
which may require further analysis. A control sample set could be obtained by processing
samples without stimulation using the same incubation process as the macrophage
differentiation. Using PCA, the data obtained from this control could be used to identify

PCs explaining variance of incubation.

Genes differentially expressed in macrophages and monocytes

The genes differentially expressed between the two cell types indicate their distinct
roles in the inflammatory response. The pathway analysis was used to classify genes
into their roles. The significantly up-regulated genes in macrophages are enriched with
genes that encode chemokines, cytokines, proteins involved in phagocytosis and fatty
acid metabolism. Involvement in fatty acid metabolism as well as pro-inflammatory
cytokines clearly suggests classically inflammatory macrophages have a major role in
adipose tissue and inflammation response. By contrast, the significantly down-regulated
genes in macrophages include receptors for chemokine, cytokine, adhesion receptors and
PRRs, suggesting macrophages switched off genes required in circulating monocytes in
the blood stream as part of the surveillance system. These results including the pathway
analysis suggest that differentiation from monocytes into macrophages by inflammatory

stimuli globally changes a series of gene expression networks.

eQTL analysis

The eQTL analysis used two closely related myeloid cell types in order to investigate
genetic variation that affects gene expression in a cell type specific manner in the context
of the innate immune response and inflammation. The analysis was performed separately
for the monocyte and macrophage expression data. Due to the small population size, the
analysis used SNPs with MAF>10%. The cis window +/-250kbp was applied for this
analysis because the number of probes was the largest and the majority of functional

transcriptional elements were likely to be located within those limits.
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eQTL analysis incorporating PCA

The eQTL analysis incorporated PCA that investigated the gene expression data for
reduced data dimensionality. PCA transformed variance of the gene expression data
and the incorporation of the appropriate number of PCs helps to detect more eQTL
associations. In this dataset, 1.7 times more SNP-gene associations were detected as a
result of the analysis with PCs. The numbers of PCs were chosen based on their maximum
detection of eQTL in cis for further comparison of the cell type specific eQTL analysis.
A different number of PCs between macrophages (14 PCs) and monocytes (10 PCs) was
chosen. This difference is likely because of the additional incubation step for macrophage

differentiation leading to additional variables.

Shared eQTL

Shared eQTL association between the two cell types (31.4% of the total eQTL association)
have been maintained even after macrophage differentiation. This suggests these eQTL
may influence the inflammatory response throughout different stages as they are maintained.
Investigating the shared associations further in more diversely activated macrophages
may be intriguing. For example, IRF5 is highly expressed in inflammatory macrophages
and regulates expression of pro-inflammatory cytokines. Polarisation of inflammatory
macrophages is promoted by IRF5 and Th1-Th17 responses which are critical for host
defence and autoimmunity (Krausgruber et al., 2011). The change of the gene expression
level in IRF5 is affected by polymorphisms in the promoter region and are associated with
susceptibility to autoimmune diseases including SLE and inflammatory bowel disease
(Graham et al., {2006, Han et al.,|2009|, Jostins et al.,|2012]).

LYZ association in cis was maintained in macrophages which was shown as a master
regulatory eQTL in trans in the previous chapter. This chapter did not describe trans
association of the LYZ locus in macrophages due to the small sample size, the cis
association in the two cell types suggests trans association including a TF CREBI may
be preserved in macrophages. This trans association may be interesting to investigate in
not only macrophages but also other cell types in the monocyte lineage such as tissue

resident macrophages and dendritic cells.

Cell type specific eQTL

Cell type specific eQTL have been detected by the comparison of the unique eSNPs from
the individual results of the eQTL analysis. The proportion of the cell type specific eSNPs
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was 68.6% which is lower than the B-cell and monocyte eQTL analysis (78%). However,
this proportion can be considered as high in a comparison to the cell types in the same
lineage.

Cell type specific eQTL have been identified even when the gene expression levels
were similar between monocytes and macrophages (27-29%). Cell type specific eQTL
in the previous chapter on B-cells and monocytes indicate that these associations may
reflect primarily a difference in their cellular functions and transcriptional factors.
This observation implies that these eQTL associations may use different transcriptional
machinery for the gene expression. That distance from TSSs for the cell type specific eQTL
was significantly different from that for the shared between the two cell types, which
supports this idea. However, the distribution of the distance of eQTL from TSSs did not
differ between macrophages and monocytes.

The findings shown in this section are simply based on the data analysis. Experimental
validation may confirm the identified associations as well as the replication in a different
population. For example, the association in PPARG with rs17036160, which has a low
MAF, may be confirmed by specifically investigating larger numbers of individuals with

minor homozygous alleles compared to major homozygous allele controls.

eQTL association hidden in naive immune cells

Macrophage specific eQTL association can be revealed by cell activation if circulating
CD14" monocytes are considered in a naive state. Detection of trans eQTL associations
is regarded as more difficult to detect because they may be hidden without stimulation
(Gaffney, 2013). The comparison of differentially activated macrophages may provide
association of genetic variants that are associated with disease susceptibility. For example,
a comparative eQTL analysis on inflammatory, regulatory and tissue repair macrophages
may determine specific eQTL association which corresponds to their cellular functions.
The cis eQTL analysis has identified association to PPARG in macrophage and the SNP is
associated with susceptibility to T2D (Scott et al.,|2007, Saxena et al.,2007, Zeggini et al.,
2007, Manning et al., 2012). This association requires further validation by other methods
such as qPCR and in a larger cohort due to the small MAF of the SNP.

The eQTL analysis between normal tissue macrophages and dysregulatory activated
macrophages (e.g. classical inflammatory cells in adipose tissues in obesity) from the same
individuals may be intriguing to investigate the functional roles of genetic susceptibility

to autoimmunity.
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5.7.4 Summary

The analysis presented in this chapter was performed to investigate differential gene
expression between macrophages and monocytes and the association with genetic variation.
The comparative eQTL analysis revealed unique eQTL association in macrophages which
may inform GWAS investigating autoimmune disease susceptibility. To my knowledge,
this is one of the largest paired expression profiles of macrophages and monocytes and
the first to map eQTL in paired samples of monocytes and macrophages differentiated
from the same individuals. Although the sample size was limited, this dataset highlights
the potential to investigate genetic variants modulating macrophage gene expression in

relation to autoimmune and inflammatory diseases.
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Functional characterisation of eQTL

Introduction

Recent GWAS have identified many new loci associated with complex diseases. However
it has been difficult to demonstrate a causal relationship between genetic variation
in these loci and disease susceptibility because the effect sizes of the risk variants
are modest and fine mapping has been challenging (Freedman et al., 2011). Also the
identified loci in the majority of instances are in non-coding regions of the genome
and it is difficult to predict their functional consequences. One of the goals of the
ENCODE project is to characterise such non-coding regions of the human genome
in terms of transcription factor binding and enhancer regions (The ENCODE Project
Consortium; Dunham et al., 2012). The project used different cell types to functionally
map non-coding regions important for gene expression using several techniques including
chromatin immunoprecipitation (ChIP) and DNasel hypersensitivity assays (Gerstein
et al., 2012, Thurman et al., 2012). Mapped regulatory non-coding sequences tend to
have a conserved sequence, for example involving transcription factor binding motifs.
Single nucleotide differences in the conserved regulatory sequence may modulate gene
expression through less or more efficient binding of proteins. The information collected in
the ENCODE project may contribute to understanding roles of single nucleotide variants
that are associated with disease susceptibility.

eQTL mapping associates transcript abundance with DNA variants as explored in
the previous chapters (Chapters [4] and [5). Screening mapped eQTL overlaying TFBSs
may help to identify regulatory DNA variants with associating genes and may aid
understanding of their functional consequences.

Functional characterisation of putative regulatory variants involving eQTL and GWAS
loci may involve a variety of techniques. Reporter assays using a luciferase gene are widely
used to detect enhancer activity of the region of interest. Electrophoretic mobility shift

assay (EMSA) is used to detect effects of a single nucleotide difference on protein binding.
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The details of these techniques are described in the results sections. However, few cases
were functionally validated in terms of allelic effect of associated gene expression levels
because the effect of individual variants tend to be modest as mentioned above. The GWAS
locus which is associated with LDL cholesterol levels and susceptibility to myocardial
infarction (MI) is one of the few successful cases of functional validation (Musunuru et al.,
2010). The study demonstrated that the susceptibility SNP creates a transcription factor
binding site (TFBS) of SORT1 and modifies hepatic expression of the gene using luciferase
assays.

In Chapter (4} analysis of cell type specific eQTL identified cis and trans eQTL that are
related to the immune systems. This included identification of novel master regulatory
eQTL. In this chapter, 12q15, one of these master regulatory regions, was investigated

functionally characterised. The specific aims of this chapter are:

1. Insilico sequence analysis of the 12q15 region in search of functional elements using

the ENCODE database

2. Investigation of transcriptional enhancer activity of sequences containing eSNPs

using luciferase reporter assays

3. Determination of allelic differences in protein binding for eSNPs using EMSA

eQTL signal in LYZ region in 12ql15

The 12q15 region in monocytes has shown strong eQTL signals with 73 probes (72
genes) throughout the genome in both cis and trans (Figures and [4.4). The peak
SNP rs10784774 has the strongest association with LYZ expression in cis (p=8.9x10778,
Figure [4.15). The allele frequency of the peak SNP rs10784774 in the HapMap CEU
population is A/G=0.491/0.509 (ancestral/derived alleles). Trans eQTL signals were
detected for numerous loci of the genome (the most significant associations included
CREBI chromosome 2 (chr2); p=2.03x107%7, DUSP19 chr2; p=2.21x107>%, RAB27A chr15;
p=2.03x1077, NOD1 chr7; p=2.33x10"2°, Figure . The second most significant SNP
rs1384 (p=8.9x10778) which is located in 3'UTR of LYZ is in almost perfect LD with
rs10784774 (12 0.967, Figure|6.1).
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Figure 6.1: A diagram of the 12ql5 LYZ promoter region. Taken and modified from the UCSC
Genome browser (assembly GRCh37hgl9). The most significant SNPs are labeled with red
rectangles. rs10784774 and rs10878967 in upstream of the promoter, rs12812860 in the last
intron and rs1384 in 3'UTR of LYZ The transcription factor (TF) ChIP-seq data track from the
ENCODE project displays several TFBSs in the LYZ promoter region including p300. The colour
of TFBS rectangles corresponds to cluster scores. The colour filled triangles indicate primer
annealing positions (red; rs10784774 pLYZ 2kb, yellow; rs10784774 300 TFBS, blue; rs10878967
pLYZ 1.5kb, green; rs1384 and rs12812860 3'UTR LYZ). See Tablefor primer sequences.

Imputation of 12q15 locus

Fine mapping of any genetic association can be aided by higher density information on the
genetic variation present in an associated locus and this was sought for the 12q15 region.
Advances in genotype imputation methodology have contributed to increased resolution
of the genotyping information from the typed genotyping data without further expensive
physical genotyping (Marchini and Howie, [2010). The genotype imputation helps not only
to increase power of GWAS but also permits meta-analysis using different populations
which are genotyped on different platforms (Li et al.,[2009). The accuracy of imputation
has been improved as the more common DNA variants have been identified by the efforts
of the International HapMap and the 1000 Genomes Projects. Imputation in a population
consisting of unrelated individuals is based on the linkage disequilibrium that creates
shared haplotypes. The IMPUTE2 program uses the information of shared haplotypes as
a reference haplotype panel to infer missing genotypes between typed genotypes with
great precision (http://mathgen.stats.ox.ac.uk/impute/impute_v2.html, Howie et al.,[2009).
The imputation of the 12q15 locus was performed using the 1000 Genomes Project
data as a reference panel (the 1000 Genomes Phase I integrated variant set, version 3,
released in March 2012) in order to fine map the region of interest. Due to the limitation of
computer power and memory space, chr12 only was separately imputed using the healthy
volunteer cohort with 283 individuals data in NCBI37/hg19 assembly. The 31953 typed
genotypes resulted in 813568 SNPs including the typed SNPs after imputation with the

confident score cutoff >0.9.
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The local eQTL association to LYZ expression in monocytes was performed with the
imputed genotype data in chr12 using a linear model with PLINK. The analysis identified
two SNPs with strong association which were in the same LD block as rs10784774
(p=8.9x10778, Figure . rs10878967 is about 1kb 5’ upstream from the start codon
of LYZ. rs12812860 is located in the last intron of LYZ (Figure [6.1). All four SNPs
locate within 10kbp (chr12:69737879-69747834 in the UCSC genome browser NCBI37
assembly). The genotypes with imputation improved the resolution of the haplotype

structures around rs10784774 but did not identify SNPs with higher significance.

Monocyte LYZ cis association
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Figure 6.2: Local association plots of monocyte LYZ expression in cis with imputed SNPs.
Both panels show same locus with different scales (left: 400kb and right: 30kb). rs10784774,
rs10878967, rs12812860 and rs1384 are in almost perfect LD as coloured with red (r>>0.8
in relation to the peak SNP rs10784774). Two additional haplotype blocks are observed from
the plot: chrl12:69615090-69722880 (green circles, 2.4x10’40<p>4.4x10’34, 0.4<r2>0.6) and
chr12:69748397-69786543 (orange circles, 4.0x107%0<p>4.7x10731, 0.6<r?>>0.8).

Regulatory sequences in LYZ eQTL

The ENCODE project has generated a set of transcription factor ChIP-seq data in 72 cell
lines for 119 DNA binding proteins which has mapped DNA-binding motifs in the human
genome. In order to determine if the eSNPs may overlay DNA-binding motifs, the LYZ
locus was investigated with the ENCODE transcription factor (TF) ChIP-seq data (Gerstein
et al.,|2012). The TF ChIP-seq data uses a cluster score across the dataset of the different
TF ChIP-seq experiments. The score is defined as a strength of the ChIP-seq signal in a
cluster of short sequence reads which reflects a frequency of a TF occupying the region
inside of the cluster.

rs10784774 overlaps with a p300 TFBS in the HepG2 (hepatocellular carcinoma cell
line) ChIP-seq data. p300 is a main component of the p300-CBP co-activator family and
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is involved in up-regulation of gene expression by relaxing chromatin structure and
recruiting RNA polymerase II to the gene promoter (Eckner et al., |1994, Eckner et al.,
1996, Yao et al., [1998). Although the cluster score is not strong (156 out of 1000), this
evidence promoted work to determine whether this SNP affects binding of transcription
factor(s) as an enhancer.

rs1384 is positioned in the 3’'UTR of LYZ and does not overlap with TFBSs (Figure
[6.1). 3'UTR sequence in a gene can be a target of miRNA for mRNA degradation or
prevention of protein translation. In order to compare miRNA accessibility to the LYZ
3’UTR between two alleles, miRNA target sites were searched using the miRNA database
(Online microRNA prediction tool in the Segal laboratory, http://genie.weizmann.ac.il/
pubs/mir07/index.html, Kertesz et al., |2007). The database predicts miRNA bindings to
target UTRs by calculating the free energy gained from the formation of the microRNA-
target duplex. The results showed that there was no miRNA bound to the DNA sequence
including rs1384 and no difference between two alleles.

rs10878967 is approximately 1.5kb upstream of the start codon of LYZ. Although it
does not find any overlap with TFBSs, 1kb downstream of the SNP is a cluster of TFBSs
confirmed by ChIP-seq, which includes a strong signal of p300 binding in the HepG2 cell
line (Figure[6.1). The SNP and the DNA-binding motifs in the promoter region may be in
a same LD.

In addition to TFBSs an epigenetic marker was identified in the LYZ eQTL. DNasel
hypersensitive sites indicate accessibility of transcriptional regulatory factors and active
cis regulatory elements including enhancers, promoters, silencers, and insulators (Gross
and Garrard, |1988, Gaszner and Felsenfeld, 2006). A DNasel hypersensitive assay was
conducted on 125 diverse cell types and tissues in the ENCODE project (Thurman et al.,
2012). Using this data, rs12812860 which is located in the last intron of three in LYZ was
found to be located in a DNasel hypersensitive site in the HL-60 cell line (promyelocytic

leukaemia cell line).

Transcription factor binding motifs

Many SNPs identified from GWAS and eQTL studies postulate that the association of
SNPs with disease susceptibility or gene expression regulation is caused by alteration of
binding efficiency of proteins, notably TFs. TFs have specific favourable binding motifs
that are normally conserved among or throughout species. The eSNPs in the LYZ eQTL

were investigated to see if either alleles might modify TF binding motifs. JASPAR is a
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bioinformatic tool to identify regulatory elements in eukaryotes (http://jaspar.cgb.ki.se,
Sandelin et al., |2004). The database is based on matrices of position-specific scoring of
experimentally demonstrated TFBSs (Stormo, 2000, Wasserman and Sandelin, 2004).
The DNA sequences containing an eSNP with either allele were obtained from the
UCSC Human Genome browser and analysed on the JASPAR CORE with human TFBS
models under profile relative threshold score cutoff >80%. The TFBS identified in the
positive strands were counted in this analysis. Unique TFBS were identified in only
one allele, either ancestral or derived but no common function of identified TFs was
identified (Table[6.1). The ancestral rs10784774 allele A creates a TFBS for RORA2 which
is a zinc-coordinating nuclear hormone receptor and is involved in development and
inflammation (Jetten, 2004). The ancestral rs10878967 allele T creates a Forkhead family
of winged-helix TF FOXA1 which is implicated in breast and prostate cancers as well
as epithelial cell differentiation and morphogenesis (Augello et al., 2011), whereas the
derived allele C creates TFBSs for ELK1 which is involved in various contexts including
long-term memory and breast cancer and for AP1 which is involved in many cellular
processes including proliferation, death and differentiation (Shaulian and Karin, 2002).
The rs12812860 alleles create different TFBS of TFs involved in various cellular processes
(Table [6.1). The rs1384 ancestral allele C creates a TFBS for ETS1 whose DNA binding
domain is involved in chromosome translocation in tumours (Delattre et al.,1992). Thus,

the TFBS analysis of eQTL showed different accessibility of TFs in each allele.

Table 6.1: TFBS search on LYZ eSNPs using JASPAR. The ancestral (top) and derived (bottom)
alleles were compared if different TFBSs were found. The scores and relative scores (out of 1)
were calculated based on matrices of position-specificity and normalisation of scores on each
nucleotide position respectively (Stormo,|2000, Wasserman and Sandelin,|[2004).

SNP Allele TF Score Relative score Reference
rs10784774 A RORA2 8.48 0.80 Giguere et al.,|1994
G NA
rs10878967 T FOXA1 6.23 0.82 Carroll et al., 2005
C ELK1 5.82 0.81 Treisman et al., (1992
C AP1 6.70 0.86 Lee et al.,|1987
rs12812860 T HOXA5 5.92 0.86 McGinnis et al.,|1984
T MZF1_1-4 4.99 0.81 Morris et al., 1994
T SPIB 6.96 0.88 Ray et al., 1992
C HIF1A:ARNT 7.61 0.89 Wenger et al., 2005
C USF1 5.70 0.80 Bendall and Molloy, 1994
rs1384 C ETS1 3.66 0.81 Woods et al.,|1992
T NA

The detailed investigation of the LYZ eQTL using the publicly available functional

data suggested that specific SNPs may be functionally linked to the allelic difference in

212


http://jaspar.cgb.ki.se

6.3

Chapter 6

LYZ expression and modulate a master regulator acting in trans in the genome. Further
experiments described in the following sections were therefore conducted to characterise

the SNPs.

Assaying enhancer activity using the luciferase gene

reporter system

Reporter gene systems have been used to investigate the functional significance of
genetic sequences with respect to transcription regulation in eukaryotes. A gene or DNA
fragment of interest is fused to a reporter gene in a single plasmid construct and is
delivered into cells or tissues where an assay is held. Reporter genes have been discovered
from organisms in the natural world. For example, lacZ in Escherichia coli encodes
B-galactosidase that cleaves X-gal (5-bromo-4-chloro-indolyl-g-D-galactopyranoside) to
produce intense blue colour. gfp gene isolated from jelly fish (Aequrea victoria) encodes
green fluorescent protein (GFP) that exhibits bright green fluorescence on excitation by
blue to ultraviolet range light (peak at 395nm). Chemiluminescence reporter assays,
which use an enzymatic reaction to produce photons in the presence of specific substrates,
is widely adapted to quantify cis-acting transcriptional elements such as promoters and
enhancers. The advantages of the chemiluminescence based assay over the fluorescence
based assay are no requirement of excitation by high power laser and less background
such as autofluorescence thus the assay is more easily carried out, rapid, safe and sensitive.

Luciferase is one of commonly used chemiluminescence enzymes. The well-studied
luciferase genes were cloned from firefly (Photinus pyralis, Wet et al., |1987) and sea
pansy (Renilla reniformis, Lorenz et al.,|1991) and neither requires any post-translational
modification. Firefly luciferase is a monomeric enzyme of 61kDa and catalyses two-step
oxidation of substrate beetle luciferin to emit yellow to green light between 550-570 nm
with ATP, Mg?* and O,. Renilla luciferase is a monomeric 36kDa enzyme and catalyses
oxidation of coelenterate luciferin only with oxygen to emit blue light of 482 nm. Addition
of coenzyme A stabilises the luminescence reaction by slowing down the decay of signal

™ reporter system

intensity. Two distinct luciferases are deployed in the Dual-Luciferase
(Promega) that uses the firefly gene for the study assay and the Renilla for an internal
control of transfection.

Both firefly and Renilla luciferase reporter constructs available from Promega were

used to study the enhancer activity of 12q15. The Firefly luciferase construct, pGL3-
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Promoter, has firefly luc+ gene with the SV40 promoter. A DNA fragment of interest for
enhancer activity assay is inserted in 5" upstream of the SV40 promoter or 3’ downstream
of the luc+ gene (Figure [6.3). The Renilla luciferase construct, pRL-TK, has Renilla hluc
gene with the herpes simplex virus thymidine kinase (HSK-TK) promoter that provides

low to moderate levels of hluc expression in transfected mammalian cells.

LYZ upstream region

.

SV40 promoter

pGL3-promoter

Luc

AmpR

Figure 6.3: pGL3-promoter firefly luciferase reporter construct. Luc; lucifrase gene, AmpR; -
lactamase gene.

Cloning of eQTL locus flanking LYZ in 12q15

In order to investigate the enhancer activity of the LYZ eQTL (rs10784774, rs1384,
rs12812860 and rs10878967), a cloning strategy was adopted as described below (Figure
[6.1).The 2kb region spanning rs10784774 and a shorter region spanning only p300
TFBS (367bp long) were cloned in order to determine the activity of p300 TFBS with
rs10784774. The eSNPs rs1384 and rs12812860 were cloned together in approximately a
1.5kb stretch including the LYZ 3’UTR and a part of the last intron. The region including
eSNP rs10878967 covered approximately a 1.5kb region to include the start codon of LYZ
and a number of TFBSs in the LYZ promoter.

The genomic DNA from individuals in the healthy volunteer population was used to
amplify the enhancer elements based on their genotype using PCR (Chapter 2}, Table|2.2).
Both alleles of the eSNPs were amplified for comparison (Table [6.2). The PCR cycling
conditions and enzymes used are described in the materials and methods (Chapter [2).
The PCR products were subcloned into the pGL3-promoter firefly luciferase reporter
construct (Promega) in the 5’ upstream of the SV40 promoter (Figure[6.3). The plasmids
were purified using midipreps with an endotoxin removal step following manufacturer’s

instructions (Qiagen, Chapter [2).
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Table 6.2: LYZ eSNPs and alleles.

Allele Derived Ancestral CEU frequency

rs10784774 G A 0.509 0.491
rs10878967 C T 0.528 0.472
rs12812860 C T 0.533  0.467

rs1384 T C 0.509 0.491

In vitro luciferase reporter assay

Enhancer elements regulate gene expression by modulating transcriptional mechanisms
in the cell. Transient transfection of the luciferase reporter constructs to cell lines allows

measurement of enhancer activities.

Luciferase activity of rs10784774 region in different cell lines

The K562 human myelogenous leukaemia cell line (ATCC number CL-243, Lozzio and
Lozzio, [1975) was first chosen to determine allelic difference of the enhancer activities
quantitatively. The cell line resembles undifferentiated granulocytes including monocytes
and erythrocytes and is highly efficient for transfection. At least three biological and two
technical replications each were performed in the following experiments for transient co-
transfection of firefly and Renilla luciferase constructs. The readings of firefly activity
were normalised against that of Renilla, and then the values were normalised against the
pGL3-promoter activity at each experiment. The significance of any observed difference
between two alleles was determined by Wilcoxon rank sum test. The rs10784774 construct
showed a significant difference between the G and A alleles suggesting this region with
the G allele may have higher enhancer activity than the A allele, although the overall
luciferase activity is lower than for the pGL3-promoter control vector (p=8.46x1073,
top left of Figure [6.4). This result suggests it may be important to determine whether
this enhancer activity is cell type specific as the LYZ eQTL was identified as cell type
specific in the previous chapter (Chapter [4). Three additional cell lines, THP-1, Jurkat,
and LCL GM18057, with different characteristics were transfected with the rs10784774
constructs to investigate if the enhancer activity was cell type specific. THP-1 is a
human acute monocytic leukaemia cell line (ATCC number TIB-202, Tsuchiya et al.,
1980) and is characterised by lysozyme production, differentiation to macrophage and
phagocytosis. Jurkat is a T cell type lymphoblastoid cell line isolated from a patient
with acute lymphoblastic leukaemia and leukaemia transformed non-Hodgkin lymphoma

(ATCC number TIB-152, Schneider et al., 1977)) and is characterised by expression of

215



Chapter 6

complement receptors. GM18057 is one of the HapMap CEU LCLs and is immortalised
by EBV infection as described in the previous chapters (Dausset et al., 1990, International
HapMap Consortium, 2003, Chapters [1] and [4). Variation in the enhancer activity was
observed in the three cell lines. The allelic difference of the enhancer activity in the
rs10784774 constructs was significant in THP-1 and Jurkat cell lines but not in the LCL
GM18057 (THP-1; p=2.17x1073, Jurkat; p=1.56x10"%, LCL GM18057; p=0.8, Figure|[6.4).

Luciferase activity: rs10784774

K562 | THP-1

1004 . Dp=846x10° p=2.17x10"
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Figure 6.4: Luciferase activity of a region including rs10784774. Luciferase activity was
determined during transient expression in K562 myelogenous leukaemia cell line (top left), THP-1
monocytic leukaemia cell line (top right), LCL GM18057 lymphoblastoid cell line (bottom left),
Jurkat T cell type leukaemia cell line (bottom right). rs10784774 derived allele G (blue) and
ancestral allele A (pink) compared after normalisation against control pGL3-promoter vector
(green). Significance was determined by Wilcoxon rank sum test (p-values and standard deviation
shown in the figure). K562, THP-1 and Jurkat show significant difference in luciferase activity
between G and A alleles.

rs10784774 p300 TFBS

The constructs of the p300 TFBS with rs10784774 were determined to investigate if the
region is critical for allelic enhancer activity. The constructs were tested using K562. No

significant difference between the alleles was observed (p=1, Figure .
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Figure 6.5: Luciferase activity of rs10784774 p300 TFBS (367bp long) in K562. rs10784774
derived allele G (pink) and ancestral allele A (turquoise) compared after normalisation against
pGL3-promoter vector (grey). No significant difference was shown between the two alleles
(Wilcoxon rank sum test p=1, standard deviation shown in the figure).

Additional eQTL in the LYZ region

The two regions including eSNPs rs10878967, rs1384 and rs12812860 were measured for
their enhancer activities in comparison of the alleles (Figures and [6.7). These two
constructs were not significantly different (rs10878967; p=0.23, rs1384 and rs12812860;
p=1, Figures and [6.7). However, the rs10878967 constructs showed higher luciferase
activity over the control vector, suggesting the region may have more capacity to up-

regulate the luciferase reporter gene.

Luciferase activity: rs10878967 K562
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Figure 6.6: Luciferase activity of a region including rs10878967 in K562. rs10878967 derived
allele C (pink) and ancestral allele T (blue) compared after normalisation against the control
pGL3-promoter vector (green). No significant difference was shown between the two alleles
(Wilcoxon rank sum test, p=0.23, standard deviation shown in the figure). The luciferase activity
with the rs10878967 region is higher than with the control, which is only observed in this DNA
fragment.
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Figure 6.7: Luciferase activity of a region including rs1384 in K562. rs1384 derived allele T
(pink) and ancestral allele C (turquoise) compared after normalisation against the control pGL3-
promoter vector (grey). No significant difference was observed between the two alleles (Wilcoxon
rank sum test, p=1, standard deviation shown in the figure).

Position effect of enhancers

Enhancers may function at a distance by formation of DNA loops and protein-protein
interaction for example involving insulators (Gaszner and Felsenfeld, |2006). In order to
determine the effect of position on enhancer activity in an allelic specific manner, the 2kb
rs10784774 region was cloned in the 3’ downstream of the firefly luciferase gene. In K562
and THP-1 cell lines, the allelic effect of the enhancer was observed only when cloned
5’ upstream of the reporter gene, not in the 3’ downstream (K562; p:4.11x10’5, THP-1;
p=2.17x1073, Figure .

In total 4 eSNPs of LYZ eQTL were investigated for their effects on enhancer
activity using the luciferase reporter system. However, only the rs10784774 2kb construct

revealed significant differences between the two alleles.

EMSA to identify SNP alleles bound differentially to

cellular proteins

Background

Interaction of proteins and nucleic acids can be assessed experimentally by many
techniques that have both advantages and limitations. EMSA is a sensitive technique to

investigate DNA-protein interaction using oligonucleotide probes and purified proteins
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Figure 6.8: Position effect of luciferase activity with the rs10784774 region in K562 and THP-
1. rs10784774 derived allele G (pink) and ancestral allele A (green) were tested in 5" and 3’
UTR of the luciferase gene and were compared after normalisation against the control pGL3-
promoter (blue) (Wilconxon rank sum test, p-values and standard deviation shown in the figure).
A significant difference was observed in the 5’'UTR constructs.

or crude nuclear extracts (Fried and Crothers, [1981, Garner and Revzin, |1981, Hellman
and Fried, 2007). Electrophoretic mobility of labelled oligonucleotides (usually with
radioisotopes or biotin) is monitored in the presence of proteins or nuclear extracts by
running in a native gel. Probe-protein complexes can be detected by autoradiography
or chemiluminescent imaging. EMSA is a qualitative and highly sensitive method of
observing formation of non-equilibrium proteins to nucleic acid complexes.

Another method to detect DNA-protein interaction is a footprinting assay which
exploits interference of enzymatic digestion or modification of a nucleic acid sequence
bound by a protein (Brenowitz et al., [1986). A classic footprinting protocol uses an
end-labelled nucleic acid sequence with radioisotope binding to a protein followed by
DNase I digestion and resolution of the fragments on a denaturing polyacrylamide gel.
Interpretation of the image visualised by autoradiography is performed using ladders of
bands and gaps which indicate sites of protection by protein(s) in the test. The advantage
of this method over EMSA is that a protein of interest binds to nucleic acid sequences
at the equilibrium condition for the footprint. Modified footprint methods are available
for quantitative detection of binding (Brenowitz et al., 1986). The limitations of the
footprinting are that incomplete digestion and non-specific protein binding to the probe

sequence make the image unclear and more difficult to interpret than EMSA.
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Variants of DNA sequences may result in creation or loss of protein binding sites as
described in the previous section of this chapter (Section[6.2.3). The SNPs in both alleles
change their predicted TFBS. In order to determine if the alleles of the eSNPs in the LYZ
promoter regions have different protein binding preferences, EMSA was conducted as

described below.

Protein binding patterns of LYZ eSNPs

First the four LYZ eSNPs (rs10784774, rs1384, rs12812860, and rs10878967) were
investigated to see if they have different protein binding patterns between the alleles. A
SNP rs689415 was included as a control, which is located in 260bp closer to LYZ and is not
in strong LD to rs10784774 (r? 0.412, Figure . Probes were designed to be on average
length 25-nt oligonucleotides with the eSNPs in the middle of the sequences as described
in the materials and methods chapter (Table Chapter [2). The short nucleotides were
chosen to reduce protein binding around the SNP regions. In order to investigate protein
binding patterns between two alleles, crude nuclear extract prepared from a K562 cell
line was used to bind radiolabelled oligoduplexes. The results are shown in Figure
The binding patterns on rs1384 and rs10878967 showed stronger signals in the ancestral
C and T alleles. This result prompted follow up of those SNPs using a competition EMSA

and in different cell types.

Competition assay

Competition assay in EMSA is used to measure protein binding affinity for a specific probe
by adding an excessive amount of a non-labelled probe. The competition assay on rs1384
and rs10878967 was performed by including unlabelled competitor probes corresponding
to either the same allele or the other allele. Overall the binding complexes were relatively
weak but the data suggested more allele specificity. The results of the rs1384 assay showed
the allele C competed better than the T (Figure [6.10). The rs10878967 assay showed the
allele T competed better than the allele C when they were competed against the opposite
alleles (Figure[6.11). The comparison between non-specific competitors (6th lane from left
to 13th lane in Figures[6.10/and [6.11) also demonstrated that the ancestral alleles C and T
in rs1384 and rs10878967 had stronger protein binding that the derived alleles T and C.
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4.rs1384 T
5.rs689415 G
6.rs689415 A
7.1s12812860 T
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Figure 6.9: EMSA with LYZ eSNP probes with rs10784774, rs1384, rs689415, rs12812860 and
rs10878967 using K562 nuclear extract. rs689415 is a SNP located in the LYZ promoter region
and used for a control (lanes 5 and 6). The relative positions of the SNPs are shown in Figure
The ancestral alleles rs1384 C (lane 3, red arrow) and rs10878967 T (lane 9, blue arrow) showed
stronger complexes.

rs10878967 competition assay in different cell lines

rs10878967 T allele showed a stronger binding pattern using proteins from nuclear
extract prepared from K562. Because those eSNPs in LYZ were identified as monocyte
specific, nuclear extracts from other types of cell lines were examined to see if rs10878967
still retains an allelic difference in protein binding. EMSA on nuclear extract prepared
from THP-1 showed different protein band patterns between T and C alleles without
competitors (1st and 8th lanes from left, Figure [6.12). The competitor assay using THP-1
showed the T allele was still stronger than the C allele (5th and 12th lanes in Figure[6.11).
The EMSA using nuclear extract prepared from LCL GM18057 showed relatively vague
band patterns (Figure[6.13). The T allele without competitor has a faint band (red arrow)
that does not appear in the lanes with competitors, although it is difficult to distinguish
the difference of protein binding patterns between the two alleles. The allelic difference
in band patterns appeared in monocytic cell lines K562 and THP-1 but not in LCL which

retains similar characteristics to B-cells.
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Radiolabelled rs1384 C rs1384 T
probe
Unlabelled rs1384C rs1384T NS rs1384T  rs1384C NS
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Figure 6.10: EMSA competition assay on rs1384 using K562 nuclear extract. Non-radiolabelled
probes were used as competitors at 10X and 100X concentrations. NS; non-specific competitor.
The C probe (lane 5) competed better for the complex labelled by red arrow than did T (lane 12)
with 100X opposite allele competitors.

Radio'age”e*i rs10878967 T rs10878967 C
probe
rs10878967 rs10878967 NS rs10878967 510878967 NS
Unlabelled T ¢ (¢} T
competier A A A A
Nuclear extract + + + + + + - + + + + + +
1 2 3 4 5 6 7 8 9 10 1 12 13 14

Figure 6.11: EMSA competition assay on rs10878967 using K562 nuclear extract. Non-
radiolabelled probes were used as competitors at 10X and 100X concentrations. NS - non-specific
competitor. The T probe (lane 5) competed better for the complex labelled by red arrows than C
(lane 12) with 100X opposite allele competitors.
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Figure 6.12: EMSA competition assay on rs10878967 with THP-1 nuclear extract. Non-
radiolabelled probes were used as competitors at 10X and 100X concentrations. NS - non-specific
competitor. The T probe (lane 5) competed better for the complex labelled by red arrow than did
C (lane 12) with 100X opposite allele competitors.
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Figure 6.13: EMSA competition assay on rs10878967 with LCL GM18057 nuclear extract. Non-
radiolabelled probes were used as competitors at 10X and 100X concentrations. NS; non-specific
competitor. The T allele without competitor (lane 1) has a faint band indicated by red arrow. The

all T allele lanes (lane 1-6) have another band indicated by blue arrow but may not be specific to
the probe.
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Antibody supershift assay

The identity of proteins that bind to the probes spanning eSNPs was determined by
supershift assay. One limitation of EMSA using crude nuclear extracts is that proteins
binding to DNA probes cannot be identified easily because estimation of protein sizes
is normally difficult in a native gel with protein mobility affected by charge and
hydrodynamic size at the pH of the running buffer. The supershift assay uses an antibody
to the protein of interest to see if a DNA-protein complex shows shifted mobility due to
the additional weight of the antibody or if binding between protein and DNA is abolished
due to interference by the antibody.

rs1384 and rs10878967 were investigated to see if specific proteins of interest may
bind to the probes. The antibodies used were anti-P300, anti-CREB1, anti-P65 and
nonspecific control rabbit IgG. P300 and CREBI1 are transcription cofactors and their
binding sites are virtually ubiquitous among promoter regions including LYZ (Figure[6.1]).
P65 forms a heterodimeric NF«xB transcription activator with P50 and is involved in many
biological processes including inflammation and immunity in almost all cell types.

The supershift assay for rs10878967 with these antibodies using K562 nuclear extract
showed supershift, a disappearance of the bands for the T allele in both anti-P300 and

IgG lanes (Figure [6.14). The supershift on the IgG control lane raises questions about the
specificity of the supershift by anti-P300.
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Figure 6.14: EMSA supershift assay on rs10878967 using K562 nuclear extract. IgG; negative
control. Anti-P300 causes supershift (*) of the complexes (red arrow) in the T (lane 2) and the C

(lane 7) with different signal strength (T>C), however disappearance of the complexes is shown in
the IgG controls (lane 5 and 10).
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The super shift assay for rs1384 with anti-P300 and anti-CREB1 did not show
supershift of bands but a weak higher band appeared on the C allele with anti-P300 and
IgG not in the T allele. The bands in the anti-P300 and IgG lanes with the C allele again
raise a question about the specificity of the antibody binding for this interaction. Although
the supershift assays did not identify proteins binding to the probes in both SNPs, there

is potential to determine proteins that bind to one allele but not the other.
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Figure 6.15: EMSA supershift assay on rs1384 using K562 nuclear extract. IgG; negative control.
Supershift was observed in both anti-P300 and IgG lanes in the C alleles (¥, lane 2,4). However, no
clear band disappearance was observed (red arrow).

EMSA assays for the LYZ eSNPs have shown some evidence for different protein
binding patterns between two alleles in two SNPs, rs10878967 and rs1384. The competition
assay suggests that the ancestral alleles (rs10878967; T, rs1384; C) bind more strongly
to proteins than do their derived alleles. The supershift assay was not able to identify

proteins binding to the probes in an allele specific manner.

Discussion

Functional characterisation of GWAS and eQTL studies

The eQTL identified in a cell type specific manner in trans implied a function as a master

regulator of genome-wide gene expression. Although the number of associated loci for
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disease susceptibility or gene expression has been increasing, functional demonstration
of their phenotypic effects has been difficult. In this chapter, one of the master regulators
from the monocyte eQTL analysis, 12q15, was investigated in detail in order to try to
demonstrate their functionality in an allele specific manner.

The most significant eSNP rs10784774 has shown association in both cis and trans
with 73 probes. Protein products of the associated genes include TFs and immunity
related proteins although they are not functionally associated in biological pathways
as described in the previous chapter. Imputation of the 12q15 greatly improved the
resolution of the association especially for LYZ and the nature of the LD structure (Figure
. Two imputed SNPs, rs10878967 and rs12812860, were also included for further

functional investigation.

Derived allele LYZ il )
Ancestral allele | | | |
rs10784774 rs10878967 rs12812860 rs1384
The ENCODE P300 TFBS Between two P300 No TFBS No TFBS
TF ChIP
TFBSs
G: No unique TFBS T: FOXA1 T: HOXA5 C:ETS1
TFBS search MZF1_1-4, SPIB
A: RORA2 C: ELK1, AP1 C: HIF1AZARNT T: No unique
USF1 TFBS
Luciferase G>A NS NS NS
enhancer activity
EMSA
Competition assay NS T>C NS C>T
Supershift assay NS T>C NS NS

Figure 6.16: A summary of LYZ locus functional characterisation on the derived (blue) and
ancestral (red) alleles of the eSNPs in the LYZ locus. The direction of the allele specificities for
luciferase enhancer activity and EMSA are shown. NS - not significant.

Identification of regulatory sequence

Using publicly available data by the ENCODE project, TFBS were searched in the context
of the LYZ eSNPs. The promoter SNPs rs10784774 and rs10878967 were identified to
overlay or be flanking to p300 TFBS (The SNP positions are shown in Figure[6.16). rs1384
is located in 3'UTR of LYZ. 3’'UTR of a gene carries regulatory sequences of mRNA,
which defines stability of mRNA and provides protein binding sites for post-translational
modification. Although the public database of miRNA did not find the binding sequence
of known miRNA around rs1384, the SNP may affect stability of LYZ mRNA or protein
binding for post-translational modification.

A search of TFBS in the LYZ eSNPs identified that single nucleotide difference added
new TFBS in the locus which included that rs10784774 A allele creates RORA2, a zinc-

coordinating nuclear hormone receptor (Jetten, 2004, Figure |6.16|). Another example was
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rs10878967 which created FOXA1 with ancestral T allele and AP1 with derived C allele,
which are involved in epithelial cellular proliferation and cell differentiation (Augello
et al.,|2011, Shaulian and Karin, 2002). .Experimental confirmation would be required to
characterise this further for those TFBS. Each SNP difference probably contributes a small

effect, however, coordinated binding of transcription factors to the locus may be required.

Luciferase reporter assay

The luciferase reporter assay is an easy method to determine the enhancer activity of a
DNA sequence. The assay was used to test if the regions with the eSNPs had an enhancer
activity by comparing the two alleles. The DNA fragments from 367bp to about 2kb
containing rs10784774, rs10878967, rs1384 and rs12812860 were investigated for their
enhancer activity (Figure [6.16). The 2kb DNA fragment around rs10784774 has shown
allelic difference in the enhancer activity in a cell type specific manner. However, the
367bp DNA fragment containing p300 TFBS, the 1.5kb DNA fragment of rs1384 and
rs10878967 did not show similar allelic enhancer activity. Only the DNA fragment with
rs10878967 showed higher enhancer activity than the control. This may be explained by
that region being closer to the LYZ start codon with a cluster of TFBS (Figure and
suggests the region has stronger enhancer activity than the other DNA fragments. Position
of the fragment was found to affect enhancer activity in the rs10784774 2kb constructs,
which implies the importance of a position of an enhancer from the promoter.

Technical improvement of the luciferase assay is possible to allow sensitive comparison
of single nucleotide differences. The reporter plasmid used in this assay contains an SV40
promoter which is constitutively active and may make sensitive comparison between
alleles difficult. Using a firefly luciferase reporter with a minimal promoter such as a
165 bp promoter of the p57 gene (Dauphinot et al.,2001) and a late version of Promega
pGL4 constructs (Dougherty and Sanders, 2005) may solve this problem. The pGL4 firefly
luciferase gene (luc2) is modified to have fewer TFBS sites in the sequence and results
in sensitive luciferase gene expression by an enhancer of interest and the promoter by

reducing protein binding to the luc2 gene.

EMSA

EMSA is a versatile and very sensitive method for identifying protein-DNA complexes
in vitro. The radiolabelled probes including each SNP allele were compared by their

affinity of binding to proteins by EMSA. Among SNPs associating in cis and trans eQTL in
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monocytes, 1s10878967 and rs1384 have demonstrated allelic differences in protein-probe
complex patterns and the ancestral alleles showed stronger binding than the derived
alleles using K562 nuclear extract (Figure[6.16). The two SNPs are located in the promoter
and 3’UTR of LYZ implying that the regions may have more potential to modulate TFs
and regulatory proteins than rs10784774. EMSA on rs10878967 in two additional nuclear
extracts of cell lines showed that the monocytic cell line THP-1 also demonstrated higher
affinity with the ancestral allele than with the derived, as well as in the myelogenous
leukaemia cell line K562 compared to LCL. This suggests that the eSNPs identified in the
monocyte specific eQTL may bind proteins specifically expressed in monocytic cell types.

The supershift assay was performed to identify proteins forming a complex to a probe.
P300 and CREB1 which both act as transcription activators were investigated to see if they
were bound to the probes. Although rs10878967 showed supershift by the P300 antibody,
the negative control with supershift suggests that the binding of P300 to the probe may
be in doubt. No supershift on rs1384 was observed. It is difficult to identify proteins that
bind to the nucleotide sequence of interest by testing antibodies even though prediction
could be made by sequence consensus to TFBS. Additionally a native gel used in this study
separated proteins by their charges and hydrodynamic sizes and folding conformation
not actual molecular mass, thus identification of actual protein sizes binding to probes
is almost impossible. EMSA paired with SDS-PAGE with western detection or mass-
spectrometry for protein identification is a recent approach to identify a protein binding
to DNA probes (Woo et al., 2002, Stead et al., 2006, Stead and McDowall, [2007). A cost
effective modified EMSA called multiplexed competition EMSA (Smith and Humphries,
2009) uses DNA competitors with consensus TFBS sequences, which may be able to screen
proteins that bind to the probe sequences. Using those techniques it may be possible to
identify specific proteins that bind to the probes in allele specific manner.

The results of the allelic comparison and competitor assays suggest that the ancestral
alleles bind with stronger affinity to proteins than do the derived alleles in rs10878967
and rs1384. Protein binding in this experiment is non-equibrillium so quantification of
binding complexes is not possible. Quantitative assay of protein binding affinity may
be possible using modified EMSA. For example, fluorescent double labelling of probes
binding to proteins can be quantify signals specific to each allele (Forwood and Jans,
2006).

EMSA detects in vitro condition of DNA-protein binding in an allele specific manner.

In order to detect in vivo binding in an allele specific manner, ChIP and DNase
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hypersensitivity assays combined with other techniques including a WGS would be
suitable. For example, genetic variation at the promoter region of LTA encoding lymphotoxin-
a modulates repression of the gene expression in an allele specific manner (Knight et al.,
2004). Knight and colleagues used a haplotype specific ChIP experiment, which uses
a heterozygous genotype sample, to demonstrate an allele specific in vivo interaction
of activated B-cell factor-1 (ABF-1) with the locus using qPCR or MALDI-TOF mass
spectrometer. The WGS technology has been widely applied to ChIP and epigenetics
studies as well as genome and transcriptome sequencing. Direct sequencing of products
from ChIP or DNase hypersensitive assays can identify allelic differences in protein
binding sites at a nucleotide scale (Furey, |2012). DNase-seq, a combination of a DNase
I hypersensitive site assay and the WGS, can detect protein binding sequences at a
nucleotide scale in vivo, allowing identification of an allelic difference of the binding site

(Hesselberth et al.,[2009).

6.5.5 Summary

Functional characterisation of the monocyte eQTL around LYZ has been attempted in
this chapter by in silico sequence analysis, determination of the enhancer activity and
protein binding around the eSNPs in an allele specific manner. The assays conducted here
investigated each eSNP individually and have not provided significant evidence of allelic
differences in gene expression. More sensitive assays may be required to identify enhancer
activity in an allele specific manner. A larger region taking account of haplotypic blocks
and LD structure may be required to reveal allele specific differences in gene expression.
Although the results obtained in this chapter suggest that the techniques used have great

potential to characterise eQTL, further in vivo experiments may be essential.
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7 General Discussion

Since the sequencing of the human genome in 2001, huge advances have been made in the
understanding of human genetic variation and its impact on disease susceptibility. A key
finding from genome-wide association studies (GWAS) of common diseases has been the
importance of regulatory variants modulating gene expression.

This thesis has focused on investigation of genetic variation as a heritable determinant
of gene expression with particular interest focus upon the immune system and susceptibility
to disease. For this purpose, a large cohort of healthy volunteers of European ancestry
were recruited and gene expression quantified for B-cells (a key cell type in the adaptive
immune response), monocytes and macrophages (innate immune responses). The investigation
of genetic variants associating with gene expression at a population scale was conducted
in the context of the immune response and inflammation in relation to disease association.

In this chapter, the overall findings and limitations of this thesis will be assessed in
the context of this field of research. Potential experiments and research areas for future

work will be considered.

/7.1 Findings and conclusions

7.1.1 Differential gene expression analysis

Many studies have used microarray platforms to study differential gene expression
analysis. These have identified transcriptome signatures in different cell types and tissues,
especially these involved in disease. For example, expression data analyses on tumours
were able to distinguish different tumours and subtypes from transcriptome profiling
(Ross et al., 2000, Alizadeh et al., 2000). The data described in this thesis has identified
distinctive signatures of gene expression across immune cell types by conducting two
differential gene expression analyses to compare B-cells and monocytes, and macrophages

and monocytes. To the best of my knowledge, the data presented in this thesis may
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be the first to describe differential gene expression in these primary cells from healthy
individuals on a large scale. A high proportion of differentially expressed genes was
expected in the B-cell and monocyte dataset because they are differentiated cell lineages
and have distinctive roles in the immune system. However, the high proportion of genes
differentially expressed between macrophages and monocytes observed was interesting as
they share the same cell lineage as described below.

As the differential gene expression data produced large amounts of information,
pathway analysis was a useful tool to annotate genes into groups of biological pathways.
This analysis was also used for subsequent eQTL analysis. Gene enrichment analysis
showed that monocyte genes were enriched in the pathways related to cellular functions
in the immune system including the innate immune system, inflammatory cytokine
responses and antigen presentation. By contrast, B-cell genes were enriched in pathways
involved in gene expression and RNA metabolism. This is consistent with circulating B-
cells being in an unactivated state compared to monocytes until they serve as APCs for
downstream antibody production via CD4* helper T cell activation.

The pathway analysis on the dataset with paired monocytes and differentiated
macrophages showed that the monocyte genes were enriched in the pathways of the
immune systems. The lipid metabolism pathway was enriched in up-regulated macrophage
genes. This result may reflect that inflammatory macrophages are involved in the
pathological state of adipose tissues where normal adipose tissue macrophages (ATMs)
maintain resolution of inflammation by producing anti-inflammatory cytokines (Lumeng
et al.,|2007, Murray and Wynn, 2011).

Monocytes and macrophages are remarkably heterogenous even after differentiation
into inflammatory or tissue resident types (Gordon and Taylor, [2005). CD14+ monocytes
differentiate into dendritic cells as well as macrophages, however their cell fate based
on the expression levels of CD markers are not well defined (Geissmann et al., [2010).
Commonly used stimuli for the differentiation include IFNy alone or with TLR ligands
(e.g. LPS) for an inflammatory phenotype and IL4 and IL13 for an alternatively activated
phenotype (Mantovani et al., 2002, Martinez et al.,|2009). This dataset used GM-CSF and
pro-inflammatory TNFa as stimuli and treated the differentiated cells as a inflammatory
state. The differential gene expression data was used to determine maturation of macrophage
differentiation as CD68, LGALS3 and ITGAX were significantly up-regulated. However,
considering heterogeneity of the cell type, the definition of the macrophages used in this

dataset may need care.
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eQTL mapping analysis

eQTL mapping analysis is designed to investigate genetic determinants of gene expression
using genetic variants as a marker. Cis eQTL were found more frequently than trans
because the study was relatively underpowered to detect trans associations. Cis associations
were located closer to DNA regulatory sequences as cis eQTL were shown to accumulate
near transcription start sites (TSSs). These regions frequently contain DNA regulatory
sequences including promoters and enhancers, and typically had a bigger effect size. More
than 25% of unique genes tested for the analysis in monocytes and B-cells showed eQTL
associations. A lower proportion of genes tested (approximately 10%) associated with SNP
alleles in the macrophage and monocyte dataset, probably due to the smaller sample size.

Directional cis eQTL between monocytes and B-cells was an interesting finding. Here
the direction of allelic association differed dependent on cell type. The genes involved are
related in the immune response including SELL encoding a cell adhesion molecule and
DFNAS5 encoding a tumour suppressor. This implies genetic variants may regulate gene
expression in an opposite way in different cell types.

Various statistical methods to analyse eQTL associations are being developed. The
analysis for the first dataset (Chapter [4) was applied to a linear model with permutation
(n=1000) for significance tests. For the second dataset (Chapter|[5), principal components
(PCs) of gene expression were incorporated as covariates in a linear regression model
to increase the rate of eQTL discovery. The advantage of incorporating PCs based on
gene expression is to remove batch effects generated by microarray experiments and any
other experimental artefacts (Liang et al.,2013). The macrophage dataset used the greater
number of PCs to maximise the detection of eQTL compared to the monocytes. This
implies that other strong non-genetic components in the data were present, which include
the effect of the incubation step for differentiation. Further investigation of the PCs used
for the analysis may identify a specific PC that relates to the incubation effect as well as

identify PCs with genetic determinants.

cis eQTL

Comparison of cis eQTL between different or similar cell types can determine cell type
specificity. A high proportion of cell type specific eQTL were found when comparing B-
cells and monocytes (78%) and also between macrophages and monocytes (68%). It is
likely that many more cell type specific eQTL were identified in this dataset than other

studies due to the high purity of the cell populations in the samples analysed. Moreover,
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the cells were not confounded by EBV transformation, which emphasises an advantage
of primary cells in this type of analysis compared to data from lymphoblastoid cell lines
(LCLs).

eQTL mapping analysis in cis in the macrophage dataset has identified a large
proportion of cell type specific associations in comparison to the deriving monocytes.
This implies many eQTL may be absent in an unstimulated state. Activation of cells may
result in uncovering hidden eQTL associations. It is logical to think that cell activation
markedly changes gene expression levels, which lead to identification of macrophage
specific eQTL. This may be secondary association to new genes, or altered chromatin usage
and regulatory factor binding in an activated state.

eQTL associated genes were found to be related to roles in the immune responses
and inflammation. This suggests that these immune responses are affected by genetic
variation, which also implies connection to susceptibility associated loci in common and

autoimmune diseases.

trans eQTL

In contrast to cis eQTL, analysis showed a higher proportion of cell type specificity
in trans than cis (92.4% compared to 78% in the monocytes and B-cells eQTL). This
difference suggests intermediate associations between trans eQTL and gene expression
unique to each cell type.

Trans eQTL were found to have smaller effect sizes than cis in the B-cell and monocyte
dataset. This may be reflecting secondary associations driven by cis associations. A larger
study cohort may be needed in order to capture more trans association. Therefore, the
macrophage and monocyte eQTL analysis (Chapter |5) considered only the cis eQTL
analysis due to its small sample size.

Trans eQTL analysis identified master regulatory trans eQTL in a cell type specific
manner. Other eQTL studies identified similar associations (Small et al.,|2011}, Fehrmann
et al.,2011). These loci are also associated in cis to local genes, however they may not
encode transcription factors (TFs). The monocyte specific master regulatory trans eQTL
in 12q15 is associated with LYZ in cis. Lysozyme, encoded by LYZ, performs an important
role as an initial defence for the innate immune system, where it functions to hydrolyse
bacterial cell walls. By contrast, a B-cell specific master regulatory trans eQTL in 9q21

is associated with KLF4 encoding a Kruppel-like factor 4 transcription activator and
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repressor. The genes involved in these trans associations were not enriched in pathway
analysis, therefore intermediate associations may be hidden.

The LYZ locus at 12q15 has retained cis eQTL association in macrophages. This implies
the locus genetically influences cell activity or homeostasis after differentiation from
monocytes. A preliminary trans analysis of the LYZ locus in macrophages suggests same
genes are associated as monocytes including CREBI and KILLIN. However, the analysis
requires further validation due to the small effect and sample size.

In order to identify the association between a cis gene in a master trans locus and trans
associated genes, this study attempted to determine relationships between trans eQTL and
both cis and trans associated genes involved by pathway analysis and correlation of allelic
gene expression. Most significant trans genes were highly correlated in their expression

with cis genes in an allele specific manner at both 12q15 in monocytes and 9p21 in B-cells.

GWAS and eQTL

One of the aims for eQTL analysis is to identify functional association between disease
susceptibility associated variants and gene expression. Many new loci identified in GWAS
explain relatively small susceptibility to diseases. This missing heritability in GWAS may
be partially explained at transcriptional and epigenetic levels. SNP markers defining
GWAS loci associated with susceptibility to autoimmune diseases were found in the eQTL
datasets. Some of these autoimmune disease associated loci are shared between diseases
as also shown by Fehrmann and colleagues (Fehrmann et al.,|2011).

A cis eQTL association with a GWAS locus provides evidence of a likely modulated
gene and a functional mechanism of disease susceptibility. For example, shared cis
eQTL with ERAP2 was associated with inflammatory diseases including Crohn’s disease
and AS. Antigen presentation by HLA class I molecules requires peptide trimming by
amino peptidases encoded by ERAP2 and ERAPI in the endoplasmic reticulum (Saveanu
et al., |2005). The allelic specific expression of ERAP2 may be involved in autoimmune
dysregulation during antigen presentation in the MHC class I molecules (Andres et al.,
2010). Cell type specific eQTL identified in GWAS loci may specify tissue specific
pathways involved in disease susceptibility. For example, cis eQTL with CARDY in
monocytes was associated with AS, UC and Crohn’s disease. CARD9 is involved in the
immune response against fungal infection and provides a connection between the innate
immune response and the adaptive immune response mediated by CD4" helper T cells

(Glocker et al., 2009, LeibundGut-Landmann et al.,[{2007).
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Macrophages are integral to dysregulation of inflammation which leads to inflammatory
autoimmune diseases (Olefsky and Glass, 2010, Murray and Wynn, [2011). Therefore,
macrophage eQTL studies may help to find a connection between autoimmune disease
susceptibility associated loci identified by GWAS and the genes involved. cis eQTL
with PPARG is an interesting finding to follow up as the gene is involved in the body
fat metabolism and T2D (Deeb et al., 1998, Altshuler et al., 2000). PPARG encodes
peroxisome proliferator-activated receptor y and a transcription factor important for
adipogenesis (Spiegelman, 1998). Decreased expression of PPARG which is associated
with a genetic variant is involved in insulin sensitivity and regulation of macrophage
activation (Odegaard et al.,[2007).

Trans eQTL were also identified in GWAS disease susceptibility loci. The monocyte
specific trans eQTL in the MHC class II region to AOAH was significantly associated
with disease susceptibility associated loci to IBD, T1D and RA. The loci encode many
genes involved in antigen presentation and are highly associated with many autoimmune
diseases (Jones et al.,2006). A precise mechanism between SNP alleles in the MHC class II
and trans associated genes is limited to speculation because further sequencing validation
may be required due to their extreme polymorphism. However, acyloxyacyl hydrolase
encoded by AOAH was shown to control B-cell polyclonal antibody production by limiting
LPS derived from Gram-negative bacteria (Lu et al.,2005). The expression level of AOAH

may be involved in controlling autoimmune responses.

HLA

The HLA alleles are the most variable in the human genome and have been associated with
many autoimmune and infectious diseases. A SNP in an MHC class II molecule gene may
change its antigen preference as shown in its association to RA susceptibility (Gregersen
et al., 1987, Hammer et al., 1995, Raychaudhuri et al., 2012). The association analysis
between the imputed HLA alleles and gene expression was performed to investigate
how HLA alleles affect gene expression and the mechanism of disease susceptibility in
association to HLA alleles. The analysis identified that HLA-DQAI and HLA-DRBI1 were
associated with monocyte AOAH expression in trans and further the trans eQTL SNP
alleles to the gene were associated with particular HLA alleles, namely HLA-DRB1*04,
*07 and *09. As mentioned above, AOAH is a good candidate to investigate further for its

involvement in autoimmune response.
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By contrast, B-cell genes associated with HLA alleles were only found as shared with
monocytes. This may be relate to activation state. DEF8 associations to HLA-DQA1I and
HLA-DRBI1 were found in both monocytes and B-cells in a similar manner with the trans
eQTL SNP alleles, although the function of the gene product is unclear.

The cis associations between the HLA alleles and the MHC genes were limited in this
thesis because the extreme polymorphism in the MHC region needs careful validation
of genotyping data as well as gene expression. Quantification using microarray may
be confounded by underlying SNP variation. The B-cell expression of PSORSIC3, a
susceptibility locus to psoriasis, was found to associate with the MHC class I HLA-C
and HLA-B alleles where psoriasis susceptibility is associated (Trembath et al., |1997,
Nestle et al., 2009, Strange et al., |[2010). This suggests specific HLA alleles are involved
in PSORS1C3 expression and psoriasis susceptibility, however more careful validation of

the data is required.

Functional characterisation of eQTL

Functional characterisation of eQTL was attempted, focusing on the LYZ locus. Using a
luciferase reporter assay and EMSA, an allelic difference was experimentally determined.
Two SNPs in complete LD showed allelic difference in the separate experiments, however
it was difficult to conclude that the sequences containing these SNPs function as regulatory
elements. An in silico search for a functional sequence using the JASPAR database for
transcription factor binding site (TFBS) search and the ENCODE ChIP-seq dataset for TF
binding has shown these SNPs may be involved in transcription regulation. However, it
is difficult to experimentally demonstrate the difference caused by a single nucleotide

change because its effect size may be too small to detect in vitro.

Future work

This work has shown that genetic variants are associated with gene expression in a cell
type specific manner. Genetic variants with association to common and autoimmune
disease susceptibility are found to also show association with these regulatory variants
and may help to understand mechanisms of disease susceptibility and development. In
light of these findings, this section describes general and specific limitations and future

directions generated from this work.
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7.2.1 Analysis methods

Many statistical methods for eQTL mapping analysis are published, however it is difficult
to find the best one. This may be because genome-wide eQTL analysis has been developed
in just the past decade. Researchers may need to try different methods to analyse their
datasets as each study population may have different characteristics, such as sample size,
cell and tissue types, or the genetic background of the cohort studied. An initial eQTL
study using three cell types showed 78% cell type specificity (Dimas et al., 2009). However,
reanalysis using a model which takes into account active and inactive eQTL in different
cell types discovered that only 8% was cell type specific (Flutre et al.,2013). This study
dataset was smaller (n=75) and used LCLs as well as primary T cells and fibroblasts.
It would be interesting to apply this method to analyse the volunteer dataset to see how
many cell type specific eQTL are retained considering it has the larger sample size (n=283)
and the high purity of the primary cell types.

Sample size was a limiting factor in the macrophage population analysis even though
the data for the cis eQTL associations has resolved immunologically interesting genes.
Expanding the size of population for macrophages as well as monocytes would be
important to investigate eQTL analysis in the innate immune system including trans
association.

Macrophages consist of a heterogenous cell population and two macrophage types,
classical inflammatory and tissue specific regulatory macrophages, with separate roles
in inflammation and autoimmunity (Geissmann et al., [2010). Development of insulin
resistance is involved with inflammatory macrophages where ATMs maintain tissue
homeostasis (Olefsky and Glass,[2010). The deficiency of PPARG in mice impairs differentiation
of alternative macrophage for tissue homeostasis and results in predisposition to obesity
and insulin resistance (Odegaard et al.,2007). PPARy2, one of two isoforms of PPARG,
with Prol2Ala substitution, causes reduced protein binding affinity in the promoter
region and is associated with improved insulin sensitivity and lower BMI (Deeb et al.,
1998, Altshuler et al.,2000). As a cis eQTL association with macrophage PPARG expression
was shown in this study, it would be interesting to investigate eQTL mapping in ATMs in
comparison to inflammatory macrophages. This association was not found in the previous
eQTL studies which used adipose tissues (Emilsson et al., 2008, Grundberg et al., [2012).
eQTL mapping analysis using purified cell types may have an advantage to identify cell

type specific eQTL.
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Fine mapping of eQTL can be performed using imputated SNPs. The LYZ locus,
which was imputed using the IMPUTE2 program, showed a cleaner LD structure and
associations were found on the promoter region. Genome-wide imputation has become
a standard step for GWAS (Marchini and Howie, [2010). It is possible to identify more
significant eQTL associations with imputed genotype data even though genotyping
chips have carefully selected tagging SNPs to cover most common SNPs (Liang et al.,
2013). In addition, a haplotype based eQTL mapping analysis taking LD structure into
account may help to identify functional regulatory variants. A combination of whole
genome sequencing (WGS) and RNA-seq that sequence non-coding regions in depth and
quantifies allelic expression simultaneously may be able to identify new polymorphisms
and regulatory variants (Pastinen,|2010).

The ENCODE project archived a comprehensive dataset of epigenetics using TF
ChIP-seq and DNasel sensitivity assays for chromatin structure and modification. These
experimental data were generated using WGS and can be used to extract information
for allelic imbalance in TFBSs (Park, [2009, Pastinen, 2010). Combining these epigenetic
markers onto eQTL associations may identify further loci that affect gene expression in an

allele specific manner.

HLA association

HLA alleles are renowned for their involvement in autoimmune diseases. Association
between the HLA alleles and gene expression was found in this dataset. Using this
information as a reference, the expression level of AOAH could be investigated in a disease
cohort such as T1D and RA. The HLA-DQA1 and HLA-DRBI alleles are known to associate
with susceptibility to these diseases (Lee et al., |2001, Gregersen et al., 1987, Hammer
et al., |1995). A role of AOAH in regulation of endogenous antibody response to B-cell
polyclonal production may suggest its involvement in autoimmunity and the adaptive
immune system (Lu et al.,[2005).

Cis association analysis with genes in the MHC region is interesting, however it
is challenging to precisely quantify gene expression in the MHC region and data
needs validation. A microarray platform uses DNA probes which often cannot avoid
confounding in probe designing with SNPs and other polymorphisms in some regions
of the MHC. A haplotype based exon array which has combination of tiling and splice

junction probes was designed to overcome this problem (Vandiedonck et al.,2011). RNA-
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seq may also overcome this probe design problem, however still needs caution in mapping

short sequencing reads to a hyperpolymorphic region (McKenna et al., 2010).

Mechanism behind trans eQTL association

Trans eQTL associations are difficult to identify due to their small effect size compared
to cis and are poorly replicated (Petretto et al.,|2006). A larger study population size may
help to identify trans association. A meta-analysis of eQTL datasets with primary cell
types (n=5311 and replication n=2775) identified trans association with IKZF1 to a locus
associated with SLE susceptibility (Westra et al.,[2013). The macrophage dataset was not
large enough to investigate trans eQTL association even though stimulated samples which
undergo a global gene expression change may uncover hidden trans association (Gaffney,
2013). A large cohort (n=414) consisting of CD14" monocytes stimulated with a TLR4
agonist LPS and a pro-inflammatory cytokine IFNy has been collected and analysed for
eQTL mapping by Benjamin Fairfax, myself and colleagues (manuscript in preparation).
The data from this analysis is enriched with newly identified eQTL specific to stimulated
samples including multiple master regulatory trans eQTL. Interestingly, trans eQTL in
the LYZ locus was found in all conditions. The effect size of this eQTL in macrophages
was smaller than that in monocytes. This new large study could assess their effect sizes
compared to unstimulated samples to see if a stimulated state is involving for examining
a different set of transcriptional machinery.

The genes involved in trans eQTL may interact directly with each other or indirectly.
To find intermediate associations, a pathway type analysis may predict upstream or
downstream genes that were not identified by eQTL mapping. A pathway analysis may

help to identify candidate genes that may interact with genes associated in trans.

Disease specific eQTL analysis

Organ specific symptoms are shown in some autoimmune diseases. Therefore some eQTL
analyses of disease associated variants have focused on using the primary cells or tissues
involved. For example, psoriasis study used skin, the LDL cholesterol levels and CHD
study used liver tissue, and obesity study used adipose tissue (Ding et al., 2010, Musunuru
et al., 2010, Emilsson et al., 2008). As this work has shown a high frequency of cell type
specific eQTL association, studying disease with a disease associated cell type may be
logical. However, accessibility to appropriate cell or tissue samples for specific eQTL

analysis is sometimes limited.
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Many GWAS for disease have focused on European populations. Some disease associated
loci have been identified across different populations. For example, psoriasis with the
HLA-C locus in the Chinese population, Crohn’s disease with MHC class II loci in the
Japanese and Ashkenazi Jewish populations and SLE with the BLK locus in the Chinese
population (Zhang et al., 2009, Yamazaki et al.,[2013, Kenny et al.,2012, Han et al.,[2009).
eQTL analysis on diverse populations reported that 34% of cis eQTL were shared in at
least two populations (Stranger et al., |2012). Different prevalence of some diseases are
found across populations, where environmental factors including diet are thought to be
involved in differing disease susceptibility. However, cell type specific eQTL mapping
across diverse populations may find population specific loci which may associate with

disease susceptibility loci of GWAS.

7.2.5 Identification of regulatory variation

It is known that single nucleotide substitutions in regulatory elements may be enough
to change protein binding or susceptibility to chromatin modification and methylation.
Experimental characterisation for eQTL is often difficult due to the small effect size. The
methods used experimentally in this thesis were possibly not sensitive enough to detect
the allelic effect.

Enhancer activity can be measured in vivo using reporter genes including a commonly
used green fluorescent protein (GFP) and lucZ in zebrafish and mouse embryos. Enhancer
elements are relatively conserved throughout mammalian species and some are ultraconserved
up to teleost fish (Visel et al., |2008). The effect of single nucleotide changes to these
highly conserved regulatory elements may be visible using these reporter assay systems.
Synthetic sequences are systematically tested to predict regulatory elements as well
as assess the impact of copy number, position and functional combination with other
TFBSs (Smith et al.,2013b}, Smith et al.,|2013a). They reported heterotypic enhancers are
more effective for reporter gene expression than homotypic ones. A composite enhancer
element consisting of short eQTL fragments containing rs10784774, rs10878967 and
rs1384 can be constructed for each haplotype in the LYZ locus. Combined TFBSs in a

specific haplotype may show stronger enhancer activity than testing each small eQTL.
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Concluding remarks

GWAS for common and autoimmune diseases have identified hundreds of susceptibility
associated loci in non-coding genetic variation in the past decade. However, the specific
modulated genes and functional mechanism often remain under speculation. Missing
heritability in GWAS can be partially explained at transcriptional and epigenetic levels.
The work presented in this thesis aimed to investigate genetic variants in the context
of gene expression regulation in immunologically important cell types. For this aim,
highly purified primary human immune cell types from healthy individuals of European
ancestry were investigated at a population scale. The gene expression profile obtained
from these samples was analysed to identify expression signatures which were related to
biological roles to each cell type. The eQTL mapping analysis was conducted with the
genotyping data to identify genetic regulatory variants in a cell type specific manner.
The analysis identified trans master regulatory loci as well as a high proportion of cell
type specific eQTL, which were not identified in studies using immortalised cell lines. In
addition, these eQTL were identified in common and autoimmune disease susceptibility
loci. Functional characterisation for eQTL suggested allele specific effects in vivo. These
findings have clearly shown genetic variants as a determinant of gene expression and their
association to disease susceptibility and mechanisms. Further investigation may help to
elucidate disease susceptibility and functional understanding of the impact of genetic

variation on gene expression.
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Table 1: Reactome pathway enrichment analysis on genes significantly differentially expressed
in B-cells. GeneRatio: over-represented genes in genes tested in each cell type. BgRatio: a ratio of
genes in a pathway and background. qvalue: adjusted p-value by FDR.

1D Description GeneRatio BgRatio pvalue qvalue
74160  Gene Expression 423/5654 785/13397 7.63x107'?  7.44x107°
156842  Eukaryotic Translation Elongation ~ 95/5654  134/13397 1.41x107'!  7.44x107°
72764  Eukaryotic Translation 91/5654  130/13397 1.15x1071% 1.52x1078
Termination
156902  Peptide chain elongation 91/5654  130/13397 1.15x107' 1.52x107®
975956  Nonsense Mediated Decay 92/5654  135/13397 8.73x1071% 1.02x1077
Independent of the Exon Junction
Complex
72689  Formation of a pool of free 40S 94/5654  139/13397  1.08x107° 1.14x107/
subunits
927802 Nonsense Mediated Decay 100/5654 152/13397  3.23x107°  2.84x107
975957  Nonsense Mediated Decay 100/5654 152/13397  3.23x107°  2.84x1077
Enhanced by the Exon Junction
Complex
212436  Generic Transcription Pathway 144/5654 238/13397  7.63x107°  6.19x107
72706  GTP hydrolysis and joining of the 98/5654  151/13397  1.34x1078 1.01x107°
60S ribosomal subunit
157279 3’ -UTR-mediated translational 97/5654  150/13397  2.09x10°% 1.37x107°
regulation
156827  L13a-mediated translational 97/5654  150/13397  2.09x107% 1.37x107¢
silencing of Ceruloplasmin
expression
1640170 Cell Cycle 191/5654 336/13397  3.22x107%  2.00x107°
73886  Chromosome Maintenance 52/5654  70/13397  4.84x107% 2.84x107°
1799339 SRP-dependent cotranslational 97/5654  154/13397  1.42x1077  7.70x107°
protein targeting to membrane
72737  Cap-dependent Translation 99/5654  158/13397  1.53x1077 7.70x107°
Initiation
72613  Eukaryotic Translation Initiation 99/5654  158/13397  1.53x1077 7.70x107°
69278  Cell Cycle, Mitotic 160/5654 287/13397  2.09x107% 1.00x10~*
72766  Translation 112/5654 192/13397  4.29x107% 1.97x107*
1538133 GO and Early G1 17/5654 18/13397  4.57x10°° 2.01x107*
69190  DNA strand elongation 22/5654 26/13397 1.07x107>  4.51x107*
157579  Telomere Maintenance 31/5654 43/13397 6.86x107>  2.78x1073
69481  G2/M Checkpoints 26/5654  35/13397  1.18x107* 4.53x1073
532600 Metabolism of RNA 147/5654  276/13397  1.20x107*  4.53x1073
68962  Activation of the pre-replicative 20/5654 25/13397 1.30x10™*  4.74x1073
complex
447010 Metabolism of mRNA 138/5654 258/13397  1.49x107* 5.23x1073
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Table 2: Reactome pathway enrichment analysis on genes significantly differentially expressed in
monocytes. GeneRatio: over-represented genes in genes tested in each cell type. BgRatio: a ratio

of genes in a pathway and background. gvalue: adjusted p-value by FDR.

ID Description GeneRatio ~ BgRatio pvalue qvalue
1430728 Metabolism 508/4725 932/13397 1.29x107>° 1.07x1075?
168256 Immune System 413/4725 781/13397 2.57x107%  1.06x107%?
168249  Innate Immune System 167/4725 289/13397 2.66x10715  7.31x107!3
162582  Signal Transduction 362/4725 741/13397 4.04x1071>  8.33x107!3
109582  Hemostasis 176/4725 317/13397 7.78x107'*  1.28x107!!
1236975 Antigen processing-Cross 55/4725  70/13397 1.36x107!* 1.62x107!!
presentation
1643685 Disease 320/4725 654/13397 1.37x10713  1.62x107!!
199991  Membrane Trafficking 97/4725  153/13397 1.03x107'2  1.06x1071°
1428517  The citric acid (TCA) cycle and 75/4725  112/13397 7.41x107'?2  6.79x10710
respiratory electron transport
556833  Metabolism of lipids and 167/4725 310/13397 1.00x107'!  8.25x1071°
lipoproteins
1280218 Adaptive Immune System 238/4725 477/13397 1.84x107!'!  1.38x107°
1236978 Cross-presentation of soluble 37/4725  45/13397 1.25x107'%  8.59x107°
exogenous antigens (endosomes)
163200  Respiratory electron transport, 55/4725  78/13397  2.26x10710  1.44x1078
ATP synthesis by chemiosmotic
coupling, and heat production by
uncoupling proteins.
109581  Apoptosis 77/4725  123/13397 5.33x10710  3.14x1078
1483257 Phospholipid metabolism 86/4725  142/13397 6.09x10710  3.34x1078
76002  Platelet activation, signaling and 89/4725  149/13397 8.41x107'0  4.33x10°%
aggregation
168898  Toll Receptor Cascades 65/4725  100/13397  1.23x1077  5.98x1078
1236974 ER-Phagosome pathway 43/4725  58/13397  1.70x107°  7.78x1078
211733  Regulation of activated PAK-2p34 36/4725 46/13397 2.94x107°  1.27x1077
by proteasome mediated
degradation
422475  Axon guidance 92/4725  159/13397  4.33x107°  1.79x1077
180534  Vpu mediated degradation of CD4 36/4725 47/13397 8.28x10™°  3.10x1077
350562  Regulation of ornithine 36/4725  47/13397  8.28x107°  3.10x1077
decarboxylase (ODC)
450408 Destabilization of mRNA by AUF1  38/4725  51/13397  1.20x10°%  4.31x1077
(hnRNP DO0)
1266738 Developmental Biology 121/4725 227/13397  1.61x1078  5.52x1077
69017  CDK-mediated phosphorylation 35/4725 46/13397 1.82x107%  5.98x1077
and removal of Cdc6
1169091 Activation of NF-kappaB in B Cells  44/4725 63/13397 2.30x10%  7.29x1077
71387  Metabolism of carbohydrates 95/4725  171/13397  4.02x10°%  1.23x107°
983169  Class I MHC mediated antigen 114/4725 214/13397  4.34x10°%  1.28x107°
processing & presentation
75815  Ubiquitin-dependent degradation 35/4725  47/13397  4.69x10°%  1.29x10°°
of Cyclin D
69229  Ubiquitin-dependent degradation 35/4725  47/13397  4.69x1078  1.29x107°
of Cyclin D1
611105 Respiratory electron transport 44/4725  64/13397  4.85x10°%  1.29x107°
349425  Autodegradation of the E3 36/4725  49/13397  5.44x10°%  1.33x10°°
ubiquitin ligase COP1
166054  Activated TLR4 signalling 53/4725 82/13397 5.49x1078  1.33x10°°
166016  Toll Like Receptor 4 (TLR4) 53/4725  82/13397  5.49x10%  1.33x107°°
Cascade
169911  Regulation of Apoptosis 38/4725  53/13397  6.87x10°%  1.57x107°
195721  Signaling by Wnt 42/4725  61/13397  9.15x10°%  1.99x1076
195253  Degradation of beta-catenin by the =~ 42/4725 61/13397 9.15x1078  1.99x10°°

destruction complex
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69613

69610

69601

1168372

69541
76005

166520
174113

187037
1280215
428157
450531
69563
69580
114608
162909
373755
69615
1222352
1222556
166058
181438
168179
168188

166166
168164

68827

187577

174084

381150
382551

1660662
937061

983705

p53-Independent G1/S DNA
damage checkpoint
p53-Independent DNA Damage
Response

Ubiquitin Mediated Degradation
of Phosphorylated Cdc25A
Downstream Signaling Events Of B
Cell Receptor (BCR)

Stabilization of p53

Response to elevated platelet
cytosolic Ca2+

Signalling by NGF
SCF-beta-TrCP mediated
degradation of Emil

NGF signalling via TRKA from the
plasma membrane

Cytokine Signaling in Immune
system

Sphingolipid metabolism
Regulation of mRNA Stability by
Proteins that Bind AU-rich
Elements

p53-Dependent G1 DNA Damage
Response

p53-Dependent G1/S DNA
damage checkpoint

Platelet degranulation

Host Interactions of HIV factors
Semaphorin interactions

G1/S DNA Damage Checkpoints
Latent infection of Homo sapiens
with Mycobacterium tuberculosis
Phagosomal maturation (early
endosomal stage)

MyD88:Mal cascade initiated on
plasma membrane

Toll Like Receptor 2 (TLR2)
Cascade

Toll Like Receptor TLR1:TLR2
Cascade

Toll Like Receptor TLR6:TLR2
Cascade

MyD88-independent cascade
Toll Like Receptor 3 (TLR3)
Cascade

CDT1 association with the
CDC6:ORC:origin complex
SCF(Skp2)-mediated degradation
of p27/p21

Autodegradation of Cdhl by
Cdh1:APC/C

Diabetes pathways
Transmembrane transport of small
molecules

Glycosphingolipid metabolism
NFkB and MAP kinases activation
mediated by TLR4 signaling
repertoire

Signaling by the B Cell Receptor
(BCR)

35/4725
35/4725
35/4725
71/4725

36/4725
41/4725

104/4725
35/4725

74/4725
116/4725
33/4725
52/4725
37/4725
37/4725
38/4725
67/4725
34/4725
37/4725
20/4725
20/4725
45/4725
45/4725
45/4725
45/4725

43/4725
43/4725

35/4725
36/4725
37/4725

52/4725
108/4725

19/4725
40/4725

78/4725

48/13397
48/13397
48/13397
121/13397

50/13397
60/13397

196/13397
49/13397

130/13397

226/13397
46/13397
84/13397
54/13397
54/13397
56/13397
117/13397
49/13397
55/13397
24/13397
24/13397
72/13397
72/13397
72/13397
72/13397

68/13397
68/13397

52/13397
54/13397
56/13397

87/13397
215/13397

23/13397
63/13397

146/13397

1.14x1077
1.14x1077
1.14x1077
1.15x1077

1.28x1077
1.81x1077

2.17x1077
2.65x1077

3.41x1077
4.48x1077
4.96x1077
5.58x10~7
6.48x1077
6.48x10~7
6.71x1077
8.99x10~7
1.17x107°
1.31x107°
1.80x107
1.80x107°
2.19x107°
2.19x1076
2.19x10°°
2.19x10°°

2.34x107°
2.34x10°°

2.48x107°
2.52x107°
2.55x107°

2.58x107°
4.08x107°

4.29x107°
4.52x107°

4.90x107°

2.25x107°
2.25x107°
2.25x107°
2.25x1076

2.46x107°
3.39x10°°

3.98x107°
4.74x107°

5.98x10°°
7.69x107°
8.34x107°
9.20x10°°
1.03x107°
1.03x107°
1.04x107°
1.37x107°
1.75x107°
1.92x107°
2.56x107>
2.56x107°
2.91x107°
2.91x107°
2.91x107°
2.91x107°

3.01x107°
3.01x107°

3.13x107°
3.13x107°
3.13x107°

3.13x107°
4.87x107>

5.05x107>
5.25x107°

5.60x107°
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975155
168181
69202

177929

975138

437239
174178

174154
69656
168138
1433557
917937
1643713
71291

449147
381070

975871

168142

390918
202733

199992

421837

176814

176409

174184

381119
68867

1445148

445144
400685
70326
372790
198753
1483206
416572

2206302

MyD88 dependent cascade
initiated on endosome

Toll Like Receptor 7/8 (TLR7/8)
Cascade

Cyclin E associated events during
G1/S transition

Signaling by EGFR

TRAF6 mediated induction of
NFkB and MAP kinases upon
TLR7/8 or 9 activation
Recycling pathway of L1
APC/C:Cdhl mediated
degradation of Cdc20 and other
APC/C:Cdh1 targeted proteins in
late mitosis/early G1
APC/C:Cdc20 mediated
degradation of Securin

Cyclin A:Cdk2-associated events at
S phase entry

Toll Like Receptor 9 (TLRY)
Cascade

Signaling by SCF-KIT

Iron uptake and transport
Signaling by EGFR in Cancer
Metabolism of amino acids and
derivatives

Signaling by Interleukins
Activation of Chaperones by
IRElalpha

MyDa88 cascade initiated on
plasma membrane

Toll Like Receptor 10 (TLR10)
Cascade

Peroxisomal lipid metabolism
Cell surface interactions at the
vascular wall

trans-Golgi Network Vesicle
Budding

Clathrin derived vesicle budding
Activation of APC/C and
APC/C:Cdc20 mediated
degradation of mitotic proteins
APC/C:Cdc20 mediated
degradation of mitotic proteins
Cdc20:Phospho-APC/C mediated
degradation of Cyclin A
Unfolded Protein Response
Assembly of the pre-replicative
complex

Translocation of GLUT4 to the
Plasma Membrane

Signal transduction by L1
Sema4D in semaphorin signaling
Glucose metabolism

Signaling by GPCR

ERK/MAPK targets
Glycerophospholipid biosynthesis
Sema4D induced cell migration
and growth-cone collapse

MPS I - Hurler syndrome

43/4725
43/4725
37/4725
62/4725
42/4725

24/4725
38/4725

37/4725
37/4725
43/4725
49/4725
21/4725
62/4725
72/4725

53/4725
30/4725

40/4725
40/4725

15/4725
39/4725

32/4725
32/4725
37/4725
37/4725
37/4725

36/4725
35/4725

33/4725

19/4725
19/4725
32/4725
132/4725
15/4725
34/4725
16/4725

39/4725

70/13397
70/13397
58/13397
112/13397
69/13397

33/13397
61/13397

59/13397
59/13397
72/13397
85/13397
28/13397
114/13397
138/13397

95/13397
46/13397

67/13397
67/13397

18/13397
65/13397

51/13397
51/13397
62/13397
62/13397
62/13397

60/13397
58/13397

54/13397

26/13397
26/13397
52/13397
288/13397
19/13397
57/13397
21/13397

68/13397

7.01x107°
7.01x107°
8.75x107°
1.02x107°

1.24x107°

1.27x107°
1.49x107°

1.55x107°
1.55x107°
1.92x107°
2.00x107°
2.08x107°
2.16x107°
3.22x107°

3.29x107°
3.32x107°

3.77x107°
3.77x107°

3.94x107°
4.01x107°>

5.71x107°
5.71x107°
7.39x107°
7.39x107°
7.39x107°

7.87x107°
8.36x107>

9.35x107°

9.50x107°
9.50x107°
9.84x107°
1.21x1074
1.26x107%
1.45x1074
1.55x1074

1.59x1074

7.80x1073
7.80x107>
9.62x1073
1.11x1074

1.33x1074

1.34x1074
1.56x107%

1.58x1074
1.58x1074
1.93x1074

1.98x1074
2.04x107*
2.09x107*
3.05x1074

3.07x107%
3.07x107%

3.37x107%
3.37x107%

3.49x107%
3.51x107%

4.90x1074
4.90x1074
6.15x107%
6.15x1074
6.15x107%

6.49x107%
6.82x107%

7.53x107%

7.53x1074
7.53x1074
7.72x1074
9.39x107*
9.70x107*
1.08x1073
1.08x1073

1.08x1073
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2206296
2206307
2206282
2206291
2206305
2206290
2206308
2206280
2206285

2206292

2206281

1630316
164952

381038

77387
196025
190873
168180

2132295
622312
983168

69304
69300

69052

68949
917977

190236
1226099
877300
844456
163210

176408

74752
535734

373760
216083
109607
73887
445355
913531
1236973

168643

909733
174143

MPS II - Hunter syndrome

MPS IIIA - Sanfilippo syndrome A
MPS IIIB - Sanfilippo syndrome B
MPS IIIC - Sanfilippo syndrome C
MPS IIID - Sanfilippo syndrome D
MPS IV - Morquio syndrome A
MPS IV - Morquio syndrome B
MPS IX - Natowicz syndrome
MPS VI - Maroteaux-Lamy
syndrome

MPS VII - Sly syndrome
Mucopolysaccharidoses
Glycosaminoglycan metabolism
The role of Nef in HIV-1
replication and disease
pathogenesis

Activation of Chaperone Genes by
XBP1(S)

Insulin receptor recycling
Formation of annular gap junctions
Gap junction degradation

TRAF6 Mediated Induction of
proinflammatory cytokines

MHC class II antigen presentation
Inflammasomes

Antigen processing: Ubiquitination
& Proteasome degradation
Regulation of DNA replication
Removal of licensing factors from
origins

Switching of origins to a
post-replicative state

Orcl removal from chromatin
Transferrin endocytosis and
recycling

Signaling by FGFR

Signaling by FGFR in disease
Interferon gamma signaling

The NLRP3 inflammasome
Formation of ATP by chemiosmotic
coupling

Regulation of APC/C activators
between G1/S and early anaphase
Signaling by Insulin receptor
Fatty acid, triacylglycerol, and
ketone body metabolism

L1CAM interactions

Integrin cell surface interactions
Extrinsic Pathway for Apoptosis
Death Receptor Signalling
Smooth Muscle Contraction
Interferon Signaling
Cross-presentation of particulate
exogenous antigens (phagosomes)
Nucleotide-binding domain,
leucine rich repeat containing
receptor (NLR) signaling pathways
Interferon alpha/beta signaling
APC/C-mediated degradation of
cell cycle proteins

39/4725
39/4725
39/4725
39/4725
39/4725
39/4725
39/4725
39/4725
39/4725

39/4725
39/4725
39/4725
18/4725

27/4725

13/4725
8/4725
8/4725

33/4725

47/4725
14/4725
85/4725

36/4725
36/4725

36/4725

36/4725
15/4725

51/4725
57/4725
34/4725
11/4725
11/4725

37/4725

41/4725
51/4725

36/4725
28/4725
9/4725
9/4725
13/4725
67/4725
7/4725

29/4725

29/4725
38/4725

68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*

68/13397  1.59x107*
68/13397  1.59x107*
68/13397  1.59x107*
25/13397  1.99x107*

43/13397  2.12x107%

16/13397  2.22x107*
8/13397 2.38x107*
8/13397 2.38x107*
56/13397  2.50x107*

87/13397  2.53x107*
18/13397  2.85x107*
177/13397  3.00x107*

63/13397  3.11x107*
63/13397  3.11x107*

63/13397  3.11x107*

63/13397  3.11x107*
20/13397  3.39x107*

97/13397  3.41x107*
111/13397  3.53x1074
59/13397  3.65x107*
13/13397  3.73x107%
13/13397  3.73x107%

66/13397  4.32x107*

75/13397  4.43x107*
98/13397  4.70x107*

64/13397  4.71x107*
47/13397  5.68x1074
10/13397  5.74x107%
10/13397  5.74x107%
17/13397  6.36x107%
137/13397  6.73x107%

7/13397 6.77x107*

50/13397  8.40x107*

50/13397 8.40x1074
70/13397 8.47x1074

1.08x1073
1.08x1073
1.08x1073
1.08x1073
1.08x1073
1.08x1073
1.08x1073
1.08x1073
1.08x1073

1.08x1073
1.08x1073
1.08x1073
1.34x1073

1.41x1073

1.46x1073
1.55x1073
1.55x1073
1.61x1073

1.62x1073
1.81x1073
1.89x1073

1.90x1073
1.90x1073

1.90x1073

1.90x1073
2.05x1073

2.05x1073
2.11x1073
2.16x1073
2.18x1073
2.18x1073

2.51x1073

2.55x1073
2.68x1073

2.68x1073
3.20x1073
3.20x1073
3.20x1073
3.52x1073
3.67x1073
3.67x1073

4.47x1073

4.47x1073
4.47x1073
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453276
425407

500792
1679131

71406

166658
977606
211859
190333

432720
71403
1474244
198725
444473
196807
390247

2172127

Regulation of mitotic cell cycle
SLC-mediated transmembrane
transport

GPCR ligand binding

Trafficking and processing of
endosomal TLR

Pyruvate metabolism and Citric
Acid (TCA) cycle

Complement cascade

Regulation of Complement cascade
Biological oxidations
Downstream signaling of activated
FGFR

Lysosome Vesicle Biogenesis
Citric acid cycle (TCA cycle)
Extracellular matrix organization
Nuclear Events (kinase and
transcription factor activation)
Formyl peptide receptors bind
formyl peptides and many other
ligands

Nicotinate metabolism
Beta-oxidation of very long chain
fatty acids

DAP12 interactions

38/4725

70/13397

60/4725 122/13397

65/4725  134/13397

11/4725
23/4725

12/4725
8/4725
32/4725

45/4725

14/4725
14/4725
18/4725
15/4725

6/4725

6/4725
6/4725

14/13397
38/13397

16/13397
9/13397
58/13397
88/13397

20/13397
20/13397
28/13397
22/13397

6/13397

6/13397
6/13397

51/4725 103/13397

8.47x107%
1.05x1073

1.05x1073
1.18x1073

1.29x1073

1.40x1073
1.47x1073
1.48x1073
1.58x1073

1.64x1073
1.64x1073
1.64x1073
1.69x1073
1.92x1073
1.92x1073
1.92x1073

2.00x1073

4.47x1073
5.49x1073

5.49x1073
6.14x1073

6.64x1073

7.16x1073
7.50x1073
7.50x1073
7.93x1073

8.11x1073
8.11x1073
8.11x1073
8.30x1073
9.26x1073
9.26x1073
9.26x1073

9.57x1073

Table 3: Reactome pathway enrichment analysis on the correlated genes in B-cells and
monocytes. GeneRatio: over-represented genes in genes tested in each cell type. BgRatio: a ratio
of genes in a pathway and background. gvalue: adjusted p-value by FDR.

Pathway ID Description GeneRatio  BgRatio pvalue qvalue

B-cells

156842 Eukaryotic Translation Elongation 61/1867 95/5654 1.38x10~7 1.38x1077

72689 Formation of a pool of free 40S 60/1867  94/5654 1.38x1077 1.38x1077
subunits

157279 3’ -UTR-mediated translational 61/1867  97/5654 1.38x1077 1.38x1077
regulation

156827 L13a-mediated translational 61/1867 97/5654 1.38x10~7 1.38x1077
silencing of Ceruloplasmin
expression

156902 Peptide chain elongation 58/1867  91/5654 1.38x1077 1.38x1077

72764 Eukaryotic Translation 58/1867 91/5654 1.38x1077 1.38x1077
Termination

72706 GTP hydrolysis and joining of the 61/1867 98/5654  1.85x1077  1.85x1077
60S ribosomal subunit

975956 Nonsense Mediated Decay 58/1867  92/5654  2.09x1077  2.09x1077
Independent of the Exon Junction
Complex

72737 Cap-dependent Translation 61/1867  99/5654  2.53x1077  2.53x1077
Initiation

72613 Eukaryotic Translation Initiation 61/1867 99/5654  2.53x1077  2.53x1077

532600 Metabolism of RNA 82/1867  147/5654  4.2x1077  4.2x107/

447010 Metabolism of mRNA 78/1867  138/5654  4.2x1077  4.2x1077

1799339 SRP-dependent cotranslational 59/1867 97/5654 7x1077 7x1077
protein targeting to membrane

927802 Nonsense-Mediated Decay 60/1867  100/5654 9.76x1077  9.76x1077

975957 Nonsense Mediated Decay 60/1867  100/5654 9.76x10~7 9.76x1077
Enhanced by the Exon Junction
Complex

72766 Translation 65/1867  112/5654 1.51x107® 1.51x107¢

392499 Metabolism of proteins 96/1867  193/5654 3.02x107>  3.02x107°
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1643685
Monocytes
392499
163200

74160
1430728

Disease

Metabolism of proteins
Respiratory electron transport,
ATP synthesis by chemiosmotic
coupling, and heat production by
uncoupling proteins.

Gene Expression
Metabolism

113/1867

86/1641
35/1641

111/1641
219/1641

257/5654

167/4725
55/4725

231/4725
508/4725

4.5x1073

3.61x1073
3.61x1073

3.61x1073
4.35x1073

4.5x1073

3.61x1073
3.61x1073

3.61x1073
4.35x1073

Table 4: HLA imputation summary. Alleles: The number of alleles available to impute with HLA*IMP.
Alleles imputed: alleles predicted in the volunteer population. Chromosome call rate: the number
of chromosome in the volunteer population imputed after >0.7 cutoff. PPV: positive predicted
value (accuracy), Call rate: call rate including the reference and the inference data (the volunteer

population).

digit HLA Allele Alleles imputed Chromosome PPV Call rate
call rate

2 A 17 15 98.93 0.97 0.96
B 25 24 98.94 0.97 0.98

C 13 13 99.29 0.98 1.00

DQA1 5 5 99.47 1.00 1.00
DQBI1 5 5 100.00 0.99 1.00
DRB1 13 12 99.29 0.99 0.99

4 A 27 22 95.94 0.97 0.95
B 47 38 98.23 0.96 0.98

C 21 19 98.94 0.98 0.99

DQA1 7 7 97.70 0.98 1.00
DQBI1 18 16 99.82 0.97 0.99
DRBI1 34 30 88.69 0.94 0.92
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Figure 1: HLA-DQA1 (A) and HLA-DRB1 (B) association to ARHGAP24 and RPL34 trans eQTL gene expression. Homozygous genotypes of the eQTL SNPs and
4-digit resolution of HLA-DQA1 and HLA-DRBI1 are plotted based on the gene expression in B-cells and monocytes.
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Figure 2: HLA-DQBI1 association to AOAH, ARHGAP24, RPL34 and DEF8 trans eQTL gene expression. Homozygous genotypes of the eQTL SNPs and HLA-DQB1
in 4-digit for AOAH and DEF8 and 2-digit for ARHGAP24 and RPL34 are plotted based on the gene expression in B-cells and monocytes.
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Figure 3: HLA-C (top) and -B (bottom) alleles in 2-digit resolution associated with PSORS1C3
expression with eQTL SNP rs17198616 homozygous genotypes. Expression of PSRRS1C3 in B-
cells with HLA-C*3 (p=3.59x1071%) and HLA-B*40 (3.79x10~°) are significant.
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Table 5: List of HLA allele association in cis in monocytes (mono) and B-cells (bcell).

Gene REFSEQ_ID HLA Cell.type t.stat p.value FDR
PSORSIC3 NR_026816 HLA-C*3 B-cell 8.22 7.91x107 > 7.02x10° 1!
HLA-B*40  B-cell 5.92 9.42x107° 3.14x107°
HLA-B*15  B-cell 435 1.93x107> 1.55x1072
VARS?2 NM_020442 HLA-C*7 shared (mono) -6.93 2.90x107''  1.29x1077
shared (B-cell) -5.61  4.85x107%  1.43x107%
HLA-DRB1*3 shared (mono) -5.40 1.45x1077 2.86x107*
shared (B-cell) -4.52  9.02x107%  9.42x1073
HLA-B*8 shared (mono) -5.32  2.15x1077  3.69x107%
shared (B-cell) -4.34 1.96x107>  1.55x1072
HLA-C*5 mono 444  1.32x107°  1.12x1072
HLA-DQBI1*2 mono -4.04 7.02x107°  4.35x1072
HLA-DQAI*5 mono -4.01 7.89x107° 4.62x1072
LST1 NM_007161 HLA-C*5 mono -6.52  3.24x107'0  1.15x107°
LST1 NM_205839 HLA-A*33 B-cell 478  2.89x107® 3.91x1073
ZFP57 XM_294093 HLA-B*8 B-cell 5.58  5.60x107® 1.57x107%
HLA-A*1 shared (mono) 4.89  1.70x107® 1.93x1073
shared (B-cell) 4.75  3.29x107® 3.98x1073
HLA-A*23 mono 4.01 7.84x107°  4.62x107?
MDC1 NM_014641 HLA-A*30  B-cell 5.23  3.41x107  7.90x107*
HLA-DOB NM_002120 HLA-DRB1*1 mono -5.17  4.51x1077  6.86x107*
HLA-DQBI*5 mono -4.47  1.13x107°  9.84x1073
NCR3 NM_147130 HLA-C*8 B-cell -5.05  7.83x1077 1.60x1073
HLA-B*14  B-cell -498 1.10x107® 1.95x1073
HLA-F NM_001098479  HLA-A*11  B-cell 492  1.49x10°° 2.47x1073
HLA-A*26  mono -4.89 1.67x107° 1.93x1073
HLA-A*2 mono -4.25  2.96x107°  2.19x1072
HIST1H3I NM_003533 HLA-C*7 B-cell 471  3.87x107® 4.58x1073
HLA-B*51 B-cell -4.63 5.52x107°®  6.39x1073
PSMB9 NM_002800 HLA-C*16  mono -455 7.89x10°¢ 7.37x1073
HLA-DRB1*7  B-cell -4.55  8.04x107® 8.85x1073
HLA-DQA1*2  B-cell -4.53  8.89x107® 9.42x1073
ATP6V1G2 NM_130463 HLA-DQAI1*5 mono 444  1.31x107° 1.12x1072
HLA-DPBI NM_002121 HLA-DRB1*3 shared (mono) 4.35  1.92x107>  1.47x1072
shared (B-cell) 4.27  2.67x107>  2.06x1072
TAP2 NM_018833 HLA-DRBI*1 mono 413  4.72x107°>  3.35x1072
IER3 NM_003897 HLA-B*8 mono 411 5.16x107°> 3.57x1072
OR10C1 NM_013941 HLA-B*53  mono -4.09  5.62x107°  3.70x1072
SKIV2L NM_006929 HLA-C*16  B-cell 407  6.20x107°  4.44x1072
HLA-DPB2 NR_001435 HLA-DRB1*1 B-cell 406  6.26x107°  4.44x1072
ZNRD1 NM_170783 HLA-A*25  mono -4.04 6.85x107°  4.35x1072
PSORS1C2 NM_014069 HLA-B*57  mono -4.04 6.90x107°  4.35x1072
LY6G5C NM_025262 HLA-A*68  mono -3.99  8.45x107° 4.78x1072
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Table 6: Description of the HapMap and the 1000 Genome reference populations. N: numbers of
individuals.

Population Description N
African
ASW HapMap African ancestry from southwest in the USA 61
LWK Luhya from Kenya 97
YRI Yoruban from Nigeria 88
European
CEU Northern and western European ancestry from Utah, USA 85
FIN HapMap Finnish from Finland 93
GBR British from England and Scotland 89
IBS Iberian in Spain 14
TSI Toscan in Italy 98
Southeast Asia
CHB Han Chinese in Beijing, China 97
CHS Han Chinese in South China 100
JPT Japanese from Tokyo, Japan 89
Latin America
CLM Colombian in Medellin, Colombia 60
MXL HapMap Mexican from Los Angeles, California, USA 66
PUR Puerto Rican in Puerto Rico 55
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