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Abstract

Allele Specific Gene Expression in the Major Histocompatibility Complex

Katharine Plant, Jesus College, Oxford

A thesis submitted for the degree of DPhil in Hilary Term 2012

The Major Histocompatibility Complex (MHC) is a highly polymorphic region of the genome located
on chromosome 6p21 in which genetic diversity has been associated with susceptibility to many
autoimmune, infectious and other common diseases. Despite strong associations between disease
and variation in the MHC that have been identified initially from serological testing and more
recently by genome-wide association studies, functional insights into how specific variants may be
altering disease susceptibility remain poorly understood in most cases. It is predicted that gene
expression will play a significant role in the modulation of disease susceptibility and so further
understanding of allele specific gene expression in the MHC will be necessary to help define the
function of disease associated variants in this region.

This thesis aimed to define allele specific gene expression in the MHC by characterising specific
candidate genes together locus-wide approaches in order to try and resolve functional variants.
Gene expression was analysed in both lymphoblastoid cell lines (LCLs) and primary human peripheral
blood mononuclear cells (PBMCs). Data is presented validating a novel haplotype-specific MHC
microarray and fine mapping putative local, likely cis-acting, regulatory variants. This was done by
expression quantitative trait mapping for two cohorts of healthy volunteers. A transcription factor
ZFP57, encoded in the MHC, was found to show significant differential allelic expression relating to
specific single nucleotide polymorphisms (SNPs) and possession of HLA-type. This provided new
insights into reported disease associations, notably HIV-1 infection and cancer. The function of
ZFP57 was further investigated in terms of genome-wide DNA binding sites by ChIP-seq together with
its binding co-factor KAP1.

Allele-specific gene expression was also demonstrated for several classical HLA genes including the
HLA-C and HLA-DQ genes, fine mapping specific putative regulatory variants. This provided new
insights into disease association, notably variants of HLA-DQB1 and susceptibility to leprosy. The
applicability and sensitivity of the technique of RNA sequencing (mRNA-seq) for allele-specific
quantification of gene expression was investigated for different allelic ratios of RNA from LCLs
homozygous for sequence across the MHC. Significant challenges were identified in successful
application of this technique to MHC genes while high levels of accuracy were observed dependent
on read depth in non-MHC genes.

This thesis provides new insights into the extent and nature of allele-specific gene expression in the
MHC, experimental approaches that can be used and insights gained into disease susceptibility for
this important genomic region.
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Chapter 1 - General Introduction

Regulatory genetic variation plays a key role in the differences seen in gene expression throughout

the human population. Much of what was once considered “junk” DNA is now known to be vital in

the regulation of gene expression, including through maintenance of DNA structure or through

affecting recruitment of regulatory proteins or polymerases directly. As Genome-wide Association

Studies (GWAS) have shown, these non-genic, regulatory regions are often found to be disease

associated, particularly in complex traits. Genetic variation in the Major Histocompatibility Complex

(MHC) has been repeatedly implicated in susceptibility to disease, in particular autoimmune

conditions and infectious disease but defining causal variants and mechanisms has been challenging.

Differential gene expression and its regulation in the MHC is therefore likely to be of great

importance in human health and disease, and highlights the need for a greater understanding of how

individual genes and variants could contribute to pathogenesis of disease phenotypes.

This chapter reviews the contribution of genetic variation to regulation of gene expression

regulation, focussing on methods used to determine differential gene expression and their

application to disease. I will assess the role of the MHC in complex disease and how its astonishing

diversity contributes to disease association. I will also attempt to demonstrate how study of genetic

variation and differential gene expression is necessary for further resolution of complex traits

including the many common diseases associated to the MHC.

1.1 Genetic Variation

It has long been established in the field of genetics that possession of particular genetic factors leads

to particular phenotypic traits. Genetic variation is implicated in many diseases as a cause, both

where a single gene is responsible and where many genes have been implicated. An example of a

single disease causing variant sufficient to cause disease is the IT15 gene, encoding Huntingtin, and

Huntingdon’s Disease. If the repeated CAG motif occurs more than 36 times in the IT15 gene clinical

symptoms develop (Roze 2010). Linkage and association studies combined with sequencing of whole

genes, or more recently exomes, has led to identification of many diseases caused by a single gene,
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. Extremely rare variants that confer a low penetrance are difficult to determine

experimentally either through linkage analysis or association studies due to the large sample sizes
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single nucleotide variant (SNV) most
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commonly involves the substitution of one nucleic acid base for another in the sequence. SNVs

occurring in more than 1% of a population are termed single nucleotide polymorphisms (SNPs).

Insertions and deletions (INDELS) range from one base pair to large sections of a gene or

chromosome. Copy number variations (CNVs) have also been implicated in phenotypic variation and

disease, both as coding variants and involving regulatory sequences located away from the gene they

are associated with. Where a whole gene is duplicated or deleted in its entirety, this will usually have

a large effect causing increased or decreased expression of the gene (Stranger 2007, Conrad 2009,

Wain 2009). The sequence variations shown in Figure 1.2 can be applied to much larger sections of

the genome, for example where whole genes are inverted or parts of different chromosomes are

translocated (Knight 2009a).

Figure 1.2: Different types of genetic variation. Redrawn from (Frazer 2009, Knight 2009a)

Genetic variation has many different types and varies from changes that affect only a single

nucleotide to structural changes that alter whole chromosomes. i) Small scale sequence variation is

detailed, in contrast to larger structural events and their detection using ii) comparative genome

hybridisation and iii) in situ hybridisation.
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1.1.2 Functional consequences of genetic variation

Due to degeneracy of the genetic code, not all variants cause changes in the amino acid code. These

variants are known as synonymous or silent mutations. Where a genetic variant causes a change in

the amino acid code, it is known as a non-synonymous substitution or mutation. Evolutionary

pressure selects against deleterious non-synonymous, hence fewer of these mutations are found

than would be expected through chance. Traditionally, research has focussed on non-synonymous

mutations and their role in genetic disease. In recent years however, more emphasis has been

placed on differences in promoter sequences, enhancers, introns and what was once termed “junk”

DNA: the DNA that has no readily explained function (Hudson 2003). These have been implicated in

control of gene expression changes as regulatory sequences; for example transcription of the human

dopamine transporter is affected by intronic enhancer variation (Greenwood and Kelsoe 2003).

Synonymous mutations have also been interrogated as they may not have as “silent” an effect as

previously thought. They have been implicated in changes in mRNA stability and control of splicing,

both of which have disease association (Chamary 2006).

Changes in gene expression levels occur in many diseases, though it is often hard to differentiate

between causal variation driven by genetic differences and that which arises due the disease itself

(Leek and Storey 2007). Regulatory variants may affect gene expression in several ways: for example,

modulation of transcription factor (TF) binding sites, alteration of a promoter or enhancer, or

creation of a de novo promoter or enhancer (Stranger and Dermitzakis 2005). Over the whole

genome, CNVs account for more sequence diversity in terms of total base coverage than SNPs

(Redon 2006). CNVs can affect gene expression a large distance away from the transcription start

site (TSS) of a gene. This may be caused by disruption of enhancer sites and other modulating factors

due to alterations in the structure of the DNA (Stranger 2007).

Study of the effect and incidence of regulatory polymorphisms can be carried out using expression

quantitative trait loci (eQTL) mapping to identify sites of genetic variation associated with gene

expression changes. Regulatory polymorphisms may occur in cis, where a SNP is found close to the

gene it is associated with on the same chromosome, or in trans, where the SNP is located on a
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different chromosome or much further from the associated gene (see Figure 1.3). A trans association

could modulate expression by affecting differential expression of a transcription factor. Thus a

protein encoded on a different chromosome affects the expression of a gene. Alternatively,

interchromosomal configuration could allow interactions between two chromosomes, termed

transvection (Williams 2010).

Figure 1.3: Cis and trans acting variants and their affect on gene expression (Reproduced from

(Cheung and Spielman 2009)) Different allelic forms of either cis or trans acting variants have

different effects on gene expression. The cis example shows an upstream regulatory element

affecting gene expression further downstream. The trans example shows a regulatory variant found

at a distant locus affecting gene expression.

Cis and trans associations have been reported in many different species from single cellular

organisms such as yeast to multicellular organisms like mice and humans (Brem 2002, Cowles 2002,

Pastinen and Hudson 2004, Gibson and Weir 2005, Maston 2006, Ge 2009). Comparison of two

different populations found that Europeans expressed the gene UGT2B17 an average of 22 times

more than Japanese or Chinese individuals. This was linked to a deletion of UGT2B17 in cis that was
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much more common in the Japanese and Chinese populations (Spielman 2007). A trans association

has been demonstrated affecting of human foetal haemoglobin. Human foetal haemoglobin is

regulated by BCL11A, and regulatory variants affecting expression of BCL11A then impact human

foetal haemoglobin (Sankaran 2008). Variants in cis have been more successfully replicated in their

associations with gene expression and have been found more frequently than those in trans

(Stranger 2005). How methodology or sample size limits the discovery of trans variants is still unclear

however further trans associations are predicted to be revealed as techniques improve and sampling

sizes increase as greater experimental power is likely to result in detection of more associations

(Morley 2004, Dixon 2007). A recent study using gene knock-down to validate trans associations and

RNA-seq to validate cis associations has found many previously unreported trans associations

(Cheung 2010).

Alternative splicing, where different mRNA transcripts are created from the same DNA sequence, is

also a heritable genetic trait (Hull 2007, Kwan 2007). Different isoforms created by alternative

splicing are truncated versions of the full length transcript, through exon skipping or multiple

polyadenylation sites, or include normally untranscribed regions through intron retention and

alternative splice sites (Kim 2008). The different isoforms increase diversity of the translated protein

and help modulate gene expression. Different isoforms of transcripts have different stabilities, and

inclusion or exclusion of introns and exons may also lead to premature stop codons that can alter the

rate of mRNA degradation (Kim 2008).

1.1.3 Haplotypes, haplotype blocks and tagging SNPs

Particular alleles or genetic markers found in an individual at one specific area of a chromosome are

referred to as a haplotype. Haplotype structure can be determined for populations, defining alleles

or markers that are likely to be inherited together. This can be due to strong linkage disequilibrium

(LD), or non-random association of alleles, between the markers. Low recombination in an area or

proximity of a recombination hotspot ensures that nearby alleles are frequently co-inherited. As

distance between markers increases across the genome, the LD tends to decrease as the likelihood of

recombination between the two markers becomes higher. Exact LD between markers will be
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affected by the population and chromosome studied; however, due to recombination hotspot

location some SNPs are consistently inherited together. Haplotypes are therefore conserved and

historically preserved within populations, making them important to consider when studying

variation in human genetic markers. Different haplotypes may confer specific advantages or cause

susceptibility to various diseases which gives an insight into the function of the genetic variants

(Gabriel 2002a). For example, a specific haplotype associated with Crohn’s disease (CD) is located

near to immunoregulatory cytokines (found on chromosome 5q31, between IL3 and IL4), implicating

them in disease pathogenesis (Rioux 2001). African population haplotypes have greater diversity

compared to haplotypes found within other populations, consistent with the “Out of Africa” theory

surrounding evolution of the human race. Migrating groups from Africa are thought to have become

genetically isolated in different locations thus allowing population bottle necks to form (Templeton

2002). Diversity could be lost due to specific selective pressures in these locations; however, the

original population they migrated from would not lose genetic variation, and would continue to

accumulate variation.

The MHC on chromosome 6p21 has been considered by many to be a paradigm in the dissection of

haplotypic structure, LD and recombination, as the term haplotype came about to describe “the

combination of individual antigenic [MHC] determinants that are positively controlled by one allele”

(Mungall 2003). It was the first region of the genome to be studied extensively in terms of its LD

(Vandiedonck and Knight 2009). Ancestral or conserved extended haplotypes can extend over the

entirety of the 3.6Mb classical MHC and are particularly common in European populations (Degli-

Esposti 1992, Yunis 2003). This may be due to selection, with striking disease associations reported

(see Section 1.4.6).

“Recombination Hotspots” are locations in the genome where meiotic recombination occurs at a

higher than average frequency. These form boundaries of “haplotype blocks”; genomic areas with

low recombination and strong LD (Daly 2001). In addition to studies on the MHC regarding linkage

and haplotypes, the MHC was also one of the first regions to be studied regarding haplotype

structure due to the previously existing characterisation of familial crossovers (Cullen 1997). With
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this information and analysis of LD over a 200kb region, six hotspots were defined that seemed to

explain all crossovers in the region. These hotspots had similar morphology showing they were non-

random in their location and could define the LD of a region (Jeffreys 2001). The following year,

study of 51 autosomal genomic regions in African, European and Asian populations showed that the

average haplotype block size was 11kb in the African population, and 22kb in the European and Asian

populations (Gabriel 2002a). This also confirmed that haplotypes were commonly shared among the

three populations, but where a unique haplotype was found it predominantly occurred in the African

population. Despite the name of “ancestral haplotypes” used in the context of the MHC, it is clear

that recombination hotspots rather than population history have a greater impact on the LD patterns

seen. A study showed that in three separately arising populations a high divergence in haplotypes

was seen but similar patterns of LD structure occurred (Kauppi 2003).

As further advances in sequencing were made, a set of tagging SNPs for association studies was

suggested. These would be used to define variants for GWAS. Gabriel and colleagues proposed that

between 300,000 and 1,000,000 SNPs would be needed to define the haplotypic diversity in a

population for the purposes of an association study, depending on the population of study (Gabriel

2002a).

1.1.4 The International HapMap Project

With this in mind, the International HapMap Project was launched in 2002. Its aim was to produce a

genome-wide map of one million or more SNPs, found at a frequency of more than 5%, in diverse

populations, to establish haplotypic structure across different human populations (TIHMP 2003). 270

individuals from African (YRI), European (CEU) and Asian (Chinese (CHB) and Japanese (JPT))

populations comprising of either unrelated individuals (CHB/JPT) or parent-child trios (CEU/YRI) were

recruited to Phase I of the HapMap project. This identified more than one million SNPs in 269

individuals and recombination rates and hotspots were identified over the whole genome at an

average of one hotspot per 57kb of sequence (Altshuler 2005). Phase II of the HapMap project led to

identification of more than three million mapped variants using the original 270 individuals (Frazer

2007). This study suggested that for GWAS an informative panel of SNPs for the CEU population
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should be around 500,000, while 1,000,000 would be necessary for an YRI population (Kruglyak 2008)

to accurately reflect common genomic variation. Phase III included seven new populations and 1,184

samples in total from all 11 populations. They were genotyped at 1.6 million common SNPs. 100

10kb regions were sequenced from 692 of the individuals to allow characterisation of lower

frequency variants (Altshuler 2010). This suggested that dense SNP genotyping and imputation in a

well characterised haplotype background could be used to successfully interrogate low frequency

variation.

1.1.5 The 1000 Genomes Project (www.1000genomes.org)

To exhaustively catalogue human genetic variation the 1000 Genome Project was set up in 2008 to

perform whole genome sequencing of multiple individuals (Siva 2008). Pilot data from this project

became available in 2010. In total, 179 individuals were sequenced at low coverage, 2 parent-child

trios were sequenced at high coverage and 697 individuals were sequenced with exome targeting.

Around 15 million SNPs, one million short INDELs and 20,000 larger structural variants were

identified. The majority of variants found were previously unknown and tended to be found in only

one population, likely to be because any novel variant discovered following previous characterisation

was disproportionately rare. It was also predicted that every individual will have 250-300 loss of

function mutations in coding sequences, as well as 50-100 loci that are heterozygous for alleles

associated with inherited diseases (Durbin 2010). The pilot study concluded that over 95% of human

genetic variation was now catalogued, as most common variation had been described. The

production phase of The 1000 Genome Project aims to fully sequence 2500 individuals from 5

different large area populations (Europe, East Asia, South Asia, West Africa, The Americas) at a depth

of 4x, taking a step towards complete description of human genetic variation to help analyse human

evolution and inherited traits. Collection of parent/ child trios will allow the chromosomal phase of

parents to be determined from the child after high density genotyping (Via 2010).

Imputation of genotypes, where genotyped variants are used to infer variants at non-genotyped

locations has been improved by data both from the 1000 Genome and HapMap projects (Altshuler

2010, Durbin 2010). Several algorithms for imputation are now available and can accurately
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determine genotypes when a good-quality genotyping data cohort is available (Hao 2009).

Imputation significantly increases power in GWAS where a good haplotype map for the population

exists as well as helping to define boundaries of significantly associated haplotypes (Anderson 2008).

As sequencing costs fall, and demand for personalised medicine increases, exome and low coverage

whole genome sequencing will become more common. This will identify more rare variants,

especially insertions and deletions, leading to an even more complete understanding of human

genetic variation (Nielsen 2010).

1.1.6 Genome-wide Association Studies (GWAS)

GWAS attempt to locate variants that are important in the development of particular traits by using

sets of SNP markers that define genotypes at particular regions of the genome (Hirschhorn and Daly

2005, Pastinen 2005). Many studies have discovered regions of the genome associated with disease

by comparing cohorts of samples from patients and disease-free controls (van Heel 2007, Lettre and

Rioux 2008). In some cases, particularly earlier candidate gene association studies, findings from

these case-control comparisons were not reproducible and concerns were raised over population

stratification (Hutchison 2004) especially where ethnicity was not taken into account (Marchini 2004,

Wang 2005). This led to large scale GWAS where frequencies of hundreds of thousands of marker

SNPs are compared between case samples and carefully chosen phenotyped controls in an effort to

combat these problems (WTCCC 2007, Barrett 2008). The most well known of these large scale

studies was the first Wellcome Trust Case Control Consortium study (WTCCC), which compared

14,000 case samples from 7 common diseases with 3,000 matched controls that were shared

between the different diseases (WTCCC 2007). The studies have become larger and more exhaustive

as sequence information grows. The second Wellcome Trust Case Control Consortium study

(WTCCC2) investigated associated loci with 13 new diseases as well as the genetics of reading and

maths ability in children, and the pharmacogenetics of statin response. Results of this study are

already emerging, for instance the implication of peptide handling in ankylosing spondylitis patients

carrying the HLA-B*27 haplotype and the identification of new susceptibility loci in Parkinson’s

disease (Evans 2011, IPDGC and Vincent Plagnol 2011). Wellcome Trust Case Control Consortium
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study Three (WTCCC3) will use the same controls and 40,000 further patient samples to study

another four disease conditions; primary biliary cirrhosis, anorexia nervosa, and pre-eclampsia, as

well as host control of HIV-1 and interactions between donor and recipient DNA related to early and

late renal transplant dysfunction (http://www.wtccc.org.uk/ccc3/). GWAS research has also focussed

on the choice of SNPs used for genotyping (Barrett and Cardon 2006), in addition to the number

required for accurate whole genome coverage in a given population (Kruglyak 2008) to maximise

findings of a study.

Generally GWAS have proven informative, identifying new loci and pathways that contribute to

disease. Interestingly, many disease susceptibility loci are shared between different diseases,

particularly in autoimmune diseases. However, effect sizes identified by GWAS have been relatively

small, and explain a minority of heritability. For example, the extensive meta-analysis undertaken on

T1D has not explained all inherited risk despite the identification of more than 50 susceptibility loci

(Bradfield 2011). Larger GWAS studies are allowing greater numbers of variants that affect disease

susceptibility to be identified, especially those with very low frequency, or those that have ever

smaller effect sizes.

One of the best reported successes of GWAS has been the study of Crohn’s Disease. By 2008, more

than 30 loci had been identified from several different studies that showed good concordance

between their results (Barrett 2008, Mathew 2008). Identified genes were involved in a wide range

of immunological processes, but some associations were located in gene deserts. Strikingly, none of

the associations reported had large effect sizes. As sample sizes became larger, power to detect

association increased, with an odds ratio of around 1.5 being detected by initial GWAS and around

1.2 by the meta-analysis. NOD2 was previously known as a susceptibility locus for CD so its

implication by GWAS was unsurprising. However, GWAS has highlighted the role of IL23 signalling

and autophagy in CD (Mathew 2008). The number of loci identified as associated with CD

susceptibility has reached over 70, and this is likely to increase as larger studies take place (Franke

2010). However, predictions show that perhaps only 25-50% genetic of variance can be detected by
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GWAS (see Figure 1.4), suggesting that rarer variants with higher penetrance and other low

frequency variants must exist (see Section 1.2).

Figure 1.4: Cumulative explained genetic variance associated with CD, reproduced from (Franke

2010). The loci are ordered according to overall effect, from larger effect size loci to smaller. Pre-

GWAS associations (NOD2 and IBD5) are coloured black, initial GWAS hits in green, dark blue points

were first identified in meta analysis from 2008 and light blue points were first identified in meta

analysis from 2010. The inset logarithmic graph shows that in an extreme case where 20,000

variants are hypothetically associated with CD, only 50% of variance is explained.

Association of late onset Alzheimer’s Disease and APOE ε4 

ε4, the isoform of ApoE had been associated with late onset Alzheimer’s disease by linkage studies, 

showing that there was a locus associated with familial late onset Alzheimer’s disease located on

chromosome 19 (Pericak-Vance 1991).  Shortly after this finding, it was noted that the APOE ε4 

isoform was significantly enriched in familial Alzheimer’s patients compared to controls and was also

seen in sporadic Alzheimer’s patients (Saunders 1993, Strittmatter 1993a).  APOE ε4 was noted to 

bind to the amyloid β peptide, part of the Aβ dimer in an isoform specific manner (Strittmatter 

1993b).  The Aβ  dimer is the main component of amyloid plaques found in Alzheimer’s patients.  As 

APOE ε4 allele number increased, Alzheimer’s risk increased from 20% to 90%, and age of onset 

decreased from 84 to 68, showing a dosage effect (Corder 1993).  The ε4 isoform is hypothesised to 

alter the clearance and aggregation of Aβ, thus contributing to Alzheimer’s Disease (Kim 2009). 

Despite functional evidence of association, the APOE ε4 allele was neither necessary nor sufficient to 
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cause onset of Alzheimer’s disease, therefore additional genetic variants were determined using

GWAS and candidate gene studies (Waring and Rosenberg 2008). Along with many other

susceptibility loci, rs440638 was identified as being associated with Alzheimer’s Disease, unsurprising

as it was in direct LD with the APOE ε4 variant (Coon 2007).  This association would have been missed 

had rs440638 not been typed on the 502,000 Affymetrix panel of SNPs used in genotyping. This

highlights the limitations of GWAS when using SNP coverage to determine associated loci. While it is

easy to point out near misses when an association in question is documented, how many more must

occur when an association is not previously known?

CD and Alzheimer’s disease show there is still a long way to go before all genetic susceptibility to

complex disease is explained. Deep sequencing of whole genomes to discover new variants and

pinpoint disease related genes could improve this. For example, a recent study has determined the

causative gene in the Mendelian disorder Miller Syndrome by sequencing the whole genomes of a

family of four: two unaffected parents and two affected children (Roach 2010).

Common Disease Common Variant Hypothesis

Following publication of the draft human genome sequence (Lander 2001, Venter 2001) there was an

expectation that association of genetic variants with traits and disease would become common-place

and the heritability of previously undetermined conditions would become apparent (Risch and

Merikangas 1996). The “common disease common variant” (CDCV) hypothesis states that a common

polygenic trait is dependent on possession of particular common variants, i.e. variants that are found

in at least 1% of the human population (Reich and Lander 2001, Schork 2009). However, as GWAS

were carried out common variants were found to play a much smaller role than expected in

heritability of traits, even where much of the overall heritability was found in total (Goldstein 2009).

Most GWAS found many common genetic variants playing a role in heritable risk, where each loci

had a comparatively small effect size (Plomin 2009).

Missing heritability in complex traits has led to questions about the accuracy of the CDCV hypothesis,

suggesting rare variants may play a much larger role than previously expected. Alternatively,
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common variants have such low penetrance or such a small effect that GWAS studies could not

accurately define them (Maher 2008). Another theory to explain missing heritability suggests a

spectrum of different effects at each locus, with both common and rare variants playing a role but

rare variants exerting a larger effect (Manolio 2009). Gene-gene and gene-environment interactions

also make the task of identifying genes underlying these complex traits more difficult (Glazier 2002).

Studies that seek to determine the separate impact of nature and nurture on complex traits are

relatively new, and as yet no definitive analysis has been carried out (Ionita-Laza 2009, Grundberg

2011).

1.1.7 Complexity in heritable determinants of complex traits

Sequence variation, splicing and environmental factors help to explain many complex traits and

diseases; however, it is likely that additional factors also influence these phenotypes. Epigenetic

variation, defined as transfer of information in a heritable manner which does not require an

underlying DNA sequence change, could also be important (Richards 2006). This can encompass

many changes, such as DNA methylation, histone modifications, post-translational modifications and

non-coding RNAs. However, the mechanism of inheritance is currently only well described for

methylation (Bell and Beck 2010). Differences in DNA methylation are associated with schizophrenia

and bipolar symptoms in humans. Additionally, lifetime anti-psychotic drug use was linked

specifically to methylation changes at the MEK1 promoter (Mill 2008). Structure of chromosomes

themselves may also affect genetic regulation; looping of chromosomes bringing regulatory elements

into closer proximity has been shown in cis (Majumder 2008) and there is evidence that this may also

occur in trans (Williams 2010).

The tissue used in a study may also cause bias when investigating genetic determinants of a complex

trait (Heinzen 2008). Tissue specific gene expression and tissue specific splicing have both been

described, in addition to variable responses to environmental stimuli depending on tissue type

(Wang 2008b, Nica 2011). Common regulatory variation is known to act in a cell-type dependent

manner, therefore regulatory variation may be missed if a study does not focus on a suitable tissue

(Dimas 2009). A 2008 study used adipose tissue and blood for expression analysis when investigating
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Body Mass Index (BMI) and obesity. Analysis of gene expression traits in both tissues found more

obesity related biometric traits (such as BMI) in the adipose tissue when compared to the blood

samples, illustrating the importance of matching the tissue to the complex trait being studied

(Emilsson 2008).

1.2 Genetics of Gene Expression

1.2.1 Expression Quantitative Trait Loci (eQTL) Studies

In order understand the functional consequences of genetic variation, eQTL studies have become

more prominent (Franke and Jansen 2009). As many GWAS hits occur in areas of non-coding DNA it

is assumed that these loci play a regulatory role (Manolio 2010). Studies aiming to define genetic

determinants of gene expression have analysed the whole genome using expression microarray and

genotyping arrays (Cheung 2005, Goring 2007). Many loci found by eQTL studies overlap with

disease or other phenotype associated loci thus making them good candidates for further functional

study. However, many of these overlapping loci could be due to coincidence because of strong LD

structure throughout parts of the genome and the abundance of eQTL signals (Nica 2010). Another

difficulty with microarray based eQTL analysis is that SNPs can cause bias in the results if probe

hybridisation is affected (Alberts 2007). The platform used for detection can cause bias; only 30-40%

of transcript detection is conserved across different platforms, whether considered as relative levels

or at an absolute level (Cookson 2009).

RNA sequencing (RNA-seq) may help to overcome these issues and has been employed in two recent

eQTL studies (Montgomery 2010, Pickrell 2010). Both use lymphoblastoid cell lines (LCLs) of

European or African descent extensively analysed by the HapMap project. These studies have found

higher numbers of eQTLs than array based studies and the genome-wide coverage of RNA-seq allows

previously unknown transcripts to be analysed. RNA-seq can be used to directly identify rare

regulatory variants, for example comparing 1000 Genome Project variants with RNA-seq data.

Putative causal SNPs for rare allele-specific expression (ASE) events were identified, with a median of

four identified for each allele-specific event studied (Montgomery 2011).
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1.2.2 Allele-specific expression

One of the most striking examples of allelespecific expression (ASE) is allelic silencing, for example

autosomal silencing (Morison 2005) or X-chromosome inactivation (Plath 2002). Often allele

silencing is mediated by imprinting, particularly in developmental settings where imprinted marks

are passed down in a heritable manner from one or both parents (Reik and Walter 2001, Lewis and

Reik 2006, Kacem and Feil 2009, McEwen and Ferguson-Smith 2010). Often imprinted genes are

found clustered together under control of an imprinting control region (Reik and Walter 2001). Some

of the most commonly cited examples of imprinting are found in a cluster on chromosome 15. Here,

normal gene expression is mediated by differential imprinting depending on the parent of origin.

Two associated syndromes are reported where expression of either an allele from the mother or the

father is lost. In Prader-Willi syndrome a paternal copy of the critical region at chromosome 15

including the SNRPN gene is lost, generally due to a deletion, or in more unusual cases, a structural

rearrangement of the area resulting in loss of epigenetic control (Ledbetter 1981, Buiting 1995). As

the maternal copy is generally imprinted, gene expression is lost and Prader-Willi syndrome

develops. Conversely, Angelman syndrome develops when expression of a maternal allele in the

region is lost. Maternal UBE3A expression is lost through deletion (15q11-q13), mutation or other

translocation (Fang 1999) and the paternal allele is imprinted so expression of UBE3A is completely

stopped, leading to abnormal development (Nicholls 1993).

Imprinting is not the only form of ASE seen in humans. Variable levels of expression of both alleles

have been described for many genes as a phenomenon of normal gene expression (see Figure 1.5),

and have also been observed in other organisms such as mice and maize (Yan 2002, Cheung 2003,

Schadt 2003, Buckland 2004, Knight 2004, Morley 2004). Variable gene expression of different alleles

can also be inherited and can be studied as heritable traits (Darvasi 2003, Monks 2004). In one of the

earliest demonstrations of ASE, 13 different genes with a heterozygous SNP within them were

studied in LCLs derived from individuals in the CEPH families. ASE was seen in 3-30% of LCLs at these

genes (Yan 2002). Because the LCLs used had known pedigrees, the heritability of these expression

traits could be determined to show that ASE was a heritable trait. Primary cells from humans were
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also shown to exhibit ASE in a study analysing RNA from post-mortem brain tissue in 60 individuals

(Bray 2003). Genome-wide studies of allele specific protein-DNA interactions have shown that RNA

polymerase binds differentially at both imprinted genes and for other ASE events (Maynard 2008)

consistent with the hypothesis that SNPs or other genetic variants could be responsible for variation

in expression (Brem 2002, Cheung and Spielman 2002).

Figure 1.5: Allele-specific expression from two chromosomes. Reproduced from (Knight In Press).

The regulatory sequence of the gene is different between 2 alleles and affects the expression of the

gene, for example by affecting the binding of TFs or altering the structure of the chromatin via

histone modifications or the DNA by methylation.

Regulatory polymorphisms that are associated with disease have also been shown to modulate gene

expression, for example the insulin IGF2 variable tandem repeat (INS-IGF2 VNTR) (Knight 2005b).

The INS-IGF2-VNTR is thought to be responsible for variation in levels of proinsulin and insulin in the

thymus, where reduction in expression could reduce self-tolerance and increased autoimmune

responses, increasing T1D susceptibility (Pugliese 1997). Another example of regulatory variation

leading to disease was reported where a SNP between the alpha-globin genes and their upstream

regulatory elements created a new promoter. This new promoter interfered with normal gene

expression and lead to development of thalassemia (De Gobbi 2006).
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1.2.3 Studying allele-specific gene expression

ASE has a great deal of promise in terms of elucidating the effect of regulatory polymorphisms on

gene expression. In a heterozygous individual, studying relative expression of the two different

alleles within a cell has exactly the same conditions and environment so many confounding factors

are removed. This has substantial advantages over using an averaged cell population however does

not resolve the complex genetic background, or each individual cell having a unique expression

pattern (Levsky 2002).

Originally, the measurement of ASE required using a fluorescence based dideoxy-terminator (ddNTP)

for primer extension in a PCR reaction (Yan 2002). This was laborious as each gene had to be

interrogated individually. Further primer extension protocols that determined ASE using either

matrix-assisted laser desorption/ionisation (MALDI) or time-of-flight mass spectrometry (TOF-MS)

were similarly limited by the need for an exonic marker (Knight 2003, Jurinke 2005). Wider scale

analysis of ASE has been carried out using genome-wide microarray analysis, initially in foetal tissue

where an estimated 50% of the 602 genes tested showed evidence of ASE (Lo 2003). Following this

study several others have interrogated a wide range of cell lines and primary tissue for ASE using

array-based technology (Pant 2006, Bjornsson 2008, Dimas 2008, Serre 2008, Verlaan 2009).

These studies show that ASE across the whole genome is thought to occur in around 10-20% of all

genes and is composed of a mixture of modest expression differences between alleles as well as the

monoallelic expression thought to be the result of imprinting. Conducted a couple of years later than

the study by Lo et al., they tended to give lower estimations of genome-wide ASE. This may have

been due to an over-estimation of ASE in the first studies due to the technical challenges associated

with determination of differential expression (Bell and Beck 2009). Custom arrays have striven to

reduce the impact of bias occurring at the PCR amplification stage (Bjornsson 2008) and over time

longer probes have been used to reduce cross-hybridisation that may have impacted the earlier

studies causing the over-estimation. Again, these methods relied upon an exonic SNP to define the

two alleles for analysis. Intronic SNPs found in pre-spliced mRNA have been used for this purpose

but as pre-spliced mRNA is found at a low abundance this is only suitable for analysis of highly
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expressed genes (Pastinen and Hudson 2004, Serre 2008).

A method avoiding the need for a transcribed SNP marker in analysis focusses on the relative

abundance of RNA polymerase on each of the two alleles (Knight 2003). Phosphorylated RNA

polymerase is immunoprecipitated while crosslinked to DNA. The crosslinks are then reversed and

DNA is quantified in an allele-specific manner to determine if the different alleles cause a bias in

polymerase loading, for example by MALDI/ TOF-MS as previously discussed (Knight 2006). In this

technique, termed HaploChIP (haplotype-specific chromatin immunoprecipitation), the marker SNP

used to distinguish the alleles may be up to 2kb away from the gene of interest (Knight 2005a).

HaploChIP can also be used in a genome-wide manner, where RNA polymerase ChIP products are

hybridised to a SNP genotyping array to locate evidence of AS binding (Maynard 2008).

As RNA-seq becomes more affordable and reliable as a technique, it will likely revolutionise the study

of ASE. In combination with genotyping assays it will be possible to determine how expression levels

vary according to allele possession in terms of both variants within a gene and those that are

affecting its expression from a distance (Majewski and Pastinen 2011).

1.2.4 Allele-specific alternative splicing

It has already been noted that alternative splicing creates increased diversity across the whole

genome, adding to phenotypic variety (Blencowe 2006, Moore and Silver 2008). Aberrant regulation

of alternative splicing has been implicated in many human diseases. Variations in alternative splicing

can cause disease, including cancer, and also modulate how severe disease is or the susceptibility to

a disease (Wang and Cooper 2007, Tazi 2009).

Each transcript is unlikely to be capable of being expressed as every possible isoform in every case,

and it has been shown that 6-21% of alternatively spliced genes had varying isoform abundance

depending on the possession of particular alleles (Nembaware 2004). By using Expressed Sequence

Tags (EST), Exon array data and computational identification of likely SNPs to regulate alternative

splicing, a genome-wide picture of allele specific alternative splicing has been generated. This

implies the overall heritability of alternative splicing is greater than that of differential gene

expression and suggests that allele specific splicing is a powerful source of genetic variation
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(Nembaware 2008). Alternative splicing has also been studied over the whole genome using a

second methodology, where genome-wide SNP analysis was combined with expression data from an

exon targeted array (Kwan 2008). LCLs were analysed for isoform-specific expression; it was

estimated that around 50-55% of the variation in gene expression in an individual is isoform based.

The full extent of alternative splicing is debated, especially as a bias based on the exonic probes and

the variation in transcript abundance has been described elsewhere (Sorek 2004, Gaidatzis 2009).

However, other studies have also estimated alternative splicing in the genome and have suggested

that up to 74% of multi-exon genes may be alternatively spliced (Johnson 2003). As with the study of

ASE, next generation sequencing (NGS) should help to solve some of the uncertainty around the

prevalence of alternative splicing and will allow more accurate assessment of how the two

phenomena are linked.

1.3 The MHC

1.3.1 MHC structure and polymorphism

The MHC is found on the short arm of chromosome 6 and is one of the most gene rich regions of the

genome with 224 gene loci and exhibits remarkably high levels of polymorphism (Horton 2004).

Early studies noted this high diversity of sequence in human MHC genes and as early as 1981 it was

suggested that each combination could be unique (Dausset 1981). The classical MHC spans 3.6Mb

and contains three regions where genes that are involved with different aspects of the immune

system are often clustered together according to their roles (Figure 1.6).
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Figure 1.6: Immune related genes encoded on the MHC. Reproduced from (Knight 2009b). The

three regions of the classical MHC are shown in a schematic. Positions of some of the immune

related genes encoded by them are indicated. Various cellular processes that particular genes are

involved in are also indicated.

The MHC has been shown to control the immune response towards particular antigens (Benacerraf

1981), with the class I and class II regions encoding molecules that are important in the presentation

of antigen to T cells (Braciale 1987). Antigen presentation is detailed in Figure 1.7.

The MHC class I region contains the HLA-class I supercluster of the classical MHC genes HLA-A, -B,

and -C, as well as many others and encodes molecules that are associated with presentation to CD8+

T cells. The class II molecules are associated with presentation to CD4+ T cells and are encoded by

the class II region. This cluster contains both classical class II genes, such as HLA-DQA, -DQB and -DR,

that encode α and β chains of cell surface antigen presenting molecules and non-classical class II 

genes that are not expressed on the cell surface. Instead, non-classical class II molecules, such as

HLA-DM and -DO, are involved with intracellular peptide exchange and loading onto the antigen

presenting complexes (Horton 2004). The high polymorphism in these regions involving antigen

presentation is thought to be selected for by the heterozygote advantage, where a more diverse

immune response against infection can be mounted than that from a homozygous individual

(Carrington 1999).
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The MHC class III region is the most dense gene area of the genome with 62 expressed genes (Xie

2003). Many of these are involved in the humoral immune response (Vandiedonck 2004), the stress

and inflammatory responses via the complement cascade, heat shock proteins (Milner and Campbell

1990) and the tumour necrosis factor family and systemic inflammation (Bayley 2004, Vandiedonck

and Knight 2009). The regions either side of class I and class II are referred to as the extended MHC

due to their similar functions and the LD of the region, making the total MHC 7.6Mb in length

(Stephens 1999). The MHC includes many different clusters of genes, such as the zinc finger

supercluster, the histone supercluster, the olfactory-receptor supercluster and the butyrophilin

supercluster (Horton 2004). A summary of pathways the MHC contributes to and the genes involved

is shown in Figure 1.6.

Figure 1.7: Antigen presentation involving the MHC classes I and II proteins. Reproduced from (Roy

2003). The endogenous pathway, involving MHC class I molecules, and the exogenous pathway,

involving MHC class II molecules, are shown in an antigen presenting cell. In the endogenous

pathway, intracellular pathogens such as viruses are broken down by proteasomes and shuttled to

the endoplasmic reticulum by the TAP protein. Antigenic peptides are then displayed on the cell

surface by the MHC class I complexes, formed from proteins encoded in the MHC class I region. In

the exogenous pathway, extracellular pathogens are engulfed by phagosomes and degraded to be

presented at the cell surface by the MHC class II complexes, formed from proteins encoded on the

MHC class II region.
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In addition to genetic diversity presumed to be conferred by the heterozygote advantage, the

presence of rare alleles in the MHC could also be conferring an evolutionary fitness by allowing

presentation of pathogenic peptides that are not represented by more commonly found MHC alleles

(Borghans 2004). This is thought to be important in generation of the high diversity seen in the MHC

class I gene HLA-B (Prugnolle 2005). Both possession of rare alleles and heterozygote advantage are

likely to be influential in maintenance of this diversity; for example, HIV-1 mutates quickly and adapts

to common alleles meaning possession of rarer MHC alleles with the additional increased diversity of

a heterozygote confers an advantage to the host (Carrington 1999, Trachtenberg 2003).

1.3.2 Role in disease and immunity

The MHC was identified as having a crucial role in transplantation via histocompatibility antigens

(Dausset 1972). The role of the MHC in autoimmune disease was first discovered in the 1970s based

on serological testing and subsequently based on association analysis using genetic markers. For

example among Rheumatoid Arthritis (RA) patients particular HLA-DRB1 alleles were identified as

being significant in disease susceptibility (Stastny 1976). The MHC has been implicated in human

disease many times in both Mendelian and complex disorders. This was highlighted by the initial

WTCCC GWAS of seven complex human diseases (see Figure 1.8) when the MHC was associated

strongly with T1D and RA, and less strongly with CD (WTCCC 2007).
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Figure 1.8: Manhattan plots showing association of genomic loci with disease susceptibility.

Reproduced from (WTCCC 2007). The MHC is strongly associated with two complex disease traits

investigated by the WTCCC. Statistically significant SNPs associated with each disease are indicated

at their chromosomal position in green. The strongest associations between the MHC and disease

are seen with the autoimmune conditions T1D and RA, with associations also seen in CD.

Due to the high polymorphism and strong LD in the MHC, specific causal variants have been harder

to define. However the MHC has emerged as the most important risk locus throughout the whole

genome for many autoimmune diseases, notably T1D, Multiple Sclerosis (MS), RA, psoriasis, systemic

lupus erythematosus (SLE) and coeliac disease (Trembath 1997, Sawcer 2002, Aly 2006, Fernando

2008b, Hunt 2008, Chanda 2009, Eleftherohorinou 2009, Jiang 2009, Mathew 2009, Rioux 2009,

Viken 2009).

Many of these diseases, such as T1D and CD have been intensively studied, combining several large

cohorts with meta-analysis and identifying large numbers of susceptibility loci, as previously noted
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(Franke 2010, Bradfield 2011). Other autoimmune diseases associated with the MHC such as SLE

present problems when they are investigated due to low cohort sizes, heterogeneity within a cohort

of patients and treatment complications (Rhodes and Vyse 2008). SLE is not found at high

prevalence, particularly in the European population, thereby affecting the availability of patients to

recruit for a study (Rhodes and Vyse 2010). Despite this, genetic determinants of SLE have been

successfully identified as the incidence of SLE aggregates in families. Monozygotic twins have a

concordance of disease of between 24-57%, compared with 2-5% in dizygotic twins. RA is also

suggested to genetically overlap with SLE, and this may also be the case for many other immune

related diseases (Alarcon-Segovia 2005). The association of the MHC with SLE has been more

precisely defined, implicating loci in all three classes of the MHC as significant in susceptibility to SLE

including HLA-DRB1*0301, alleles of HLA-DRA and TRIM31 (Rioux 2009). Looking at individual

diseases such as SLE in the context of genetic associations could lead the way to personalised

medicine and targeted therapy for these diseases (Rhodes and Vyse 2010), but also for other

immune related conditions where overlapping susceptibilities have been observed.

In general, associations of the MHC with common disease tend to be at a haplotype level. Functional

variants are less commonly described and while GWAS and other studies consistently show the MHC

as being associated with a particular susceptibility, mechanisms for these associations are far from

clear. For example, the particular variants of HLA-DRB1 were linked to susceptibility to RA in the

1970s. A shared epitope theory suggested that the functional variant was a common set of amino

acids in the DRB1 binding groove shared across diseases that were associated with the HLA-DRB1

allele (Gregersen 1987). However, though there is a strong and reproducible genetic association

between RA and possession of this “shared epitope” it is neither necessary nor sufficient for disease

incidence. The full mechanism of disease susceptibility is likely to involve several of the risk loci and

remains unclear even in the “post-GWAS era” (Perricone 2011).

1.3.3 Structural Variants

Antigen presentation clearly plays a role in MHC associated complex disease. Most of the genes

encoding antigen presenting molecules are found within the class II region that is often implicated in
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disease susceptibility. The high genetic diversity in this region in particular allows for differential

peptide binding to the antigenic molecules and was suggested as a mechanism for disease

susceptibility several years before GWAS studies highlighted its likely strong effect (Todd 1988). In

an example of this, MHC molecules that have been associated with MS (HLA-DR) have been shown to

have a particular structure that favours the presentation of shorter parts of antigenic peptides in

contrast to most other classical MHC presenting molecules which present longer peptides. This may

induce disease-causing cross-reactivity by reacting to presentation of an antigen that is not an

immunogen (Jones 2006). Possession of the HLA-B*27 haplotype and peptide handling has also been

linked with ankylosing spondylitis incidence and pathogenesis. Polymorphisms in ERAP1, an

aminopeptidase, also are found to only affect ankylosing spondylitis risk when they are found in

conjunction with the HLA-B*27 allelle (Evans 2011).

1.3.4 Gene expression and the MHC

Since gene expression was defined as a heritable and variable trait, differing levels of gene

expression in the MHC in relation to disease susceptibility have been an area of interest for study. In

LCLs derived from 400 children with asthma. 206 different families showed that genes involved in

the immune response demonstrated highly heritable expression patterns and most variation

associated with this was found within the MHC (Figure 1.9) (Dixon 2007). This implied that gene

expression levels may have as profound an impact on the susceptibility to disease as structural

variation in the MHC (Dixon 2007). Other studies have also implicated gene expression as a

phenotype in the context of disease, making the MHC an attractive target for further study (Cookson

2009).
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Figure 1.9: Gene Ontology Analysis identifies genes that are significantly enriched in heritable

traits. Reproduced from (Dixon, 2007). Manhattan plot showing the logarithm of the odds of linkage

(LOD) of SNPs associated with enriched genes involved in immune response. The MHC shows the

highest number of associated SNPs.

For example, studies of coeliac disease have indicated that both altered peptide binding capacities

and different levels of gene expression could be important in the presentation of a disease

phenotype. The HLA-DQ region in the MHC has long been associated with coeliac disease and is

thought to play a role through antigen presentation (Di Sabatino and Corazza 2009). Variation in the

HLA-DQ region is neither necessary nor sufficient to cause disease. Many of the general population

carry the risk allele, suggesting other loci must also be important, and other immune-related genes

have been implicated in coeliac susceptibility (Hunt 2008). An eQTL analysis of variants affecting

immune-gene expression showed several immune regulatory variants co-localised with coeliac risk

loci (Dubois 2010). Functional variants have yet to be completely defined, however it is clear that

complex disease will have several mechanisms which cause a disease phenotype, and that the

interplay between gene expression and gene function will be crucial to the final phenotype.
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1.3.5 Sequencing the MHC for eight different common disease associated haplotypes

In an effort to better understand the associations of ancestral haplotype with complex disease, the

MHC Haplotype Project was initiated using LCLs homozygous for these haplotypes. The diversity of

the MHC and the similar sequences of several of the genes within it have made defining one

reference sequence for the MHC a challenge. Although the MHC was completely sequenced first in

1999, high levels of variation meant that further sequencing projects by the MHC sequencing

consortium were necessary (Beck 1999). In 2004 two common ancestral haplotypes that are found

in the consanguineous homozygous LCLs COX and PGF were sequenced completely (Stewart 2004).

The PGF LCL was the reference sequence for the human genome sequence and contains the “7.1

ancestral haplotype”, HLA-A3-B7-Cw7-DR15. This haplotype has been previously associated with

protection from T1D, susceptibility to MS and SLE (Barcellos 2003, Larsen and Alper 2004). The COX

LCL contains the “8.1 ancestral haplotype”, HLA-A1-B8-Cw7-DR3, which has been linked to

susceptibility to T1D, SLE, myasthenia gravis, common variable immunodeficiency and several other

diseases including increased susceptibility to infectious disease (Price 1999). The full sequence of the

MHC in the QBL homozygous LCL followed in 2006 (Traherne 2006). In 2008 the full sequence for

eight haplotypes from homozygous LCLs became available through the efforts of the sequencing

consortium, discovering over 44,000 variations between the 8 haplotypes (Horton 2008). An

extensive map of the MHC showing LD and haplotypic structure has also been published, allowing

tagging SNPs for specific haplotypes of the MHC to be identified for use in study of disease

associations (de Bakker 2006).

1.3.6 A haplotype specific MHC gene expression array

Although RNA-seq is becoming more widely used for analysis of gene expression, it remains

expensive, and may be unsuitable for the study of ASE due to mapping bias and lack of sensitivity for

genes with low expression (Degner 2009). Despite eQTL analysis localising regulatory variation over

the MHC these have yet to assess the extended haplotypic nature of the MHC in their design. Most

focus on single regulatory variants rather than co-inherited extended haplotypes that have different

expression properties over a combination of variants. How much an extended haplotype alters the
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expression of genes on the MHC has not been fully addressed. Because of this a novel hybrid tiling/

splice junction array over the entire MHC has been developed in the Knight lab to produce a high

resolution, strand-specific transcriptional map of the MHC (Vandiedonck 2011). Probes for this array

were designed to be allele specific so that ASE could be accurately defined with no confounding

results caused by variants within probes affecting probe hybridisation (Walter 2007). Genes showing

ASE detected by this array will become candidate loci for areas harbouring genetic variants that

modulate gene expression, and thus may possess interesting functional properties. Genes showing

ASE that have previously been associated with disease may prove especially interesting. However,

as the MHC is implicated so strongly in human disease, any gene showing variable expression is

potentially important in terms of a disease or complex phenotypes. This gives an opportunity to

investigate how gene expression affects susceptibility to and severity of disease.

Three LCLs homozygous across the classical MHC (hereafter referred to as “MHC homozygous”) that

had been previously sequenced by the MHC sequencing consortium were analysed using the custom

array, PGF, COX and QBL. All three contained extended haplotypes that had been associated with

autoimmune disease; the PGF and COX LCLs as previously described and the QBL LCL containing the

“18.2 ancestral haplotype”, HLA-A26-B18-Cw5-DR3-DQ2, which is associated with susceptibility to

Grave’s disease and T1D (Johansson 2003).
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1.4 Aims of this thesis

The overall aim of this thesis is to analyse ASE within the MHC and associate the relationship with

complex disease. Specific aims are listed below and are expanded upon in the introduction to each

individual chapter:

1. To validate the results of the MHC haplotype specific array in the analysis of allele specific

gene expression. Specifically, to confirm and validate the incidences of significant allele-

specific gene expression seen between the LCLs analysed using qPCR (Chapter 3). Genes will

be selected that show differential expression and re-analysed using a different method of

gene-expression-level quantification to confirm the ASE between different haplotypes.

These genes will then be investigated in primary peripheral blood cells to confirm the ASE is

not a result of the EBV immortalisation of cells or other artefact (Chapter 3).

2. To functionally characterise candidate loci within the MHC showing evidence of ASE.

Genes that show haplotypic expression both in LCLs and in primary cells will be investigated

to localise the regulatory variants likely to be important in the mediation of the ASE

(Chapters 4 and 5). Where there is little known about the function of these genes, especially

regarding their expression levels, their function will be explored to hypothesise how their

expression levels may be affecting cellular processes. Experiments, including ChIP-seq and

bioinformatic analysis to determine their function will be attempted and the results analysed

in the context of their differential expression (Chapter 4, 5 and 7).

3. To analyse ASE in the context of human disease. Where a previous disease association to

the gene showing ASE is known through GWAS investigations, the likelihood of differential

gene expression contributing to disease will be investigated (Chapters 4 and 5). Where no

known disease association exists or where a known association seems unlikely to be due to

ASE the contribution of differential gene expression to any pathogenic phenotype will be

discussed.
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4. To assess the feasibility of using RNA-seq for the detection of ASE especially in regard to

application for genes in the MHC. As eQTL and GWAS results are analysed further the need

for high depth sequencing to categorise regulatory and causal variants for gene expression to

in turn be associated with complex traits will only increase. The MHC is well documented as

being a susceptibility locus in many complex traits, particularly diseases, and will become

increasingly important to study as further RNA-seq experiments are carried out. Currently

mapping bias in RNA-seq and the highly polymorphic nature of the MHC suggest that a

definitive analysis to confirm both the suitability of RNA-seq for gene expression analysis in

the MHC and the ratios of ASE that can be called with confidence in the MHC and beyond

would be a topical and insightful experiment to perform (Chapter 6).
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Chapter 2 – Methods

This chapter includes details of cell culture and harvesting of RNA and DNA as well as the collection

and processing of a large primary peripheral blood cell collection through the establishment of a

healthy volunteer cohort. Specific experimental techniques such as Western blotting, Fluorescent

Activated Cell Sorting (FACS) and cloning are described. Techniques where specific services or data

analysis has been employed are also detailed. In this chapter, Sigma is the default supplier. Other

manufacturers of chemicals, consumables and instruments are detailed, and full addresses can be

found in the Key to Manufacturers (page xi).

2.1 Cell Culture

2.1.1 LCLs

Epstein-Barr Virus immortalised B cells from the HapMap cell line collection (CEU and YRI lines)

(TIHMP 2003) were obtained from Coriell Cell Repositories. COX, APD, MANN and DBB were

obtained from The International Histocompatibility Working Group

(http://www.ihwg.org/index.html) (IHW, ref 0922, 9291, 9050 and 9052) PGF and QBL were

purchased from ECACC (www.hpacultures.org.uk/collections/ecacc.jsp) (ref 94050342 and

94070713).

Maintenance

LCLs were initially cultured in RPMI-1640 supplemented with 20% FCS (PAA) and 2mM L-Glutamine.

Once cells were established, FCS concentration was reduced to 10%.  Cells were incubated at 37˚C 

with 5% CO2 in a humidified environment. The density of the cells was maintained between 5x105

and 8x105 cells/ml. Frozen cells were stored in aliquots of 1ml containing 5 x 106 cells in 90% FCS

10% DMSO . They were kept in long term storage in liquid nitrogen, having been first brought down

to -80˚C slowly in a sealed polystyrene box.
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2.1.2 HEK cells

Human Embryonic Kidney (HEK) 293 cells were obtained through the generosity of Dr Simon Fisher

(Wellcome Trust Centre for Human Genetics, Oxford, UK).

Maintenance

HEK cells were maintained in DMEM supplemented with 10% FCS and 2mM L-Glutamine. Cells were

incubated at 37˚C with 5% CO2 in a humidified environment. Cells were detached from coated flask

walls with trypsin when confluent and were resuspended at a density of 5x104cells/ml.

A haemocytometer was used where the sample (Trypan blue stain, PBS, and cells to a 10µl volume)

was added to each chamber and live cells counted under a microscope. The results of the two

chambers were averaged to give the cell concentration in suspension after correction for dilution

factors. Alternatively, the Countess machine (Invitrogen) was used following manufacturer’s

instructions. Briefly, a cell suspension was combined with Trypan blue and electronically counted

using specialist counting chamber slides (Invitrogen).

2.1.3 Transfection

HEK cells were transfected using a lipofection-based protocol. Lipofectamine LTX with the Plus

reagent (Invitrogen) was used according to manufacturer’s instructions. Cells were plated in 6-well

plates 24 hours before transfection and 2.5µg endo-free prep plasmid DNA was used per well with

7µl of lipofectamine and 2µl of Plus reagent. Opti-MEM (Gibco) was used as the serum-free media

for transfection. Control cells were treated with Opti-MEM, and lipofectamine LTX with Plus reagent

only. 24 hours following transfection cell lysates were harvested. All other procedures were carried

out as for LCLs.

2.2 RNA and DNA and cell lysate isolation

2.2.1 Harvesting RNA

Total RNA was isolated from the cell culture mid-log phase, 24 hours following feeding. Alternatively,

in the volunteer cohort, total RNA was isolated from purified PBMCs, B cells or monocytes.
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Cell culture

For each biological replicate (BR), a flask containing 200 million cells in 200ml media was split into

unstimulated (RNA harvested at time point=0 hours) and stimulated samples (RNA harvested at time

point=6 hours) (stimuli described below). Cells were centrifuged at 500 x g for 5 minutes, washed in

PBS, lysed in RLT buffer (Qiagen) and stored at -80˚C or immediately processed for RNA extraction.

Cell lysate samples stored in RLT Buffer were homogenised using a 19 gauge needle. RNA was

extracted using the Qiagen RNeasy Midi kit (Qiagen) as described by the manufacturer. Briefly,

ethanol was added to lysed and homogenized samples creating binding conditions for the RNeasy

column. An on-column DNase digestion was carried out, and RNA was eluted using RNase free

water. RNA concentration was determined by spectrophotometry using a NanoDrop ND-1000

(Thermo Scientific) at 260nm and 280nm wavelengths.  RNA was aliquoted and stored at -80˚C.

Stimulation with PMA/ionomycin

PMA/ionomycin stimulation was carried out before harvesting for RNA where appropriate. Cells

were incubated for 6h at 37˚C with 5% CO2 in a humidified environment following addition of PMA

(to a final concentration of 200nM) and ionomycin (to a final concentration of 125nM).

Volunteer cohorts

PBMCs were isolated from the volunteer blood samples as described below. The samples stored in

RLT were homogenised using a Qiashredder (Qiagen) and RNA was purified using the RNeasy Mini Kit

(Qiagen) following the same principles as the Midi kit described previously.

2.2.2 Harvesting gDNA

Cell culture

The Puregene kit for purification of genomic DNA (Qiagen) was used to isolate gDNA from 10 million

cells according to the manufacturer’s instructions. Briefly, cells were resuspended in lysis solution

and were treated with RNase. Proteins were precipitated out of solution and DNA was precipitated

using alcohol. The DNA was dried and then resuspended in TE or water.

Volunteer cohort

gDNA extraction was performed by Miss Seiko Makino. DNA was extracted using the Gentra
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PureGene extraction kit (Qiagen) from 1-2ml of whole blood. The DNA was quantified by PicoGreen

dsDNA quantification assay (Invitrogen).

2.2.3 Isolation of cell and nuclear lysates

Isolation of cell lysate

Cultured cells were washed with PBS, and lysed at a density of 5 million cells/ml (100mM Tris-HCl,

150mM NaCl, 10mM EDTA, 0.2% Triton-X 100 , 1x Protease Inhibition Cocktail (Roche), 1% PMSF) for

10 minutes.  The resulting lysate was collected following centrifugation (16000xg, 4˚C) and stored at -

80˚C.

Isolation of Nuclear Lysate

Isolation of nuclear lysate was performed based on a previously published method (Schreiber 1989).

Cultured cells were washed with cold PBS and lysed using 1ml lysis buffer A (10mM Hepes pH8,

10mM KCl, 0.1mM EDTA, 0.1mM EGTA, 1x Protease Inhibition Cocktail (Roche)) on ice for 10

minutes. 67µl 10% NP-40 (Roche) detergent was added and the sample was vortexed and incubated

on ice for a further 5 minutes.  Nuclei were collected by centrifugation (16000xg, 4˚C) washed in lysis 

buffer and resuspended in three volumes of high-salt cold Nuclear-Lysate-buffer B (20mM Hepes

pH8, 0.4mM KCl, 1mM EDTA, 1mM EGTA, 1x Protease Inhibition Cocktail (Roche)). Concentration

was determined using a NanoDrop ND-1000 Spectrophotometer (Thermo Scientific).

2.3 Applications of RNA and gene expression study

2.3.1 cDNA synthesis

The Superscript III (SSIII) Reverse Transcriptase kit (Invitrogen) was used. In each case, 1-5µg of RNA

in a final volume of 8µl (balance water) was reverse transcribed using random hexamers. RNA,

primers and dNTPs were incubated at 65˚C to denature RNA secondary structure, before addition of 

10XPCR Buffer, 50mM MgCl2, DTT, RNase OUT and Super Script III (SSIII). RT negative samples had

water added instead of SSIII.  The samples were incubated at 50˚C for reverse transcription, and then 

inactivated by heating to 85˚C.  RNase H was added to the samples and they were incubated at 37˚C.  

The final reaction volume of 21µl was diluted with H20 to give 100µl final volume.
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2.3.2 mRNA-seq

Total RNA was submitted to the High-throughput Genomics core at the WTCHG for library

preparation. Quality control (QC) was carried out using the Qubit (Invitrogen) and the Lab 901

Tapestation (Agilent) to confirm concentration and RNA quality (>9 RNA Integrity Number). RNA was

reverse transcribed using OligodT primers and the resulting cDNA was fragmented using chemical

hydrolysis. PCR amplification was carried out, and overly large fragments were removed through size

selection. Final library QC was carried out using the Qubit (Invitrogen), Bioanalyser 2100 (Agilent)

and a qPCR was carried out to determine the exact concentration. Sequencing was carried out using

the GAIIx platform before alignment to the Human Hg37 sequence using Stampy (Lunter and

Goodson 2011). Reference-free mapping was carried out using Cortex (Iqbal 2012).

2.3.3 Quantitative Polymerase Chain Reaction (qPCR)

Icycler qPCR for cell line gene expression analysis

The assay was performed using a Biorad Icycler using 96-well optical plates (BioRad). Each PCR

reaction used the SYBR green mastermix (BioRad), forward and reverse primer at 250nM and

between 25-100ng of cDNA template giving a final reaction volume of 25µl. Primer sequences can be

found in Table A.1. Two or three technical replicates for each sample were performed to reduce

error. Cycling conditions are specified in Section A.2.

A melting curve was determined for all reactions and analysed to ensure the presence of only one

amplification product. Analysis of the reactions was carried out using Biorad IQ5 software. Relative

gene transcript levels were determined using the ΔΔCt method. 

CFCX qPCR for volunteer study gene expression analysis

The assay was performed on the CFCX cycler (BioRad) using 96-well white low-background plates

(BioRad). Each PCR reaction used the SYBR green mastermix (BioRad), a forward and reverse primer

at 250nM and 2 cDNA template giving a final reaction volume of 12.5µl. Reactions were performed

in duplicate to minimise errors. Primer sequences can be found in Table A.1. Cycling conditions are

specified in Section A.2.
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The CFCX software (BioRad) was used to analyse the data and determine melting curves for the PCR

products.  Relative gene transcript levels were determined using the ΔΔCt method.

2.3.4 Rapid Amplification of cDNA Ends (RACE) PCR

The GeneRacer kit with Superscript III and TOPO cloning kit (Invitrogen) was used with minor

modifications. Briefly, 1µg COX RNA was treated by dephosphorylating, decapping and ligating

Generacer RNA Oligo to the mRNA before reverse transcription (for 5’ cDNA preparation) or

beginning at the reverse transcription step (for 3’ cDNA preparation). Touchdown PCR was carried

out using 2µl of the RT template; cycling parameters and primer sequences can be found in Section

A.2 and Table A.2. A re-amplification using 1µl of the initial reaction and the same cycling

parameters was carried out. The final products were analysed by agarose-gel electrophoresis and

visible bands were excised. PCR products were purified by gel extraction using a PCR gel extraction

kit (Qiagen). The TOPO TA cloning kit included in the Generacer kit was used to clone the PCR

products. Briefly, PCR products were ligated into the cloning vector (pCR®4-TOPO®) and used to

transform competent TOP10 E. Coli which were left to recover in Super Optimal broth with

Catabolite repression then grown on Lysogeny Broth (LB) agar plates containing Carbenicillin at

50mg/ml overnight at 37˚C.   

Colonies were picked to inoculate mini-cultures which were incubated overnight at 37˚C with shaking 

in selective LB media. Plasmids were purified using a Spin Miniprep kit (Qiagen) according to the

manufacturer’s instructions. Briefly, plasmid DNA is isolated by size and is bound to a column,

washed and then eluted in a low salt buffer (TE). Miniprep DNA concentration was determined by

NanoDrop as described previously.

2.4 Sanger sequencing

2.4.1 Sequencing PCR

300ng miniprep plasmid DNA was used in the sequencing PCR reaction. The reaction was set up

using 1µl of BigDye premix v3.1 with of 1.5µl BigDye v3.1 Sequencing Buffer (all Invitrogen) and
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3.2pmol of forward or reverse primer in a total volume of 10µl. Cycling parameters can be found in

the Appendix, Section A.2.

2.4.2 Ethanol clean-up

1µl Sodium Acetate pH5.2, 1µl 0.125M EDTA and 25µl 100% ethanol were added to each sequencing

reaction and incubated removed from light at room temperature for 15 minutes. The precipitation

products were centrifuged at 3000x g, 4˚C, for 30 minutes.  The supernatant was removed and each 

pellet was washed with freshly made 70% ethanol and was centrifuged at 1650x g, 4˚C, for 15 

minutes. The final precipitated product pellet was air dried and submitted to Source Bioscience

(Oxford) or the Zoology Department (University of Oxford) for sequencing. Resulting files were

aligned with the web programme ClustalW allignments and Jalview (zeon.well.ox.ac.uk/git-

bin/clustalw.cgi) and sequence quality was checked using BioEdit (Hall 1999).

2.4.3 Sanger sequencing for gDNA genotyping

30ng gDNA was amplified using a 10µl PCR reaction containing 1µl 10x Buffer (Invitogen) 3mM

MgCl2, 0.2mM dNTP (Invitrogen), 250nM primer (each direction) and 1U Platinum Taq (Invitrogen).

Cycling conditions are described in Section A.2 and primer sequences can be found in Table A.4.

2.5µl of the PCR reaction were cleaned using 1µl ExoSAP (GE Healthcare) incubated at 37°c for 15

minutes then inactivated at 85°c for 15 minutes. The full 3.5µl was used for the sequencing PCR

using cycling conditions as previously described, followed by an ethanol precipitation cleanup also as

previously described.

2.5 Western Blotting

Protein concentration of cell lysate samples was ascertained by bicinchoninic acid assay (Thermo

Scientific). Briefly, known standards and samples are incubated with the assay reagents and protein

concentration is quantified using the SoftMax plate reader (Molecular Devices), reading at 562nm.

10µg protein was boiled with Reducing and Sample buffers (Invitrogen) for five minutes in a total

volume of 20µl. Samples and protein pre-stained protein standards (Invitrogen) were run on a



39

NuPage Novex Precast gel (4-12%) (Invitrogen) in MOPS buffer (Invitrogen) for 1 hour at 200V.

Protein was transferred from the gel to a membrane (Millipore) for one hour, 30V using transfer

buffer (Invitrogen). The membrane was washed in TBST and the blocked in 5% Milk (one hour).

Primary antibodies were used at the concentration suggested by the manufacturer in 1% milk and

were incubated overnight at 4˚C with shaking:

i) Rabbit Polyclonal α-ZFP57 (ab50944, Abcam) 

ii) Rabbit Polyclonal α-KAP1 (ab10483, Abcam) 

iii) Mouse monoclonal α-c-Myc (s1826, Clontech) 

To detect the protein, the membrane was washed 3 times in TBST for 10 minutes and the secondary

antibody Donkey α-Rabbit HRP conjugated (ab16284, Abcam) or Sheep α-Mouse HRP conjugated 

(ab6808, Abcam) was added at a dilution of 1:4000 for one hour in 1% milk at room temperature

with shaking. The membrane was washed three times in TBST and the secondary antibody was

detected using Novex ECL reagent (Invitrogen). The blot was visualised using film (Kodak) and the

Compact X4 Automatic Processor (Xograph). If more than one primary antibody was used on one

blot, the membrane was washed in TBST and then stripped for 15 minutes at room temperature

using 5ml ReBlot Plus Stripping Solution (Millipore). The method then continues from the point of

the membrane being blocked in 5% milk for one hour.

2.6 FACS

2.6.1 Staining for cell surface markers

50ml whole blood was used for isolation of PBMCs by ficoll gradient (see below). PBMCs were used

either as a complete cell mixture or 10 million cells were separated using Magnetic-activating cell-

sorting (MACS, Miltenyi) to isolate Monocytes and B-cells (see below). Samples of mixed PBMCs

were surface stained to identify the different cell types using fluorescent-conjugated antibodies:

i) α-CD19-FITC for B-cells (eBioscience) 

ii) α-CD14-PeCy7 for Monocytes (eBioscience) 
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iii) α-CD56-Pe for NK cells (Miltenyi) 

iv) α-CD4-Pe and α-CD8-APC for T cells (eBioscience) 

2.6.2 Staining for ZFP57 expression

One million PBMCS per replicate, and all available purified B-cells and Monocytes per replicate were

fixed and permeabilised for detection of ZFP57 expression.  The primary α-ZFP57 antibody (ab50944, 

Abcam) was detected by a F(ab)2 Donkey α-Rabbit IgG PE-conjugate (eBioscience).  Cells were fixed 

using 1% paraformaldehyde (PFA) and washed with PBS containing 1% FBS and EDTA. The samples

were blocked using Flow-Cytometry Staining-Buffer (eBioscience) at room temperature for 15

minutes before being permeabilised with 0.1% Triton-X 100 in Flow Cytometry Staining Buffer with

the primary antibody in a 1:100 dilution supplemented with 5% normal Rabbit Serum (Invitrogen).

The samples were incubated at room temperature for 30 minutes before being washed with PBS

containing 5% FBS and EDTA. The secondary antibody was introduced in a 1:200 dilution in Flow-

Cytometry Staining-Buffer supplemented with 0.1% Triton-X 100 and was incubated at room

temperature for 20 minutes. Following antibody incubations the cells were washed three times in

PBS with 5% FBS and EDTA and were finally resuspended in 500µl PBS with EDTA and 0.1% PFA for

analysis. Alternatively, following cell surface staining the Fix and Perm Kit (Invitrogen) was used

according to the kit protocol, where the step with addition of reagent B with the antibody was

performed with both the primary and secondary antibodies.

2.6.3 Analysis of protein expression using FACS

Protein expression was then analysed using the 9-colour equipped flow-cytometry machine CyAn-

ADP (Dako) where appropriate gates were introduced to prevent dead cells or cell fragments from

being included in the analysis. A minimum of 10,000 events were included in the analysis. Samples

incubated with secondary antibody only were used as negative controls.
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2.7 Healthy Volunteer Cohort Study

2.7.1 Recruitment

Existing Healthy Volunteer Samples (denoted cohort 1, n=96)

PBMCs were isolated using a Ficoll-Paque (GE Healthcare) gradient and were cultured for 24 hours

before RNA extraction. Samples were collected from healthy volunteers recruited by Dr Ben Fairfax

and Dr Fred Vannberg (Fairfax 2009) and were established and available to the lab prior to 2008, the

commencement of this DPhil project.

New Healthy Volunteer Samples (denoted cohort 2, n=288)

Ethical approval was obtained from the Oxfordshire Research Ethics Committee (ref: 06/Q1605/55)

and informed written consent was obtained from each donor. Volunteers were recruited over a 5

month period in the Oxfordshire area. 50ml whole blood was taken in 10ml EDTA vacutainer blood

tubes (Becton Dickinson) from 288 individuals of European ancestry who were self-reported non-

smokers. An additional 2ml of blood was taken in a 5ml EDTA vacutainer blood tubes (Becton

Dickinson) to enable gDNA purification from whole blood. Sex, age and ethnicity were noted and the

samples were made anonymous. The age of volunteers ranged from 18-62 years with a median age

of 29 years and an average age of 33.1 years (Male 31.1 years, Female 34.6 years).

2.7.2 Cell purification

PBMC purification

Blood samples were taken in the morning, (7.30am-11am). PBMCs were purified as soon as possible

after collection using a Ficoll-Paque (GE Healthcare) gradient. Blood was diluted 1:2 in Hanks

Buffered Saline Solution (HBSS) without Mg2+ or Ca2+ and layered on Ficoll-Paque in falcon tubes. The

falcon tubes were then centrifuged at 400g for 30min at room temperature with no acceleration or

break. The PBMC “buffy coat” layer was aspirated using a Pasteur pipette and was washed twice in

HBSS.  PBMCs were resuspended in RLT buffer and were stored at -80˚C.  

Cell sorting

Magnetic-activating cell-sorting methods (MACS, Miltenyi) were used to positively separate CD14

positive cells (monocyte population) and CD19 positive cells (B cell population) according to the
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manufacturer’s instructions. Briefly, the cells were incubated with magnetic beads pre-coated with a

relevant antibody allowing cells expressing particular cell surface markers to be separated once

bound to the beads over a magnetic column. Following separation the monocytes and B cells were

resuspended in RLT buffer and stored at -80˚C.

2.7.3 Genotyping and haplotype information

Genome-wide genotyping for the volunteer samples (cohort 2) was determined using the Illumina

Infinium high-density genotyping bead arrays (Illumina HumanOmniExpress-12v1.0 Beadchips,

NCBI36 Build) (Illumina) resulting in determination of 733,202 genetic variants. Genotyping was

performed by the Wellcome Trust Centre High Through-put Genetics Group.

Following standard QC (SNPs showing abnormal chip intensities and cluster plots, or those that

deviated from Hardy-Weinberg were removed) 651,210 markers were left for analysis. The average

of the sample call rates was 99.72%. PLINK, the whole genome association analysis toolset was used

for QC and analysis (Purcell 2007). Genotyping results correctly identified the sex of all volunteers.

In order to determine the genetic stratification of our population multidimensional scaling was

calculated with the published HapMap populations (Frazer 2007). The SNP call rate for minor allele

frequency (MAF) at > 5% was set at > 98% and that for MAF between 1 to 5% was set at > 99%. 5

individuals were excluded due to biased heterozygosity caused by a low genotyping rate (sample call

rate 94%) or mixed ethnicity origin. Two samples identified as having a familial relationship by the

pair-wise identity by descent test led to the random exclusion of one from further analysis.

Imputation of the ZFP57 and the HLA-DQ regions was performed using IMPUTE2 (Howie 2009) and

data from the 1000 genomes project (www.1000genomes.org). Co-ordinates (Hg19) used were

chr6:26400239-32199517 for the ZFP57 region and chr6:29600054-35639688 for the HLA-DQ region.

Haplotype Imputation

2-digit and 4-digit HLA haplotypes occurring in the healthy volunteer cohort of 288 individuals were

inferred from the known genotypes. A set of informative SNPs that had been genotyped in the

cohort were selected and used to define known haplotypes in a training data set of around 3000
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samples before being used to define the HLA-haplotypes of the volunteer cohort (Leslie 2008). This

was performed by Dr Stephen Leslie and Dr Alexander Dilthey.

2.7.4 Gene expression and eQTL analysis

Gene expression array

200ng total RNA from monocyte and B-cells from each volunteer sample was submitted for gene

expression array Illumina HumanHT-12 v4 BeadChip platform (Illumina) with 48,804 probes. This was

performed by the Sanger Institute Microarray Service. Background levels in the data were adjusted

using the R packages lumi and limma by the Sanger Institute DNA Services. Raw data was

transformed and normalised by the robust spline normalisation method (RSN) by Dr. Jayachandran

Radhakrishnan. All probes found to map to more than one location (using hg18 BLAST search) were

removed from the analysis. 29022 probes were used to define normalised expression data and of

these 26766 uniquely mapped to 19347 RefSeq genes and 2256 uniquely mapped to Unigene

transcripts.

eQTL data analysis

eQTL analysis was performed using PLINK association tests following a linear model. Significance at a

genome-wide level was taken to be p<5x107 for local likely cis-acting associations (WTCCC 2007).

HLA-DQB1 expression association between the two separate groups was analysed with a “case-

control” format using a χ2 test.

Haplotype construction over genomic areas of interest was carried out using Haploview (Barrett

2005) with the haplotype blocks defined using the confidence interval definition. Manhattan plots

were also generated using Haploview.

Recombination plots were constructed using a script in R available from the BROAD Institute

(http://www.broadinstitute.org/files/shared/diabetes/scandinavs/assocplot.R) (Saxena 2007).
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2.8 Chromatin Immunoprecipitation (ChIP)

2.8.1 Cross-linking material

LCLs were cultured in suspension in a 650ml flask as previously described to a final concentration of

50-100 million cells in 100ml culture volume. DNA and protein were cross-linked by addition of 10ml

formaldehyde buffer (0.1M NaCl, 1mM EDTA, 0.5mM EGTA, 50mM HEPES pH8, 11% formaldehyde)

directly to suspension cell culture medium to give a final formaldehyde concentration of 1%. The

suspension was incubated for 15 minutes as room temperature with rocking. The cross-linking

reaction was quenched by addition of glycine to 0.125M concentration. Cells were pelleted, 500x g,

4˚C, 10 minutes and washed twice in cold PBS-10% FCS.  Pellets were stored at -80˚C or processed 

immediately for sonication.

2.8.2 Nuclei Preparation

10ml of Lysis buffer 1 (50mM Hepes-KOH, pH 7.5, 140mM NaCl, 1mM EDTA, 10% glycerol, 0.5% NP-

40, 0.25% Triton X-100, 1x Complete Protease Inhibitors (Roche)) was added to 50-100 million cells

and cells were incubated at 4˚C for 10 minutes with rocking.  Cells were pelleted at 1000xg (4˚C, 5 

minutes), and were resuspended in Lysis Buffer 2 (10mM Tris-HCl, pH 8.0, 200mM NaCl, 1mM EDTA,

pH 8.0, 0.5mM EGTA, pH 8.0, 1x Complete Protease Inhibitors (Roche)). Cells were again incubated

for 10 minutes at 4˚C.  Nuclei were pelleted at 1000xg (4˚C, 5 minutes), then washed twice in 

Shearing Buffer (1% Sodium Dodecyl Sulfate (SDS), 10mM EDTA and 50mM Tris, pH 8.1, 1x Complete

Protease Inhibitors (Roche)). Nuclei were finally resuspended in Shearing Buffer for sonication

(concentration 3x106cells/ml).

2.8.3 Sonication

Sonication was performed using a Bioruptor™ Twin sonication device (Diagenode) with 1.5ml tubes

according to manufacturer’s instructions. 12 Cycles of 30 seconds on, 30 seconds off at High

Intensity (320W) were used on a volume of 300µl per tube, employing the controlled cooling system

to ensure the sample remained at 4˚C.  Following the initial sonication, the samples were adjusted to 

0.5% Sarkosyl and were incubated at room temperature for 10 minutes with rocking. The samples
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were centrifuged at 10000x g, 4˚C for 10 minutes, in order to remove cell debris.  Sonicated 

chromatin was quantified using a nanodrop as previously described and stored at -80˚C or used 

immediately for ChIP. Fragment size was estimated by visualisation on an agarose gel following

cross-link reversal overnight at 65˚C and phenol-chloroform extraction using Phase Lock Gel Light 2ml 

tubes (5Prime) and was precipitated using ethanol.

2.8.4 Immunoprecipitation and DNA purification

Sheep-raised anti-Rabbit Dynabeads M-280 (Dynal) were incubated overnight at 4˚C with the 

antibody of interest (raised in rabbit) or alone for a no-antibody control. Unbound antibody was

removed by washing the Dynabeads with PBS supplemented with BSA at 5mg/ml. Incubations were

set up using 200µg sheared chromatin, 400µl IP Buffer (10mM Tris HCl pH 8, 1mM EDTA, 2% Triton X-

100, 0.2% sodium deoxycholate, 2x complete PI, 10g/ml pepstatin) made up to 750µl using Tris-

EDTA.  ChIP samples were incubated overnight at 4˚C with rocking.  Before washing, input chromatin 

was removed from the no-antibody control. Beads were washed eight times with Radio-

Immunoprecipitation assay buffer (10mM Tris HCl pH 8, 1mM EDTA, 1% NP-40 (Roche), 0.7% sodium

deoxycholate , 0.5M LiCl , 1x complete PI (Roche)) and once with TE. They were then resuspended in

elution buffer (10mM Tris pH 8, 1mM EDTA, 1% SDS) and incubated at 65˚C for 16 minutes, vortexing 

the tubes every 2 minutes. Samples were centrifuged and the supernatant was removed to a fresh

tube.  Crosslinks were reversed overnight at 65˚C and samples were then treated with Proteinase K 

(Roche) in TE buffer for 2 hours at 55˚C and RNase A (Roche) for 2 hours at 37˚C.  DNA was extracted 

using phenol-chlorophorm with Phase Lock Gel Light 2ml tubes (5Prime) and was precipitated using

ethanol.

qPCR for ChIP was performed on the CFCX machine (BioRad) as previously described with 18S used as

a normalising control for background and levels expressed relative to those observed with ChIP input

DNA (De Gobbi 2006). Primer sequences can be found in Table A.5. Cycling conditions can be found

in Section A.2.
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2.8.5 ChIP-seq sequencing

ChIP-seq material prepared as described was submitted to the High-throughput Genomics Group

(WTCHG) for sequencing. For each cell line antibody-incubated material was submitted with an input

control for comparison. Universal adaptors for amplification were ligated to the material and

amplification was carried out. Size selection was performed to remove fragments of length greater

than 500bp. Library QC was carried out using the Qubit (Invitrogen), Bioanalyser 2100 (Agilent) and a

qPCR was performed to assess the final concentration. Single-lane, single-end sequencing was

performed on the GAIIx platform.

2.8.6 ChIP-seq Data analysis

Sequence alignment was carried out using Bowtie (http://bowtie-bio.sourceforge.net/index/shtml)

(Langmead 2009) to the Human reference sequence (Hg37). Binding sites for the TFs analysed were

defined using 3 separate algorithms, MACS (Zhang 2008), PeakSeq (Rozowsky 2009) and the SPP

pipeline (Kharchenko 2008). All were followed in a standard manner using default settings, and

defining the likely size of sonicated fragments to be 1000bp. An FDR of 5% and a more stringent cut-

off of 1% were used to identify the likely true peaks. Binding-site detection was performed by Dr

Stephen Sansom and Dr Andreas Heger.

2.9 Cloning

2.9.1 Amplification

ZFP57 was amplified from COX cDNA (50ng) using a PCR reaction (1X Hi-Fi Buffer, 3mM MgS04,

0.2mM dNTP, 250nM each primer, 1U High-Fidelity Polymerase (All Invitrogen)) where primers were

designed with a NotI site at the 5’ end of the gene and a KpnI site at the 3’end. Primer sequences

can be found in Table A.3 and cycling conditions can be found in Section A.2. PCR reaction products

were purified using gel extraction. Single bands of around 1650bp, the length of the ZFP57 gene,

were excised using a sterile scalpel. DNA was extracted from the gel bands using a gel extraction kit

(Qiagen) according to the manufacturer’s instructions. Briefly, gel fragments were solubilised in the
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presence of a DNA-binding buffer. DNA was isolated on a column and washed, then eluted in Tris

elution buffer.  Purified gel fragments were incubated with Platinum Taq (Invitrogen) at 72˚C for 15 

minutes to create T-overhangs at the end of the fragments to enable TOPO cloning.

2.9.2 TOPO cloning

Purified gel fragments containing the PCR product of ZFP57 DNA were inserted into the TOPO vector

pCR®II (Invitrogen) and the associated cloning kit according to the instructions of the kit unless stated

otherwise. The ligation reaction used 0.5µl pCR®II TOPO vector mastermix, 3µl PCR product, 0.5µl

Salt solution and was incubated at room temperature for 5 minutes. 2.5µl of the ligation reaction

was added to 50µl of Alpha Select Bronze Efficiency chemically competent E. Coli, (Bioline) and

incubated on ice for 30 minutes. Following this incubation the cells were heat shocked for 30

seconds at 42˚C before being returned to the ice for 2 minutes.  250µl SOC (Invitrogen) was added 

and the cells were incubated at 37˚C with shaking for 1 hour.  After this incubation they were plated 

onto selective LB agar plates supplemented with Kanamycin at 50mg/ml and incubated at 37˚C 

overnight.

The following day, single isolated colonies were picked and grown in 3ml of LB media supplemented

with Kanamycin at 50mg/ml overnight at 37˚C with shaking.  Mini-preps (Qiagen) were carried out on 

2ml of the culture media according to the manufacturer’s instructions. Briefly, E. Coli were pelleted,

resuspended and lysed. Plasmid DNA was captured using a DNA binding column and was washed

with ethanol and eluted in Tris elution buffer. Mini-prep DNA was analysed using restriction digests

to detect plasmids with the correct ZFP57 insertion. Sanger sequencing was used to confirm the

sequence as described.

2.9.3 Cloning into the pML5-Myc vector

pML5-Myc vector and ZFP57 in TOPO were both digested using KpnI and NotI (1µl KpnI-HF, 1µl NotI-

HF 3µl NEB Buffer 4 (all NEB Biolabs), 3µl 10X BSA, water and DNA made up to 25µl to give 30µl total

reaction volume) for 3 hours at 37˚C.  Following digestion reaction were run out on a 1% agarose gel 

for 1 hour at 80V. The linearised vector and the isolated ZFP57 fragment were purified using the gel
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extraction kit (Qiagen) as previously described. The insert and plasmid were ligated in a 15µl

reaction (50ng pML5-Myc linearised, 105ng ZFP57 insert, 1µl T4 ligase (NEB Biolabs), 1.5µl T4 ligase

buffer (NEB Biolabs), made up to 15µl with water) at room temperature for 1 hour. 5µl of the

ligation reaction was used to transform Alpha Select Bronze Efficiency chemically competent E. Coli

as previously described. Cells were plated onto selective plates supplemented with 50mg/ml

Carbenicillin and mini-prep cultures were grown in Carbenicillin selective LB media. Mini-preps and

sequence analysis were carried out as previously described.

Midi-preps of the pML5-Myc-ZFP57 plasmid were carried out using a midi kit with endotoxin-free

buffers (Qiagen) according to the manufacturer’s instructions.
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Chapter 3 - Validation of differential gene expression observed in

MHC-homozygous LCLs

3.1 Introduction

3.1.1 Design of the MHC expression array

As outlined in Chapter 1, the MHC has been difficult to study in terms of gene expression using

conventional microarrays and RNA-seq due to its polymorphism and repetitive structure (Walter 2007).

The custom MHC tiling microarray (hereafter termed the “MHC array”) aimed to overcome these issues

by including alternate allele probes that can be individually selected in order to study gene expression for

different haplotypes (Vandiedonck 2011). The MHC array was designed across 3.5Mb of chromosome 6

and covered 230 known genes, with 2755 exons covered in total. A tiling probe set of overlapping

probes 25 nucleotides in length spanned the whole region on both strands, from chr6: 29,748,239–

33,231,091 (hg18), comprising 398,626 probes in total. Additionally, a set of probes comprising 15,348 in

total were designed against all junction sites for known or predicted splice events in order to monitor

alternative splicing in the MHC class III region, giving an average of 12 probes at every known or

predicted splice junction. Known SNPs according to the current dbSNP release at the time of design

(dbSNP 126) were included, as alternate probes were designed for every SNP or segmental duplication.

Finally, 10,572 probes shared with the Affymetrix Exon 1.0 ST array were included in the design to allow

comparison of the same samples hybridised to another microarray platform.

3.1.2 Validation of Array detection of gene expression and splice junctions

LCLs homozygous across the classical MHC were cultured in standard conditions and RNA harvested

from these LCLs was hybridised to the MHC array and the Affymetrix Exon 1.0 ST array in three biological

replicates. As described in Chapter 1, these LCLs were the PGF, COX and QBL LCLs, chosen due to their

possession of particular ancestral haplotypes (COX HLA-A1-B8-Cw7-DR3; PGF HLA-A3-B7-Cw7-DR15; and

QBL HLA-A26-B18-Cw5-DR3-DQ2) (Horton et al.2008) and association with particular autoimmune

conditions. Differences in signal intensity between replicates were low, giving a Pearson correlation

coefficient value between 0.83 and 0.91. When differences in intensity were observed between the
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LCLs, they were found on both array platforms which suggests a biological cause such as haplotypic

variation rather than inconsistent hybridisation or sample preparation. Differences between signal

intensity for the biological replicates for each cell line were extremely low, giving Pearson correlation

coefficient value between 0.96 and 0.98.

In order to determine whether the alternate probes could be used to successfully discriminate between

different haplotypic backgrounds, the signal intensity of PGF specific probes were compared with those

of COX and QBL specific probes for the PGF RNA samples hybridised to the array. The intensity of the

PGF specific probes was significantly higher, showing that allele specific probes were acting in a selective

manner. Junction specific probes were analysed by comparing the relative quantities of two isoforms of

both the CD79A and CD79B genes using both the array and RT-PCR. In both cases the ratio found

between the longer and shorter isoforms was similar when detected with either method.

3.1.3 Identification of Transcriptionally Active Regions (TARs) in the MHC

Identifying regions of the human genome that are transcribed has been a problem in the past, with gene

prediction programs not exhaustively identifying all transcribed regions and experimental validation

using reverse transcription PCR being time consuming and labour intensive. In contrast to many other

organisms, exons in mammals may be widely spaced between long introns. A tiling array allows this to

be examined over both the sense and antisense strands to determine where transcription is occurring

(Bertone 2004). The signal intensities were smoothed and then overlapping windows of 51 nucleotides

were defined. Any windows with an above-median signal intensity were defined as transcriptionally

active, then overlapping windows were merged together to show the TARs on the sequence. In total, 6%

of the whole 3.5Mb sequence studied was actively transcribed, with 2% of transcription occurring on

sense and antisense strands at the same location, 2% occurring only on the sense strand and 2%

occurring only on the antisense strand (Vandiedonck 2011).

Known genes were determined to be transcribed when at least one TAR occurred in the intragenic

sequence defined by Vega genes. Across the three LCLs analysed over 92% of the known Vega genes,

and over 70% of known pseudogenes, were transcribed (Vandiedonck 2011). The proportion of known

genes transcribed was consistent across the different haplotypes and a schematic showing expression
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over the whole MHC in all three LCLs and as an aggregate is shown in Figure 3.1. A large number of the

TARs however did not map to a location of a known gene, and these were split roughly equally between

sections that appeared close to known genic regions, perhaps indicating previously unknown exons or

other alternative elements, and sections that were located further away from known genes.

Haplotypic expression was defined where expression appeared only in one cell line; 9%, 4.6%, and 11.1%

of the TARs on PGF, COX, and QBL sequences, respectively were expressed only in that cell line

(Vandiedonck 2011). Quantitative differences between the LCLs expression were also interrogated. To

accomplish this, the uniquely mapping probes for each cell line sequence were selected so that no

confounding influence by SNPs could bias the analysis.

Genes showing the greatest fold-changes in expression between the different haplotypes were ranked

starting from the greatest fold-change associated with one particular haplotype. This gave a gene list of

genes expressed in a haplotype-specific manner. In total, 96 genes were deemed to show evidence of

haplotype or ASE, the top 30 of which are shown below in Table 3.1. The most significant differentially

expressed gene was ZFP57 (Figure 3.2).



Figure 3.1: Haplotype-specific gene expression in the MHC. Reproduced from (Vandiedonck , 2011).
expression seen for each gene (blue). Expression in each cell line is represented as pink (PGF), orange (COX) and purple (QB
strand is indicated by a leftward bar and on the sense str

specific gene expression in the MHC. Reproduced from (Vandiedonck , 2011). Expression levels are shown in relation to the minimum
expression seen for each gene (blue). Expression in each cell line is represented as pink (PGF), orange (COX) and purple (QB
strand is indicated by a leftward bar and on the sense strand by a rightward bar.
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s are shown in relation to the minimum
expression seen for each gene (blue). Expression in each cell line is represented as pink (PGF), orange (COX) and purple (QB L). Expression on the anti-sense
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Table 3.1: Variation of gene expression between haplotypes. Reproduced from (Vandiedonck,

2011). Top 30 genes for which expression differed significantly between different haplotypes

analysed using the MHC array. Each gene level intensity value is calculated from uniquely mapping

probes to the relevant haplotype. Pseudogenes are notated by suffix ‘a’ after the gene name. The p-

value was calculated using the Limma package (utilising linear and Bayesian methods) and was

adjusted using the Benjamini-Hochberg correction to control the FDR.

DNase hypersensitivity was also investigated alongside gene expression with the MHC array (Freidin

et al unpublished data), allowing the haplotypic differences in gene expression to be compared to

variation seen between the LCLs in terms of DNase Hypersensitive Sites (DHS) (Figure 3.2). Where

increased gene expression occurs it is often accompanied by an increase in DHSs as the chromatin

has adopted a more relaxed conformation to allow the transcriptional machinery access to the DNA

(Weintraub and Groudine 1976, Elgin 1988).
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Figure 3.2: ZFP57 expression and DNase Hypersensitive Sites. Array data showing transcription of

ZFP57 in COX, QBL and PGF cell lines and DHSs across the 3 cell lines. The transcription intensity

signal generated by uniquely mapping probes to the region in each cell line is shown above the DHS

signal seen in the same region. COX shows higher expression of ZFP57 especially at the 3’ end of the

gene. Increased DHS signal is seen at the 5’ end of ZFP57 in COX suggesting a more open chromatin

structure consistent with active transcription.

3.2 Aims

In this chapter I will seek to validate the haplotype-specific gene expression found using the MHC

custom array for selected genes of interest. Expression in LCLs and primary cells will be analysed to

confirm that the differential expression seen is not an artefact of cell immortalisation. Candidate

genes that have shown differential expression across the MHC in other studies will also be selected

for comparison and I will validate their differential expression in the same manner. Specific aims of

the chapter are:

1. To validate the observed differences in gene expression between LCLs using an independent

methodology, real-time quantitative PCR.

2. To investigate whether differences relate to underlying genetic variation and are present in

primary cells by performing expression-quantitative-trait mapping in peripheral-blood

mononuclear cells (PBMCs) from healthy volunteers.
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3.3 Results

3.3.1 Selection of genes for validation

From the gene list generated by interrogation of the COX, QBL and PGF LCLs using the MHC array

(Table 3.1), five genes were chosen for further analysis to validate the haplotype-specific gene

expression in LCLs. The genes chosen for this purpose were the most significant genes showing

differential expression across the haplotypes that were not pseudogenes. While the MHC array

highlights several genes of potential interest, it seemed prudent to widen the search for functionally

interesting genes with varied expression as only three extended haplotypes were analysed using the

array. Because of this, four additional genes located in the MHC were selected for gene expression

analysis due to their reported association with cis variants on eQTL analysis of genes involved in the

immune response (Dixon 2007) (Table 3.2).

Gene Name Rank from MHC array Source of data

ZFP57 1 MHC array

HLA-DQA2 3 MHC array/ Dixon et al. 2007

HLA-DQB2 4 MHC array

TNF 6 MHC array

HLA-DPB1 7 MHC array

HLA-DQA1 - Dixon et al. 2007

HLA-DQB1 - Dixon et al. 2007

HLA-C 28 MHC array/ Dixon et al. 2007

HLA-DPA1 - Dixon et al. 2007

Table 3.2: Genes chosen for validation of ASE. The top five non-pseudogenes shown to have

differential gene expression between the 3 MHC homozygous cell lines using the MHC custom array

were selected for analysis using qPCR. Four further genes with heritable SNP associations to gene

expression of immune genes (Dixon 2007) were also selected for real-time qPCR analysis. Primer

sequences for gene expression analysis can be found in Table A.1.

3.3.2 Choice of cell type for validation

Expression levels were quantified in the three homozygous LCLs used in the initial array-based study

and in three further EBV transformed LCLs homozygous over the MHC for which full DNA sequence

was available through the MHC Haplotype Project (Horton 2008): APD, DBB and MANN (See Table

3.3).
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Haplotype Length
(bp)

Gaps HLA-A HLA-B HLA-C HLA-DQA1 HLA-DQB1 HLA-DRB1

PGF 4754829 0 A*03010101 B*070201 Cw*07020103 DQA1*010201 DQB1*0602 DRB1*150101

COX 4731878 0 A*01010101 B*080101 Cw*070101 DQA1*050101 DQB1*020101 DRB1*030101

QBL 4249272 5 A*260101 B*180101 Cw*050101 DQA1*050101 DQB1*020101 DRB1*030101
APD 4160965 16 A*01010101 – – – – − 

DBB 2330101 28 A*02010101 – Cw*06020101 DQA1*0201 DQB1*030302 DRB1*070101

MANN 4191014 10 A*290201 B*440301 Cw*160101 DQA1*0201 DQB1*0202 DRB1*070101

Table 3.3: Haplotype sequence length, number of gaps and HLA allele types from the MHC

homozygous LCLs used in the validation of the MHC array. Reproduced from (Horton, 2008).

Sequence length (bp) and number of gaps in each haplotype sequence, together with the HLA gene

types obtained by BLAST against the IMGT/HLA database. Dashes indicate the absence of a gene

owing to a sequence gap.

Additionally, expression levels of all genes selected were measured in PBMCs from healthy

volunteers. This allowed analysis of the genes in non-EBV immortalised cells and for differences in

gene expression to be mapped as a quantitative trait by using a cohort of 96 volunteers. This cohort

was already established within the Knight lab (Fairfax et al. 2010).

3.3.3 Experimental approach

Primers were designed against exon-spanning SNP-free locations in each gene of interest giving a

product of around 100bp in length (for primer sequences see Table A.1 in the Appendix). RT-PCR was

used to analyse cDNA, normalised using the housekeeping genes GAPDH and ACTB. From the cohort

of healthy volunteers gene expression analysis was not possible in all individuals for all genes, and in

some cases genotyping information was unavailable for particular SNPs. The final number of

individuals used in the gene-expression of each gene is indicated in the figure legend. Genome-wide

genotyping of the healthy volunteer cohort and homozygous LCLs at 45,237 SNPs was performed

using the humanCVD bead array (Keating 2008) which covers around 2000 genes implicated in

immune and inflammatory responses at a high density. These genes have specific relevance to

inflammatory disease states, vascular pathology and metabolic disorders. Genotyping over the HLA-C

locus was sparse and Sanger sequencing was performed to genotype a SNP previously associated

with HLA-C expression, rs9264942 (Thomas 2009). Expression-quantitative-trait mapping was

performed by genotype using PLINK (Purcell 2007) with four maximum per-SNP missing genotypes

(GENO 0.1) and MAF 0.03. For each SNP, PLINK generates a phenotypic mean expression for the
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three genotypic states found in the volunteer cohort and compares these means using the Wald test

statistic to generate a P-value. The Wald test does not require that the data fit a normal distribution,

as it uses an estimate of the sample to assess the true value of an association. Thus expression

values can be tested for association without forming a continuous curve. The Vega Genome Browser

(http://vega.sanger.ac.uk/Homo_sapiens/Info/Index) was used to determine the genotype of the

LCLs at various SNPs shown to be most associated with expression of particular genes in the

volunteers.

3.3.4 ZFP57

Expression of ZFP57 as quantified by RT-PCR was found to occur only in the COX cell line and not in

PGF and QBL, consistent with the data from the MHC custom array (Figure 3.3). To investigate this

further, expression of ZFP57 was quantified in PBMCs from 93 healthy volunteers and expression-

associated SNPs mapped using 45,237 SNPs. When analysed using PLINK, this showed a highly

significant association between expression of ZFP57 and rs29228 (p=1.23x10-14), a SNP located 16.8

kb downstream from ZFP57 and found close to the gene MOG (Figure 3.3). The COX cell line is

homozygous for the minor allele at rs29228.

Expression of ZFP57 was quantified in three further LCLs homozygous for the MHC. This showed that

only those homozygous for the minor allele at rs29228 expressed ZFP57 (Figure 3.3). The SNP

rs29228 is also found to be in complete LD with rs3129073, a SNP which was found to be significantly

associated with ZFP57 expression in a separate dataset (p=5.4x10-30), comprising expression in LCLs

established from a familial asthma cohort (Dixon et al. 2007).
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Figure 3.3: Genetic determinants of ZFP57 expression. (i) Expression of ZFP57 in six LCLs

homozygous for the MHC determined by qPCR and normalised against GAPDH. Average expression

from six replicates is shown. Genotype for rs29228 is shown in brackets after the name of the cell

line (Ancestral allele G); (ii) Genome-wide Manhattan Plot showing the association of SNPs with

ZFP57 expression in 93 healthy volunteers. rs29228 (indicated with a larger diamond), located

upstream of neighbouring gene MOG, is found to be highly significantly associated with ZFP57

expression (p=1.2x10-14); (iii) ZFP57 expression by genotype for rs29228 in 93 healthy volunteers

shows differential expression according to genotype when analysed using a Kruskal-Wallis test

(p<0.0001), mean expression for each genotype is indicated by the red bar.

This analysis was repeated using the gene ACTB as the house-keeping gene used in normalisation for

both the LCLs and the healthy volunteer PBMCs. The same SNP rs29228 was identified as being

highly associated with ZFP57 expression in the volunteer cohort (p=9.6x10-19) and expression was

also shown to segregate by genotype of this SNP in the LCLs.
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3.3.5 HLA-DQA2

Expression of HLA-DQA2 was shown to be significantly higher in the PGF cell line than any of the

other LCLs. A peak of association with HLA-DQA2 expression was found within the MHC locus when

association analysis is performed using the volunteer cohort (see Figure 3.4), however these are not

at genome-wide significance (p<5x10-7). The most significantly associated SNP in the MHC to HLA-

DQA2 expression was rs2269423 and there was a significant difference found between mean

expression of HLA-DQA2 according to genotype at this SNP when analysed with a Kruskal-Wallis test

(p=0.0015).

Figure 3.4: Genetic determinants of HLA-DQA2 expression. (i) Expression of HLA-DQA2 in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB. Mean expression from

six replicates is shown. Genotype for rs2269423 is shown in brackets after the name of the cell line

(Ancestral allele C); (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-

DQA2 expression in 89 healthy volunteers; (iii) HLA-DQA2 expression by genotype for rs2269423 in

89 healthy volunteers, mean expression for each genotype is indicated by the red bar.
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3.3.6 HLA-DQB2

Expression of HLA-DQB2 was shown to be significantly higher in the PGF cell line than any of the

other LCLs as predicted by the MHC array. However, the genotype at rs9469220 does not seem to

lead to a difference in expression level in the LCLs. A modest peak of association with HLA-DQB2

expression was found at the MHC, with the most associated SNP being rs9469220, however these are

not at genome-wide significance (Figure 3.5). When expression of HLA-DQB2 in the volunteer cohort

was examined, a significant difference in expression is found according to genotype (p=0.0007 by

Kruskal-Wallis test).

Figure 3.5: Genetic determinants of HLA-DQB2 expression. (i) Expression of HLA-DQB2 in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB. Genotype for

rs9469220 is shown in brackets after the name of the cell line (Ancestral allele A) and mean

expression from six replicates is indicated; (ii) Genome-wide Manhattan Plot showing the association

of SNPs with HLA-DQB2 expression in 94 healthy volunteers; (iii) HLA-DQB2 expression by genotype

for rs9469220 in 94 healthy volunteers, mean expression for each genotype is indicated by the red

bar.
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3.3.7 TNF

Although differential expression of TNF was seen in the healthy volunteer cohort, SNPs around the

MHC region seem not to be any more associated with TNF expression than SNPs over the rest of the

genome (Figure 3.6). SNP rs1150476 found on chromosome 5 was seen to be associated with TNF

expression at genome-wide significance (p=1.38 x 10-8) and may be indicating an association in trans.

When expression by genotype at rs1150476 was investigated, a significant difference is found

(p=0.0158 by Kruskal-Wallis test), however due to the relatively small size of the healthy volunteer

cohort and the low incidence of the SNP it may be a false positive result (Figure 3.6).

Figure 3.6: Genetic determinants of TNF expression. (i) Expression of TNF in LCLs homozygous for

the MHC determined by qPCR and normalised against ACTB, mean expression from six replicates is

indicated; (ii) Genome-wide Manhattan Plot showing the association of SNPs with TNF expression in

94 healthy volunteers. Suggestive association at genome-wide significance is indicated with a blue

line (p=1x10-5), while genome-wide significance (p=5x10-7) is indicated with a red line. (iii) TNF

expression by genotype for rs1150476 (Ancestral allele A), mean expression for each genotype is

indicated by the red bar.
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3.3.8 HLA-DPB1

Gene expression of HLA-DPB1 was found to be highest in the PGF cell line as predicted by the MHC

array results (Figure 3.7). There was no clear association found with expression of HLA-DPB1 and

genetic variation in the MHC. The SNP genotype most associated with differential expression in this

region in the healthy volunteer cohort (rs77465553) did not associate with expression differences in

the LCLs. However, there was a significant difference between gene expression of HLA-DPB1 by

genotype at rs77465553 in the healthy volunteer cohort (see Figure 3.7).

Figure 3.7: Genetic determinants of HLA-DPB1 expression. (i) Expression of HLA-DPB1 in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB, mean expression from

six replicates is indicated. Genotype for rs7746553 is shown in brackets after the name of the cell

line (Ancestral allele C); (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-

DPB1 expression in 94 healthy volunteers. Suggestive association at genome-wide significance is

indicated with a blue line (p=1x10-5). (iii) HLA-DPB1 expression by genotype for rs7746553, mean

expression for each genotype is indicated by the red bar.
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3.3.9 HLA-DQA1

SNPs associated with HLA-DQA1 expression from the volunteer cohort peaked around the MHC,

specifically the HLA-DQA1 locus, although the p values for these associated SNPs were not at

genome-wide significance (Figure 3.8). The most strongly associated SNP to HLA-DQA1 expression in

the volunteers, rs9272346, was found to be associated with a significant change in expression in the

LCLs (p=0.0128 using a Mann-Whitney test that does not assume normal distribution of expression).

The PGF cell line had the highest level of HLA-DQA1 expression, and possesses the rs9272346-GG

genotype that was shown to be associated with higher HLA-DQA1 expression in the volunteers

(p<0.0001 determined by Kruskal-Wallis test) (shown in Figure 3.8).

Figure 3.8: Genetic determinants of HLA-DQA1 expression. (i) Expression of HLA-DQA1 in six LCLs
homozygous for the MHC determined by qPCR and normalised against ACTB, mean expression from
six replicates is indicated (Ancestral allele A). Genotype for rs9272346 is shown in brackets after the
name of the cell line; (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-
DQA1 expression in 89 healthy volunteers. Suggestive association at genome-wide significance is
indicated with a blue line (p=1x10-5). (iii) HLA-DQA1 expression by genotype for rs9272346, mean
expression for each genotype is indicated by the red bar.
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3.3.10 HLA-DQB1

The PGF cell line was shown to have much higher HLA-DQB1 expression than either COX or QBL, and

this was also seen in the results from the MHC array (Figure 3.9). The expression of HLA-DQB1 was

convincingly associated with genetic variation; several SNPs within the MHC were significantly

associated with HLA-DQB1 expression at a genome-wide level when analysed in the healthy

volunteer cohort. The SNP rs1071630 predicts the level of HLA-DQB1 expression with little or no

expression being found in volunteers or LCLs that have the genotype rs1071630-GG. There was a

significant difference in mean expression of HLA-DQB1 between the three different genotypes in the

volunteer cohort when analysed by Kruskal-Wallis test (p<0.0001) (Figure 3.9).

Figure 3.9: Genetic determinants of HLA-DQB1 expression. (i) Expression of HLA-DQB1 in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB. Genotype for

rs1071630 is shown in brackets after the name of the cell line. Mean expression from the six

replicates is indicated; (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-

DQB1 expression in 94 healthy volunteers. Suggestive association at genome-wide significance is

indicated with a blue line (p=1x10-5), while genome-wide significance (p=5x10-7) is indicated with a

red line. (iii) HLA-DQB1 expression by genotype for rs1071630, mean expression for each genotype is

indicated by the red bar.
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3.3.11 HLA-DPA1

As predicted by the results of the MHC array, the PGF cell line was shown to have higher HLA-DPA1

expression than either COX or QBL (Figure 3.10). Study of the volunteer cohort shows SNPs most

associated with expression of HLA-DPA1 were found in trans, however there was some evidence of

weak association of some SNPs on chromosome 6 with HLA-DPA1 expression (shown in Figure 3.10).

The most associated SNP to HLA-DPA1 expression found within the MHC has no samples of the rarer

allele (rs3130342-T) in a homozygous state in the volunteer cohort however this was expected due to

the frequency of the other genotypes. Genotyping information for this SNP was not available for

several of the LCLs. Despite this, there was a significant difference found between the mean

expression of HLA-DPA1 in the volunteers when analysed by Mann-Whitney test (p=0.0033).

Figure 3.10: Genetic determinants of HLA-DPA1 expression. (i) Expression of HLA-DPA1 in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB. Mean expression from

the six replicates is indicated. Genotype for rs9272346 is shown in brackets after the name of the

cell line; (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-DPA1

expression in 89 healthy volunteers. Suggestive association at genome-wide significance is indicated

with a blue line (p=1x10-5). (iii) HLA-DPA1 expression by genotype for rs3130342, mean expression

for each genotype is indicated by the red bar.
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3.3.12 HLA-C

As predicted by the MHC custom array, QBL had higher HLA-C expression than either COX or PGF

(Figure 3.11). Analysis of the healthy volunteer cohort showed that several SNPs within the MHC were

weakly associated with HLA-C expression although there were relatively few SNPs located close to

HLA-C on the HumanCVD array. In view of this, the SNP rs9264942 was genotyped directly by Sanger

sequencing in the LCLs and the volunteer cohort as it had been previously associated with HLA-C cell

surface expression (Thomas 2009). Of the additional LCLs analysed for HLA-C expression, higher

expression was seen in LCLs with the rs9264942-CC genotype, with a significant difference in mean

expression seen between the two groups (p<0.0001 when determined with a T-test using Welch’s

correction). Differential HLA-C expression, summarised in Figure 3.11, was also seen according to

genotype in the volunteer cohort when analysed using the Kruskal-Wallis test (p=0.0481).

Figure 3.11: Genetic determinants of HLA-C expression. (i) Expression of HLA-C in six LCLs

homozygous for the MHC determined by qPCR and normalised against ACTB, mean expression from

the six replicates is indicated. Genotype for rs9272346 is shown in brackets after the name of the cell

line (Ancestral allele C); (ii) Genome-wide Manhattan Plot showing the association of SNPs with HLA-C

expression in 94 healthy volunteers. (iii) HLA-C expression by genotype for rs9264942, a SNP

previously associated with HLA-C cell surface expression. Mean expression for each genotype is

indicated by the red bar.
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3.4 Discussion

3.4.1 Selection of a housekeeping gene

Differential expression was found in all genes investigated with qPCR. There was no discernable

difference in the results of investigation of ZFP57 expression when a different housekeeping gene

was used for normalisation of expression. Cell line expression of ZFP57 normalised to both GAPDH

and ACTB showed the same pattern of expression, segregating by genotype at rs29228. This SNP

was found to be the most associated SNP with ZFP57 expression in the cohort of healthy volunteers

regardless of the gene used in normalisation (with GAPDH p=1.2x10-14, with ACTB p=9.6x10-19). All

other SNPs showing signs of association with ZFP57 expression failed to reach significance at a

genome-wide level when either housekeeping gene was used to normalise gene expression.

Therefore one gene, ACTB, was selected for the purpose of normalising qPCR gene expression data.

While differences in expression of both housekeeping genes have been described previously, these

have generally been associated with alteration of the cell in some way, such as chemical stimulation

(Chang 1998, Thellin 1999). In this case, as unstimulated cell lines and primary cells were analysed,

it was appropriate to use the ACTB housekeeping gene.

3.4.2 Validating differential expression seen in nine MHC genes

The validation of differential expression using qPCR was successful for all five genes investigated

from the custom array. All genes showed evidence of differential expression between LCLs and this

was further investigated by eQTL analysis in primary PBMCs using the healthy volunteer cohort.

Moreover, the expression-associated SNPs for these genes when analysed in the volunteer cohort

were consistent with the observed expression differences in the three additional MHC homozygous

LCLs APD, DBB and MANN studied, where genotyping information was available. The SNPs showing

association with expression were generally found to be local, likely cis-acting variants, however this

is not surprising as a majority of regulatory variants discovered are found to be in cis (Ge 2009).

Although a trans association was seen in the analysis of expression of TNF, the genotype associated

with increased expression had only two samples homozygous for the alternate allele (rs1150474-A).
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The heterozygote samples did not differ significantly from the group homozygous for the reference

(rs1150474-G) with a p value of 0.16 when analysed by t-test using Welch’s Correction to correct for

unequal variance. This may indicate that the association seen here is the result of three outliers

showing higher expression of TNF rather than a genuine trans association. It is likely that in order to

determine trans associations with expression a much larger cohort of samples would be needed

(see Figure A.2) even though they are thought to be as numerous as cis associations (Cheung 2010).

Further validation of the observed cis-associations in a larger independent cohort and fine mapping

using a denser SNP set is also required to further interpret these results and this is explored further

in Chapters 4 and 5.

There was good concordance between expression patterns seen in the MHC homozygous LCLs and

the PBMC samples. All genes selected from the array results for validation of ASE were found to

have variable gene expression levels in the PBMC samples when normalised using ACTB expression

levels. The SNP most associated with these differences in gene expression was also indicative of

relative gene levels in the MHC homozygous LCLs in many cases where a difference in genotype was

found between any of the LCLs. Expression of HLA-DQB2 could not be predicted by genotype in the

MHC homozygous LCLs, however expression of HLA-DQB2 was extremely low and so differences in

expression may not have been as clearly determined as with other genes examined. Genotype

information at rs9469220 was also not available for the APD cell line. The -35 SNP (rs9264942)

previously associated with HLA-C expression (Thomas 2009) was found to be significantly associated

with gene expression in the cohort of healthy volunteers (p=0.01455 at a genome-wide level,

determined by PLINK analysis, p=0.034 determined by Kruskal-Wallis test on genotypes) and was

indicative of a slight increase or decrease in gene expression according to genotype in the MHC

homozygous LCLs.

3.4.3 Advantages of the MHC array

The MHC array avoids several confounding factors traditionally associated with commercial arrays

by taking into account underlying sequence polymorphism. As the array includes a tiling probe set
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across the whole MHC it allows for the discovery of new transcripts as well as splicing variants and

changes in gene expression. The haplo-spliceo-transcriptome is a tantalising area for further

research from both the perspective of ASE and alternative splicing (Graveley 2008) and the MHC

custom array is a significantly improved resource with which to study it in the context of the MHC.

Although RNA-seq would have higher resolution of all allelic differences it remains to be seen how

successful mapping of unknown and highly polymorphic sequences in the MHC can be with RNA-seq

(see Chapter 6) and it is still an extremely costly methodology. The MHC array gives a more cost-

effective means for analysing gene expression and can be used to also study DNA methylation and

chromatin accessibility based on DHSs while still taking into account the haplotypic variation

(Vandiedonck 2011). The alignment of the transcription tracks and the DHS tracks over ZFP57 show

that there are clear differences in chromatin accessibility between COX, PGF and QBL DNA at the 5’

end of ZFP57 (Figure 3.2). This is likely to be due to more open chromatin conformation in the COX

cell line allowing transcription of ZFP57 to occur. The ability to assess differences in transcription

with the difference in DHSs particularly allows new transcripts to be scrutinised for additional

information that supports whether they are real results or artefacts. For example, high levels of

intron bleeding seen across intron 1 of ZFP57 is seen in all three LCLs analysed with the array

despite very different expression levels of ZFP57 between COX and the other two LCLs. When

studied in conjunction with the DHS data, the difference seen in the COX line agrees with the up-

regulation of ZFP57 expression. As no change in found in the QBL and PGF lines the intron bleeding

is more likely to be an artefact of the array. This problem may be resolved as more total RNA-

sequencing is undertaken and the results of the two techniques are compared.

3.4.4 Selection of candidate genes for further analysis

In accordance with the results of the MHC array, the gene that showed most evidence of variable

expression was ZFP57. The association of rs29228 to ZFP57 expression was extremely strong for a

relatively small sample size of 93 volunteers genotyped across only 45,237 SNPs. Its location just

downstream of ZFP57 also made it plausible as a marker of cis regulation.
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ZFP57, HLA-DQA1, HLA-DQA2, HLA-DQB1, HLA-DQB2 and HLA-C were all selected for further

analysis after showing varying degrees of genetic association with gene expression within the MHC

region. Although HLA-C did not have particularly significant p values for association of MHC SNPs

with expression the data does replicate a previously associated SNP rs9264942 (Thomas 2009).

Previously, individuals homozygous at rs9264942, showed significantly different cell surface

expression of HLA-C detected by FACS (p=0.0003). While we found the difference between the

homozygous samples in our study was less significant (p=0.0281, determined by Mann-Witney two-

tailed test) this was based on the RNA level rather than cell surface protein; so additional levels of

regulation could account for the relative difference in significance observed. Additionally, the

density of the genotyping over the HLA-C region was extremely low on the genotyping array used

(humanCVD bead array), thus further analysis of the expression of HLA-C when denser genotyping

information is available could be informative. Apart from ZFP57, all these genes encode proteins

that are part of the antigen presentation pathway and all have been implicated in human disease.

The combination of this previous knowledge and the associations seen with differential gene

expression make them the most suitable choice for further study. SNPs shown to be associated

with the expression of these genes may be causative, for example by modulating the binding of

polymerase or an enhancer element, but are more likely to be in LD with a causative SNP. By

further investigating gene expression in a larger more densely genotyped cohort, there is a higher

chance that functional variants can be identified. However, functional assays will still be necessary

to determine true causative SNPs.

3.4.5 Conclusion

Variable gene expression was detected in LCLs and primary tissue for all genes investigated. Strong

association of genetic variation with expression was seen for the gene ZFP57, and for several other

MHC genes that were investigated either because of their suspected haplotype specific differential

expression identified by the MHC array, or due to heritable SNP associations with expression of

these immune related genes. This proved the value of the MHC array and showed that consistent
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results could be demonstrated that were reproducible with qPCR. Promising candidate genes were

selected to further define the cis associations seen in the primary cells and to try to determine any

trans associations in a larger sample.
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Chapter 4 - Functional genomics of ZFP57, a variably expressed transcription

factor encoded in the MHC class I region

4.1 Introduction

4.1.1 ZFP57 in health and disease: potential roles in transient neonatal diabetes and imprinting

ZFP57 is a zinc finger protein comprising of seven zinc finger domains and one Kruppel-associated

box (KRAB) domain that has properties of a transcriptional regulator (Okazaki 1994, Alonso 2004).

ZFP57 has been shown to be important in developmental settings for maintenance of maternal and

paternal imprinting (Li 2008, Mackay 2008) as well as playing a role in transient neonatal diabetes

(TND) (Mackay 2008) when a coding mutation is present. It has been identified as a gene that is

preferentially expressed in early development, particularly in undifferentiated embryonic stem cells

(Li and Leder 2007) and as a downstream molecule in STAT3 signalling (Akagi 2005). Although the

establishment and maintenance of imprinting has been associated with epigenetic modifications

(Looman 2002, Lewis and Reik 2006), many aspects of it remain mechanistically unclear. It has been

noted that many TND patients have aberrant methylation patterns at the genomic loci 6q24 (Temple

and Shield 2002) and often have hypomethylation across other areas of the genome (Mackay 2006).

Mutations in ZFP57 were found in TND patients with this hypomethylated mosaic pattern but not in

TND patients with only aberrant methylation around 6q24, leading to the prediction that ZFP57 has a

genome-wide maintenance role in imprinting. Its absence was shown to cause a lethal phenotype

before the age of weaning in mice when ZFP57 was absent from both oocyte as either mRNA or

protein product and from the embryo (Li 2008). This has led to the hypothesis that aberrant

embryonic maintenance of methylation mediated by ZFP57 may be a possible mechanism for

manifestation of TND (Hirasawa and Feil 2008).

Comparatively little work has been carried out on ZFP57 in humans, beyond its putative role in

development. Further studies attempting to characterise ZFP57 mutations in patients, or mothers to

investigate a maternal effect, with hypomethylation at imprinted loci in disorders such as Beckwith-
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Wiedemann syndrome (OMIM 130650) have proved unsuccessful so a generalised function for ZFP57

has not yet been conclusively proved (Boonen 2011).

4.1.2 Differential expression of ZFP57

Analysis of haplotype-specific gene expression in three LCLs possessing HLA homozygous haplotypes,

associated with commonly occurring autoimmune diseases, using the MHC array demonstrated

evidence that there was differential expression of ZFP57 in COX cell line carrying HLA-A1-B8-Cw7-DR3

(Chapter 3 and Figure 4.1).

Figure 4.1: ZFP57 expression in three LCLs determined by custom MHC array. Reproduced from

(Vandiedonck 2011). Differential expression of ZFP57 showing much higher expression in the COX

cell line compared with the PGF and QBL cell lines.
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4.2 Aims

This chapter seeks to characterise ZFP57 expression and validate the previous result showing

differential expression, both in LCLs and PBMCs. Specific aims of the chapter are:

1. To validate the observed association of ZFP57 expression assayed by microarray in HLA-

homozygous LCLs.

2. To investigate the relationship between ZFP57 expression and genetic variation by

expression quantitative trait mapping.

3. To characterise ZFP57 at the protein level, expression in diverse biological cell types and

tissues and co-expressed genes in order to better understand the functional significance of

ZFP57.

4. To investigate the relationship between ZFP57, genetic variation and disease.

4.3 Results

4.3.1 Validation of differential gene expression observed by microarray

ZFP57 is differentially expressed in the COX cell line

Differential ZFP57 expression was previously shown in Figure 3.3; however this looked only at

unstimulated cells. Expression of ZFP57 was analysed to determine the effect of PMA/ionomycin

stimulation on expression of the gene, to see if this would cause up-regulation of expression. Cells

were stimulated for six hours and were compared with gene expression in unstimulated cells

harvested at the time of stimulation (Figure 4.2).
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Figure 4.2: Differential expression of ZFP57 in three LCLs homozygous over the MHC. Mean gene

expression in unstimulated and stimulated, 200nM PMA and 125nM Ionomycin, is shown.

Expression was determined using qPCR relative to ACTB, and standard deviation between the three

replicates is shown. Stimulation of the LCLs has no effect on expression of ZFP57, and expression is

virtually undetectable in both the PGF and QBL lines.

Potential confounding effect of MOG

ZFP57 is located at the boundary of the classical MHC and was the final gene included in the tiling

probe design such that no information was available for expression of the immediately telomeric

region. This contained another gene MOG (encoding myelin oligodendrocyte glycoprotein) which may

be confounding the observed expression differences. Genetic variation in MOG has been associated

with autoimmune disease susceptibility, for example in MS (D'Alfonso 2008).

Figure 4.3: Genomic location of ZFP57 and MOG on chromosome 6. A plot from the UCSC browser

(Kent 2002) shows the genomic loci of the 2 genes. Multiple isoforms are shown for MOG while

ZFP57 is annotated as having only 2 isoforms. RefSeq Gene information at the bottom of the figure

shows the extremely close proximity of the 2 genes to one another.

Despite the location of MOG on the opposite strand of DNA to ZFP57 it was interrogated in the

homozygous LCLs using qPCR against cDNA to ensure the differential expression seen in ZFP57 was
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not as a result of MOG differential expression. As can be seen in Figure 4.3, there is a documented

possibility of run-on between the two genes shown in the RefSeq gene track. Transcription of MOG

occurs in the opposite direction to ZFP57 and it is possible that run on of Pol II from MOG expression

could lead to confounding expression of ZFP57 particularly at the 3’ end of the gene. As shown in

Figure 3.2, the array showed strongest expression of ZFP57 towards the 3’ end of the gene, thus

investigation of MOG expression was carried out using SYBRgreen real-time qPCR with primer sets

designed at two exon junctions of the gene due to the documented different isoforms (Figure 4.4).

RNA derived from brain tissue was used as a positive control due to the previously noted high

expression of MOG in the brain (Allamargot and Gardinier 2007).

Figure 4.4: Expression of i) MOG and ii) ZFP57 in LCLs and Brain tissue. MOG expression was

analysed over two separate exon junctions (i), and ZFP57 expression was analysed over exon junction

5-6 (ii) to determine if the same expression patterns of ZFP57 seen in the three homozygous cell lines

PGF, QBL and COX (both unstimulated and stimulated samples) were also seen for MOG. To ensure

expression was determinable by qPCR for MOG, a positive control of brain tissue cDNA was also

analysed. All qPCR reactions were carried out in triplicate and the mean and standard deviation is

shown. All qPCR analysis was carried out relative to ACTB.



4.3.2 Assessment of ZFP57 isoforms

Further expression analysis of ZFP57 was carried out using exon spanning primers (see Figure 4.5) for

all exons to determine if there was evidence of additional isoforms beyond the two reported by UCSC

and VEGA genes in the COX cell line (as shown in Figure 4.3). The COX cell line was chosen as it had

repeatedly shown the highest expression of ZFP57 at the mRNA level, and showed increased

expression of ZFP57 towards the 3’ end of the gene in the MHC array analysis (Figure 3.2).
i)
)
ii
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Figure 4.5: Expression of ZFP57 across all exon junctions. i) ZFP57 expression was analysed using

four replicates of qPCR in the COX cell line with exon junction specific primers (see Table A.1 for

sequences). Expression values were normalised against ACTB, mean expression and standard

deviation are shown. ii) Key to the primer locations in ZFP57.

Expression was found to be significantly lower in the 2nd and 3rd exons of ZFP57, with highest

expression seen towards the 3’ end of the gene. Following this discovery, Rapid Amplification of

cDNA ends (RACE) PCR was carried out to characterise the isoforms of ZFP57 present in the COX cell

line. Again, COX was used as it showed reproducible ZFP57 expression and had shown evidence of

variation in expression of different ZFP57 exons. RACE-PCR was performed in both directions using



both 3’ and 5’ adapted cDNA for RACE

Figure 4.6 and showed that in addition to the expected isoform (detected with 3’ RACE

additional isoforms could be seen:

Figure 4.6: RACE derived isoforms of
the COX LCL. The predicted human mRNA for
the RefSeq gene for COX above this. RACE
custom array expression of ZFP57
Sanger sequencing (two replicates) follo
exon seen with RACE-PCR

Consistent with the expression array data, exons 4, 5 and 6 are seen in all three sequences

determined by RACE-PCR, shown in Figure 4.6

exons 4 and 5 that could be evidence of an alternative exon

although it is likely to be much less expressed than other exons. It is around the same level as the

tracks over exon 2-3 (which is lower than the expression seen for exons 1, 4, 5 and 6) and does not

show the clear enrichment in expression seen over exons 4 and 5 which flank

isoforms detected with 5’ RACE show that alternative splicing is occurring to produce a transcript

which does not contain exons 2 or 3
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although it is likely to be much less expressed than other exons. It is around the same level as the

3 (which is lower than the expression seen for exons 1, 4, 5 and 6) and does not

r enrichment in expression seen over exons 4 and 5 which flank

isoforms detected with 5’ RACE show that alternative splicing is occurring to produce a transcript
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Figure 4.7: Schematic showing the different isoforms of ZFP57 determined by RACE-PCR. The

known annotated exons of ZFP57 are shown in purple while the newly discovered alternative exon is

coloured red. Splicing is indicated between the exons for the 3 different isoforms.

Primers were designed to test the RACE-PCR results, specific to exon 1, exon junction 1-4 and exon 4-

alt. All resulted in single bands following PCR amplification and when visualised on an agarose gel

(Data not shown). The new primer in exon 1 was also used with an existing primer in exon 4 to show

the two alternatively spliced isoforms can be amplified in the same PCR reaction (Figure 4.8).

Figure 4.8: PCR showing the 2 isoforms of ZFP57. PCR is carried out on COX cDNA using primers

located within exons 1 and 4 of the ZFP57 gene and the products are visualised on a 1.5% agarose

gel. Isoform 1 is the full length transcript including exons 2 and 3, and Isoform 2 is the “skipped”

isoform where exons 2 and 3 have been excluded.

4.3.3 Expression quantitative trait mapping of ZFP57

As shown in Chapter 3, eQTL mapping using a cohort of 96 healthy volunteers showed a possible

association of a variant, rs29228, with ZFP57 expression. This was validated and characterised in a

second cohort of healthy volunteers. This involved recruitment of 288 individuals of self-reported

European ancestry over a four month period, taking a 50ml blood sample from each and purifying a

mixed PBMC population as well as separated B cells and monocytes. Volunteers were genotyped
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using the Illumina HumanOmniExpress-12v1.0 Beadchips for 733,202 genetic variants. After standard

QC, a total of 651,210 markers were available for analysis (SNP call rate >96%, MAF > 1%). Possible

underlying genetic stratification in the population was assessed by multi-dimensional scaling using

data from the International HapMap Project (CEU, YRI and CHB samples) combined with IBS cluster

analysis (complete linkage agglomerative clustering based on pairwise identity-by-state (IBS)

distance). Four individuals demonstrating potential admixture were identified and removed from the

analysis, together with one individual with low genotyping call rates and one individual with a familial

relationship to another volunteer in the cohort, resulting in a final analysis of 282 individuals (122

males and 161 females). Imputation over the region surrounding ZFP57 using the data from the 1000

genome project (Pennisi 2010) led to identification of 19,129 additional SNPs that were included in

the PLINK linear analysis. The program IMPUTE2 was used to predict the genotypes at additional loci

around the ZFP57 loci, using the co-ordinates Chr6: 26400239-32199517 (Hg19), taken from the

UCSC genome browser.

Gene expression for ZFP57 was once again determined in PBMCs using qPCR and expression values

were normalised to ACTB expression levels. Having seen alternative isoforms of ZFP57 in the COX

LCL, the primers against the exon boundary of exons 5 and 6 were again used for expression analysis.

eQTL analysis was again performed as described in Section 3.3 using PLINK linear analysis and found

585 SNPs that were associated with ZFP57 expression at GWAS significance (taken to be p≤10-7).

Genetic variants said to be in cis were here defined as those within a 250kb window flanking the

gene, complying with a previous cis regulation study (Grundberg 2011). All SNPs available except one

defined as significantly associated with ZFP57 expression at a genome-wide level were found on

Chromosome 6, with 154 typed variants and 683 imputed variants said to be in cis with ZFP57 (837 in

total). SNPs with the highest probability of being associated with ZFP57 expression were found to be

covering the gene itself particularly within the first intron and second exon.
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Figure 4.9: Manhattan Plots showing typed SNPs and their association with ZFP57 expression over

the whole genome. ZFP57 expression was determined in 280 healthy volunteer samples using qPCR

and normalised to ACTB expression. Healthy volunteer gDNA was genotyped using Illumina Infinium

high-density genotyping bead arrays and genotype is associated to expression phenotype using

PLINK. A peak of SNPs showing strong association with ZFP57 is found around the ZFP57 locus in the

MHC. The top SNP associated with ZFP57 expression (rs2535238) is indicated by the larger red

diamond (p= 1.08X10-41).

All genotyped and imputed SNPs were plotted according to p value of association in the Manhattan

plot shown in Figure 4.9. The region isolated by the Manhattan plot as showing most association

with ZFP57 expression was investigated further using a recombination plot of the ZFP57 loci and

surrounding area (Figure 4.10). Recombination rates plotted in the area showed that association to

ZFP57 expression decreased after peaks of recombination as expected.



Figure 4.10: Recombination plot showing the ZFP57 locus

shown in blue. Typed SNPs are shown in red (LD 0.8≤1.0 to rs2535238), orange (LD 0.5≤0.8), yellow (LD 0.2≤0.5) and white (LD

blue (LD 0.8≤1.0) and grey (LD<0.8). 

locus and surrounding recombination rates. rs2535238, the most associated SNP with

≤1.0 to rs2535238), orange (LD 0.5≤0.8), yellow (LD 0.2≤0.5) and white (LD
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rs2535238, the most associated SNP with ZFP57 expression is

≤1.0 to rs2535238), orange (LD 0.5≤0.8), yellow (LD 0.2≤0.5) and white (LD 0.0≤0.2).  Imputed SNPs are shown in 
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The volunteers were separated into three groups according to genotype at rs2535238, one of the

most associated typed SNPs to ZFP57 expression. Expression of ZFP57 was then compared between

these three groups, and against the three genotype groups for rs29228 (the previously most

associated SNP to ZFP57 expression) in Figure 4.11:

Figure 4.11: ZFP57 expression according to genotype at i) rs29228 and ii) rs2535238. ZFP57

expression was determined using qPCR and was normalised to ACTB. Expression according to

genotype is shown, with mean expression indicated by the red bar. Genotyping of the volunteers

DNA samples was performed using the Illumina Infinium high-density genotyping bead array. Both

SNPs were found to show significant differences between the different genotype groups (p<0.001,

Kruskal-Wallis test). R2 between the SNPs is 0.88.

The different genotype groups for each SNP (rs22928 and rs2535238) were shown to have

significantly different ZFP57 expression, with the minor allele indicating higher ZFP57 expression in

both cases.

4.3.4 HapMap LCLs and expression of ZFP57

Variants in the six MHC homozygous LCLs analysed in Chapter 3 could in general be used to predict

gene expression level. With this in mind, a selection of CEU and YRI cell line cDNA was taken and

analysed for ZFP57 expression. SNPs highlighted as associated to ZFP57 expression in the volunteer

cohort were used to group volunteers to assess if they could be used as predictors of ZFP57

expression (Figure 4.12), even where the population differed from the population where the initial

observation was made.
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Figure 4.12: Expression of ZFP57 in i) CEU cell lines and ii) YRI cell lines according to genotype at

rs375984. ZFP57 expression was detected using qPCR and results were normalised against ACTB

expression. Expression according to genotype is shown, with mean expression indicated by the red

bar. There was a significant difference between the different genotypes in terms of mean expression

for each population (CEU: p=0.0289, YRI: p<0.0001, Kruskal-Wallis test).

Increase in ZFP57 expression was seen in several of the LCLs that possessed the genotype showing

increased expression in the volunteer cohort (rs375984-T), a SNP in complete LD with rs2535238,

although only a small number of CEU LCLs were available for analysis meaning the result may not be

conclusive. When genotype at rs29228, the SNP found to be most associated with ZFP57 expression

in the first volunteer cohort, was used to group the LCLs it did not predict an increase in gene

expression in either the CEU or the YRI lines. This highlights the importance of fine-mapping

associations to be able to use them outside of the population of original study.

4.3.5 Haplotypic analysis of ZFP57 expression

Haploview was used to analyse the LD and association of haplotype to ZFP57 expression further

(Barrett 2005). The regional LD is shown in Figure 4.13 and the block most associated with ZFP57

expression is indicated.
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Figure 4.13: Haploview analysis of LD and haplotype structure in the ZFP57 region. Genotyped

SNPs from the volunteer study and HapMap genotyped SNPs of greater than 1% minor allele

frequency were used to infer haplotypic structure with LD blocks predicted by the Confidence

Intervals algorithm (Gabriel 2002b) using HaploView software (Barrett 2005). Red diamonds show

allelic association (measured by the D’ statistic) between two SNPs with an LOD>2; the darker the

shade of red, the higher the value of D’, where 1 is the highest value. White squares indicate no

statistically significant evidence of LD but have an LOD>2. Blue squares show no LD and have an

LOD<2 between SNPs. Typed SNPs rs375984, rs2535238 and rs2747421 that show most association

with ZFP57 expression are indicated.

The block most associated with ZFP57 expression has six inferred haplotypes. The “A” genotype at

rs2535238 is associated with increased expression, and is found in two of the possible haplotypes.

These haplotypes differ by only one variant. This SNP (rs3129063, SNP 48 in Figure 4.14) was not

typed directly on the Illumina Infinium high-density genotyping bead array; it was however imputed

in the subsequent imputation analysis over the ZFP57 region.
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The six possible haplotypes for each region were defined in the volunteer samples and the mean

ZFP57 expression for each haplotype and its frequency, compared to the expected frequencies for

each haplotype, is shown in Figure 4.14

Haplotype Predicted frequency Actual frequency Mean Expression ZFP57

1 0.425 0.451613 2.96x10-5

2 0.25 0.184588 1.15x10-4

3 0.2 0.227599 3.51x10-5

4 0.067 0.084229 5.35x10-5

5 0.033 0.030466 3.39x10-5

6 0.025 0.021505 9.74x10-5

Figure 4.14: Haplotype block analysis and ZFP57 expression. The six possible haplotypes over the

region are shown with those associated with higher ZFP57 expression by their possession of an “A” at

rs2535238 (46) outlined in blue. Shaded SNPs are indicative of those that are informative of the

higher expression phenotype and indicated possible functional SNPs. Average expression of ZFP57

by haplotype is shown normalised to ACTB expression, and the frequencies of each haplotype are

indicated as both the predicted proportion and the actual proportion of the haplotypes seen in the

volunteer cohort.

Haplotype analysis did not further define the functional SNP as no significant difference in ZFP57

levels was seen between haplotypes 2 and 6 (Mann-Witney test p=0.41), which showed higher

expression. A significant difference (p<0.0001) was seen performing a Mann-Witney test between

the two groups (group 1 comprising haplotypes 1, 3, 4 and 5; group 2 comprising haplotypes 2 and

6).

4.3.6 Imputed HLA type and ZFP57 expression

The 2-digit HLA type generally refers to the specific serological antigen of the allele. The serotype of

an allele is usually determined by the antibody binding specificity. Traditionally, HLA types have been
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identified experimentally by serological testing; however more recently DNA sequence based analysis

has been used. To accomplish this, variants in exons 2 and 3 for class I molecules and exon 2 for class

II molecules are determined which in turn predict the HLA type. These correspond to the binding

cleft of the peptides and thus show structural variation that could be affecting the function of the

molecule. All identified HLA alleles can be found at the HLA nomenclature website

(http://hla.alleles.org/nomenclature/naming.html).

Using the genotype information for the cohort of 288 volunteers, the 2 and 4-digit HLA types at six

regions (HLA-A, HLA-B, HLA-C, HLA-DQA, HLA-DQB and HLA-DR) were imputed with the assistance of

Stephen Leslie and Alexander Dilthey (Leslie 2008). Briefly, an informative panel of SNPs typed in the

healthy volunteers was selected based on their ability to be used to inform HLA type. Data was

available for SNP genotyping and HLA type in a training panel, and this was used to select suitable

SNPs from the genotyping data for the healthy volunteers. The known data was split so that a third

could be HLA typed using the SNP panel selected to determine the accuracy of the prediction.

Phasing of the imputed HLA types was carried out using phasing algorithms. These carry the

possibility of a switch error whereby local phasing is accurate but over a larger scale the alleles have

“switched” chromosomes from their original placement, but this is thought to affect a minority of

samples due to extensive LD in the MHC. Following QC, the 2-digit types were deemed to be

accurate over all predicted HLA types (see Section A.3.3), whereas several of the 4-digit types were

predicted with low confidence. Therefore ZFP57 expression determined by qPCR in PBMCs was

plotted in Figure 4.15 according to 2-digit type over the six classical HLA gene regions to assess if any

particular MHC alleles were associated with increased expression.
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Figure 4.15: Expression of ZFP57 according to 2-digit haplotype at i) HLA-A, ii) HLA-B, iii) HLA-C, iv)

HLA-DQA, v) HLA-DQB and vi) HLA-DR. Haplotype imputation in the volunteer cohort was

performed for 283 volunteer samples. Volunteers were separated by 2-digit haplotype at each locus

to determine if there were any association with ZFP57 expression. Mean expression of ZFP57 in

volunteers with each allele is indicated.

Gene expression was most variable between the HLA-A alleles, with HLA-A*01 and HLA-A*23

showing higher expression (p<0.0001 when analysed using a Mann-Whitney test). To further define

this, expression was plotted for the different haplotypes of HLA-A, using the genotype at rs2535238

as a covariate:
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Figure 4.16: Expression of ZFP57 according to 2-digit type at HLA-A. Expression of ZFP57 as

determined using qPCR was plotted against HLA-A 2-digit haplotype determined by imputation for

283 healthy volunteers. Genotype at rs2535238 was used to colour the individual expression values;

AA (associated with highest ZFP57 expression) red, AC green and CC blue.

Figure 4.16 shows that the HLA types HLA-A*01, *23 and *24 were most likely to contain the SNP

associated with high expression. As HLA-A*23 and HLA-A*24 are sister types of the broader HLA-

A*09 type (Fussell 1996) their shared possession of a particular SNP is unsurprising. To analyse if

there was a dose dependent effect of these HLA types, expression of ZFP57 was plotted in Figure

4.17, where the volunteers were grouped by number of copies of HLA-A*01, *23 and *24.
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Figure 4.17: Expression of ZFP57 according to copy number of HLA-A *01, *23 and *24. Healthy

volunteers were grouped according to copy number of ZFP57 expression associated HLA-A alleles.

Expression of ZFP57 as determined using qPCR was plotted and a significant difference in mean

expression (indicated by the red bar) was observed between the three groups (Kruskal-Wallis test

p<0.0001).
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As the group of volunteers possessing a copy of the HLA-B*08 allele also appeared to have higher

ZFP57 expression than other groups, expression of ZFP57 was also analysed in the volunteers

grouped by copy number of HLA-A*01, *23 and *24 in the presence or absence of one or more

copies of HLA-B*08 (Figure 4.18).
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Figure 4.18: Expression of ZFP57 according to copy number of HLA-A* 01, *23 and *24 and

presence or absence of HLA-B*08. Healthy volunteers were grouped according to copy number of

ZFP57 expression associated HLA-A haplotypes and whether or not these individuals also possessed a

copy of the HLA-B*08 haplotype. Mean expression is indicated by the red bar. No significant

difference in expression was seen between the means of each 2 HLA-A groups (with or without a

copy of HLA-B*08) using a Mann Whitney test; 2 copies HLA-A*01, *23, *24 (p=0.98), 1 copy HLA-

A*01, *23, *24 (p=0.14), 0 copies HLA-A*01, *23, *24 (p=0.53).

Expression can be seen to clearly vary in response to copy number of HLA-A*01, *23, or *24, but

there is no difference between the mean expression values of the groups when segregated by HLA-

B*08 presence. Haplotype association with ZFP57 expression is therefore confined to the HLA-A

locus.

The COX ancestral allele contains the HLA-A*01 allele that has been shown to be associated with

increased ZFP57 expression. Healthy volunteers who possessed a copy of one of the extended

conserved haplotypes of the three MHC homozygous LCLs (COX HLA-A1-B8-Cw7-DR3; PGF HLA-A3-

B7-Cw7-DR15; and QBL HLA-A26-B18-Cw5-DR3-DQ2) (Horton et al.2008) were identified. In the

cohort, 19 individuals were found to have at least one copy of the COX haplotype and 12 individuals
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were found who had a copy of the PGF haplotype at 2-digit resolution. No individuals with the QBL

haplotype were found in the volunteer cohort, reflecting its far less common presence in the

population. When comparing the expression of ZFP57 between individuals who possessed a copy of

the full COX haplotype to those with a copy of the full PGF haplotype in Figure 4.19, a clear difference

in expression levels was seen:
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Figure 4.19: Expression of ZFP57 in individuals with the COX or PGF extended haplotype.

Volunteers who possessed either a copy of the COX extended haplotype, or the PGF extended

haplotype were compared to determine if a significant difference in expression of ZFP57 could be

seen. A Mann-Whitney test between mean expression of each group found them to be significantly

different (p<0.0001).

4.3.7 Functional consequences of SNPs associated with differential ZFP57 expression

SNPs showing the strongest association with ZFP57 expression were investigated using the protein

binding prediction software JASPAR (Bryne 2008) to determine if the allele showing association with

expression destroyed or created a new binding site for a TF.
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SNP Predicted TF Binding site Status 95% threshold ENCODE data? Overlap

rs374317 HIFA::ARNT Destroyed No No NA

TFAP2A Destroyed No No NA

MZF1_5-13 Created No No NA

GATA2 Created Yes HUVEC No

ELK4 Created No No NA

rs375984 ETS1 Destroyed No GM12878 No

Myf Destroyed No No NA

MZF1_5-13 Created No No NA

rs376319 ZNF354C Destroyed No No NA

YY1 Created No GM12878 No

GATA3 Created No No NA

GATA2 Created No HUVEC No

rs387640 HOXA5 Destroyed No No NA

INSM1 Created No No NA

BRCA1 Created No GM12878 No

rs448489 None NA NA NA NA

rs2535238 SOX 10 Created No No NA

rs2747421 SOX 10 Created No No NA

FOXA1 Created No HepG2, T-47B, ECC-1 No

rs3129062 ZNF354C Destroyed No No NA

NFIC Created Yes No NA

Table 4.1: TF binding sites affected by ZFP57 expression associated SNPs. SNPs most associated

with ZFP57 expression by p value (p=1.08x10-41) were interrogated using JASPAR to assess their

impact on potential TF binding sites. Binding sites affected by sequence variation of the relevant

SNPs are shown using the default significance threshold of 80% and detailing if they are created or

destroyed by the non-reference allele. Additionally, whether they remain likely to affect binding

using a significance threshold of 95% was tested to define the strength of the potential binding site.

ENCODE TF binding data was used to search for all TFs identified by JASPAR and cell lines where

there was whole genome binding data available are indicated. If ENCODE data was available this was

analysed over the ZFP57 region to determine if known binding data overlapped with the JASPAR

predictions.

Table 4.1 shows the binding sites created and destroyed at 80% relative score threshold, and

whether they remain significant if the threshold is increased to 95%. Prediction of TF binding sites in

silico is known to have significant selectivity and specificity problems hence the use of two thresholds

for analysis. While binding sites identified by JASPAR as being disrupted by SNPs may show effects if

tested in vitro, only a minority of predicted sites also identify a true in vivo interaction. The recently

released in vivo TF binding data from ChIP-seq as part of the ENCODE Project (Myers 2011) was used

to see if any of the in silico identified binding sites had any in vivo evidence for their presence. None
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of the binding sites predicted to be destroyed were detected by ENCODE ChIP-seq (although

relatively few of the predicted TFs had been investigated by ENCODE). There was also no evidence of

TF binding of any of the factors predicted to have a binding site created by the alternative genotype.

As no convincing candidates for TF binding disruption by SNPs were found this possibility was not

investigated further by Electrophoretic Mobility Shift Assay or ChIP.

4.3.8 Chromatin accessibility, modifications and TF binding at ZFP57

ENCODE data was used to analyse DHSs, TF binding and histone marks over the ZFP57 gene to

determine the transcriptional landscape over this region and interpret this in the context of observed

eQTL SNPs. DHSs can predict regions of actively transcribed or regulatory DNA as the chromatin

structure has been relaxed to allow protein access to the region. Likewise, histone marks are also

useful in predicting areas of the genome that are important in regulation as particular marks such as

methylation and acetylation are associated with regulation, transcription and gene silencing

(Heintzman 2009). Identification of TFs that bind in a region may give insights to specific pathways

the gene is involved in.

Despite finding no overlap between binding sites predicted by JASPAR over the most associated

SNPs, some TF binding sites have been annotated over the region of ZFP57 most associated with its

expression. DHSs overlap with many of these TF binding sites, implying they are functional and

chromatin structure is altered to allow access to the DNA. DHS sites annotated by ENCODE are also

found to overlap with DHS sites predicted by the MHC array (see Figure 3.2).
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Figure 4.20: ENCODE data regulatory events in ZFP57. Two isoforms of ZFP57 identified by Refseq

are shown with the positions of the most significantly associated SNPs to expression (typed and

imputed). DHS clusters, annotated by ENCODE, are seen over the first intron and second and third

exons. Several TF binding sites are identified in the region, including a Serum Response Factor (SRF)

binding site near the most associated SNP rs2535238. ChIP-seq data for three histone marks is

shown; H3K4Me1 (often indicating regulatory elements), H3K4Me3 (often indicating a promoter

region), and H3K27Ac (often indicating active regulatory elements) in H1-hESC cell line (yellow),

GM12878 (red) and layered in all seven cell lines investigated by ENCODE.

In the NHEK cell line (Normal Human Epidermal Keratinocytes - Adult) shown in pink in Figure 4.20,

evidence is seen of regulatory marks (indicated by H3K4Me1 and H3K27Ac), overlapping the SNPs

most associated with ZFP57 expression, as well as the TF binding sites and the DHS sites. The mark

H3K4Me3 generally found near promoter regions is less obvious, however again in the NHEK cell line

there is evidence of an increase in the mark around the 5’ end of the gene in the first intron. In the

two cell lines selected to be investigated individually (hESC as it is an embryonic stem cell line) and

GM12878 (as it is a CEU derived LCL) the histone modification marks are not so striking but there is



evidence of regulatory marks associated with the area overlapping the SNPs most associated with

ZFP57 expression.

4.3.9 Confirmation of ZFP57 protein translation in cell lines

The translation of ZFP57 protein was confirmed by western blot in three LCLs homozygous across the

ZFP57 genomic region (Figure 4.21). LCLs COX and APD were used as examples of cells with “high”

ZFP57 expression, which would be expected to have higher protein expression, while PGF was used

as a “low” expresser of ZFP57. Jurkat nuclear lysate was also run on the western as this was used as

a positive control by Abcam the manufacturers of the α-ZFP57 antibody. 
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detected using this antibody. The “skipped” isoform identified in Section 4.3.2 would be

undetectable using this antibody as the start site for translation would not be included so the protein

would be curtailed. This could account for the comparatively faint ZFP57 band in the COX nuclear

lysate sample. Two bands were also detected in the Jurkat nuclear lysate; this was comparable to

the result seen by Abcam in their positive control.

4.3.10 Protein prediction of function of ZFP57

ZFP57 has been previously annotated as a KRAB-ZNF protein. Due to its localisation and the affect of

mutations in the gene, its function is assumed to be a DNA binding regulatory protein (Okazaki 1994,

Hirasawa and Feil 2008). However, the functional impact of different isoforms of the gene has not

been assessed.

Prediction of functionally important sites in the ZFP57 protein using a conserved domain search on

the amino acid sequence shows that the KRAB domain presumed functional for DNA binding is close

to the start of the protein (Figure 4.22). When exons 2 and 3 have been spliced out, the start site for

transcription (the coding position for the initial methionine residue is found in exon 2) is missing. The

next possible start site would mean that the KRAB domain of the protein is curtailed.

Figure 4.22: Potential changes in predicted structural elements of ZFP57. Conserved protein

domains of ZFP57 are shown following analysis of the full-length sequence (top) and the shortened

sequence (below) (from the first Methionine residue in exon 4) generated using the conserved

domain software from NCBI (http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml). The KRAB

domain is shortened extensively in the shorter isoform.
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4.3.11 Expression of ZFP57 in different tissues

ZFP57 expression was extremely low in the brain tissue sample analysed when compared to MOG

expression, however its expression in other tissues after development was still unknown. A panel of

mixed RNAs from different individuals across several different tissue types was analysed for ZFP57

expression in Figure 4.23 to determine how expression varies across tissues.

Figure 4.23: ZFP57 expression in different tissue types. cDNA was made from RNA samples of

pooled adult individuals’ tissue samples. ZFP57 expression was determined using qPCR in three

replicates against exon junction 5-6 and was normalised to ACTB. Mean expression and standard

deviation is shown. The COX LCL expression previously determined is included for comparative

reference.

The heart and thymus were found to have similar expression of ZFP57 to the COX cell line, with much

higher expression being found in the kidney. Genetic information was not available for the tissue

panel; however the wide range of expression across the different tissues suggests that there may be

an unreported function for ZFP57 beyond development.

4.3.12 Expression of ZFP57 protein in primary B cells and monocytes

To confirm ZFP57 translation in primary cells in addition to LCLs, FACS was used to detect ZFP57

expression in both PBMCs labelled with fluorescent antibodies for cell type markers and in purified
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cell populations and the results are shown in Figure 4.24. B cells and monocytes were separated

using the Miltenyi MACS separation system from PBMCs from a healthy volunteer. ZFP57 was

detectable in all samples using the α-ZFP57 primary antibody raised in rabbit and a fluorescently 

labelled secondary α-rabbit antibody.  However the separated B cells and monocytes gave clearer 

results and showed a larger difference between the secondary antibody only control and the

detected ZFP57. ZFP57 was seen to have higher protein expression in the monocytes compared to

the B cells both in the PBMC sample and in the purified cell populations.

Figure 4.24: FACS analysis PBMCs (i and ii), B cells (iii) and monocytes (iv) for intracellular ZFP57

expression

i) Scatter pattern of the PBMC mixture. Cell surface markers are targeted with fluorescently labelled

antibodies to determine B cells (colour) and monocytes (colour) from the remaining PBMCs. ii)

PBMCs labelled for cell type and detecting ZFP57 versus a no primary antibody control. iii) Separated

B cells stained for ZFP57 versus a no primary antibody control. iv) Separated monocytes stained for

ZFP57 versus a no primary antibody control.

4.3.13 Differentially expressed genes associated with ZFP57

A large genome-wide gene expression dataset was generated by Fairfax and colleagues in the Knight
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lab for separated B cells and monocytes using the Illumina HumanHT-12 v4 BeadChip platform with

48,804 probes to detect gene expression. Using the Partek Genomics Suite, ZFP57 gene expression

determined by qPCR was designated a variable phenotype. Genes that had variable expression

associated with ZFP57 expression were potential candidates for genes controlled by or controlling

ZFP57. The results of this analysis are shown in the Table 4.2.

Monocytes B cells

Gene ID p value association Gene ID p value association

ZFP57 9.38x10-12 HLA-A29.1 1.01x10-8

HLA-A29.1 1.68x10-10 HLA-H 4.22x10-8

HLA-H 6.50x10-7 ZFP57 5.31x10-8

HSPB7 8.56x10-7 HS.224794 2.55x10-6

HLA-A 1.27x10-6 BTN3A2 3.78x10-6

CEMP1 7.17x10-6 HLA-G 5.49x10-6

BTN3A2 1.08x10-5 UBE2Q2 1.12x10-5

BTN3A2 2.94x10-5 HCG4 2.62x10-5

LCA5 4.53x10-5 RPS3A 3.03x10-5

LIG3 4.84x10-5 LOC645231 3.43x10-5

HLA-G 5.83x10-5 LOC389223 3.79x10-5

HS.512285 8.40x10-5 PAPSS1 4.46x10-5

LCE5A 8.78x10-5 PMS2L4 6.21x10-5

ZBTB8OS 9.46x10-5 C5ORF38 7.23x10-5

KCNC4 1.02x10-4 AGPAT2 7.27x10-5

SNCG 1.30x10-4 LOC400446 8.61x10-5

HS.544222 1.61x10-4 MAP2K6 8.83x10-5

LOC100128474 1.64x10-4 TLE6 9.43x10-5

LOC729446 1.69x10-4 ATP1B3 1.02x10-4

Table 4.2: Genes associated with ZFP57 expression determined from genome-wide expression

profiles of B cells and Monocytes. Genome-wide gene expression for B cells and monocytes were

correlated with ZFP57 expression in PBMCs determined by qPCR. Probes that are associated with

variance in ZFP57 expression in PBMCs are shown in the table with their p value for association in

each cell type.

Some probes show significant association to ZFP57 expression variance however few are shared in

both B cells and monocytes. As ZFP57 protein has been detected at very low gene expression levels,

for example in the PGF LCL (see Figure 4.21), and both B cells and monocytes showed evidence of

ZFP57 protein expression with FACS analysis, only associations found in both cell types were

considered for further functional analysis. It was likely that associations with HLA genes were the

result of shared haplotypic association, so were not investigated further.
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4.3.14 Validation of ZFP57 association with BTN3A2 expression

BTN3A2 (Butyrophilin subfamily 3 member A2 isoform a precursor) was identified as being associated

with ZFP57 expression in both B cells and monocytes. While not the most significant association it

was seen in both B cells and monocytes and with two separate array probes in the monocytes, which

were thought to have higher ZFP57 expression (see Figure 4.24). Expression of BTN3A2 was

investigated in the mixed PBMC samples from the healthy volunteer cohort using qPCR to confirm

that expression varied in association with ZFP57 and was not a result of array artefacts. An eQTL

analysis was carried out, the results of which are presented in the Manhattan plot in Figure 4.25:

Figure 4.25: Manhattan plot showing genome-wide association of SNPs with BTN3A2 expression.

BTN3A2 expression was determined in 285 healthy volunteers using qPCR and normalised to ACTB

expression. Association was investigated for 651,210 SNPs using PLINK. A spike of SNPs showing

strong association with BTN3A2 expression is found around the ZFP57 locus in the MHC.

Several of the most associated SNPs to BTN3A2 expression are also shown to affect ZFP57 expression

(see Figure 4.25 and Table A.7). The SNP rs2517911, most associated with BTN3A2 expression, is

located upstream of ZFP57 towards HLA-F and has an R2 score of 0.692176 in linkage to rs2535238.

This shows linkage of rs2517911 with the SNP most associated with ZFP57 expression. It may be

possible that ZFP57 as a TF is controlling expression of BTN3A2, thus their gene expression levels are

directly correlated. When looking at BTN3A2 expression in a haplotype specific manner it was clear

that like ZFP57 expression levels varied by haplotype at HLA-A*01 however no variation in expression

was seen for haplotypes HLA-A*23 or *24 (see Figure 4.26).
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Figure 4.26: Expression of BTN3A2 according to 2-digit haplotype at HLA-A. Expression of BTN3A2

as determined using qPCR was plotted against HLA-A 2-digit haplotype determined by imputation for

283 healthy volunteers. Mean expression is indicated by the red bar. Lower expression was seen in

the group possessing a copy of HLA-A*01 compared with all other haplotypes (p<0.0001). Lower

expression seen in the group possessing a copy of HLA-A*66 was discounted due to the small sample

number (n=3).

Lower expression of BTN3A2 seen in volunteers possessing a copy of HLA-A*01 was confirmed by

analysing the effect of copy number of HLA-A*01 in Figure 4.27:
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Figure 4.27: Expression of BTN3A2 according to copy number of HLA-A*01. Expression of BTN3A2

as determined using qPCR in the volunteer PBMC samples was plotted according to copy number of

HLA-A*01. Mean expression in each group is indicated with the red bar. A statistically significant

difference was seen between mean expression for all 3 groups determined using a Kruskal-Wallis test

(p<0.0001).

This analysis confirms the impact of haplotype on gene expression for both ZFP57 and BTN3A2 and

implies that the HLA-A*01 haplotype is most associated with increase in ZFP57 gene expression and

decrease in BTN3A2 gene expression.
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4.3.15 ZFP57 and disease

Evidence has been presented in this chapter that there are highly significant genetic determinants of

ZFP57 expression and that this TF is expressed in a range of tissue types including monocytes.

Previous reports have provided evidence of a role in TND and imprinting (Li 2008, Mackay 2008).

Here we sought to investigate the identified expression-associated SNPs in the context of the rapidly

growing GWAS datasets for common disease.

Using the catalogue of published GWAS data (www.genome.gov/gwastudies, Accessed September

2011), SNPs associated with ZFP57 expression were searched in terms of SNPs with reported disease

associations at genome-wide significance (p<1x10-8). SNPs showing a cis eQTL association with ZFP57

expression in PBMCs from the healthy volunteer cohort were compared to GWAS SNPs, and those

SNPs in direct linkage with known disease associated SNPs that had been typed for the cohort (proxy

SNPs). Proxy SNPs were defined using 1000 genomes CEU pilot data and had an R2 of 0.8 or greater

calculated using the SNAP website (http://www.broadinstitute.org/mpg/snap/) (Johnson 2008).

Table 4.3 shows which disease associations had SNPs shared with ZFP57 expression associated SNPs,

and Table 4.4 details the mean expression of ZFP57 associated with the different disease associated

genotypes.
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Disease Trait SNP ZFP57 eQTL p
value

Disease
association p value

Reference

Nasopharyngeal carcinoma rs3129055 7.15x10
-31

7.00x10
-11

Tse, 2009

rs2517713 1.72x10
-5

4.00x10
-20

Tse, 2009

rs2860580 1.25x10
-4

5.00x10
-7

Bei, 2010

AIDS progression rs8321 2.75x10
-11

5.00x10
-7

Limou, 2009

HIV-1 control rs259919 5.20x10
-11

3.00x10
-7

Fellay, 2009

rs3131018 2.58x10
-3

4.00x10
-16

Pereyra, 2010

rs7758512 5.57x10
-3

2.00x10
-8

Fellay, 2009

Lung adenocarcinoma rs4324798 2.91x10
-10

2.00x10
-8

Landi, 2009

rs3117582 1.99x10
-4

5.00x10
-12

Landi, 2009

Lung cancer rs3117582 1.99x10
-4

5.00x10
-12

Broderick, 2009

rs3117582 1.99x10
-4

5.00x10
-12

Wang, 2008

Nevirapine-induced rash rs1265112 2.86x10
-5

1.00x10
-8

Chantarangsu, 2011

Systemic sclerosis rs3130573 4.08x10
-5

6.00x10
-10

Allanore, 2011

Neonatal lupus rs3099844 6.19x10
-5

5.00x10
-10

Clancy, 2010

Systemic lupus erythematosus rs3131379 3.52x10
-4

2.00x10
-52

Harley, 2008

Vitiligo rs6904029 6.86x10
-5

1.00x10
-21

Jin, 2010

Schizophrenia rs911186 3.50x10
-4

1.00x10
-8

Purcell, 2009

rs911186 3.50x10
-4

1.00x10
-8

Shi, 2009

rs911186 3.50x10
-4

1.00x10
-8

Stefansson, 2009

rs3800316 5.07x10
-4

1.00x10
-12

Stefansson, 2009

rs7745603 6.37x10
-4

1.00x10
-8

Purcell, 2009

rs7745603 6.37x10
-4

1.00x10
-8

Shi, 2009

rs7745603 6.37x10
-4

1.00x10
-8

Stefansson, 2009

rs6932590 9.82x10
-4

1.00x10
-12

Stefansson, 2009

rs3131296 1.27x10
-3

2.00x10
-10

Stefansson, 2009

rs13194053 5.35x10
-3

1.00x10
-8

Purcell, 2009

rs13194053 5.35x10
-3

1.00x10
-8

Shi, 2009

Type 1 diabetes rs2647044 4.24x10
-3

1.00x10
-16

Hakonarson, 2007

Table 4.3: ZFP57 associated cis eQTL SNPs and their disease associations. Disease traits that have

associated SNPs determined by the NHGRI GWAS data catalogue or their proxies from the

genotyping data in the healthy volunteer cohort were interrogated for their association with ZFP57

expression. Disease trait associated SNPs and the p value for association with ZFP57 expression are

shown, as well publications that reference the disease association.

Some SNPs that are strongly associated with ZFP57 expression have been seen in GWAS for a variety

of complex conditions. HIV-1 control and some forms of cancer seem to be the most likely disease

associations to have a direct relationship with ZFP57 expression however there is also some weaker

evidence of association with various autoimmune conditions.
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Disease trait Top SNP Genotype AA AB BB

Nasopharyngeal
carcinoma

rs3129055 G/A 0.07857 0.3357 0.5857 Frequency

0.00013 8.73x10
-5

1.85x10
-5

Mean
Expression

5.44x10
-5

6.14x10
-5

4.04x10
-5

SD

AIDS progression rs8321 C/A 0.02143 0.1321 0.8464

0.000121 0.000107 3.97x10
-5

3.99x10
-5

6.46x10
-5

5.75x10
-5

HIV-1 Control rs259919 A/G 0.1143 0.4321 0.4536

9.45x10
-5

6.42x10
-5

2.59x10
-5

5.74x10
-5

6.83x10
-5

4.79x10
-5

Lung adenocarcinoma rs4324798 A/G 0.01434 0.1254 0.8602

0.000136 0.000104 4.10x10
-5

4.18x10
-5

6.70x10
-5

5.79x10
-5

Nevirapine-induced rash rs1265112 C/T 0.1071 0.375 0.5179

8.56x10
-5

5.83x10
-5

3.73x10
-5

6.15x10
-5

6.29x10
-5

6.02x10
-5

Systemic Sclerosis rs3130573 G/A 0.08571 0.4429 0.4714

9.73x10
-5

5.43x10
-5

3.81x10
-5

5.92x10
-5

6.08x10
-5

6.18x10
-5

Neonatal Lupus
Erythematosus

rs3099844 A/C 0.01071 0.1821 0.8071

0.000135 7.55x10
-5

4.35x10
-5

4.40x10
-5

5.71x10
-5

6.25x10
-5

Systemic Lupus
Erythematosus

rs3131379 A/G 0.01083 0.1697 0.8195

0.000161 6.95x10
-5

4.48x10
-5

1.13x10
-5

5.12x10
-5

6.40x10
-5

Vitiligo rs6904029 A/G 0.1004 0.3763 0.5233

3.51x10
-5

3.22x10
-5

6.64x10
-5

6.73x10
-5

5.15x10
-5

6.61x10
-5

Schizophrenia rs911186 G/A 0.05357 0.3357 0.6107

8.00x10
-5

6.45x10
-5

3.99x10
-5

6.12x10
-5

7.14x10
-5

5.61x10
-5

Type 1 Diabetes rs2647044 A/G 0.0365 0.1752 0.7883

0.000119 5.41x10
-5

4.68x10
-5

5.14x10
-5

4.56x10
-5

6.59x10
-5

Table 4.4 Disease Trait associated SNPs and mean ZFP57 expression according to genotype. For

each trait, the top ZFP57 associated SNP is shown, with the risk allele highlighted in bold type.

Frequency for each genotype in the volunteer cohort is indicated, as well as the mean normalised

ZFP57 expression and standard deviation of this figure.
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4.4 Discussion

ZFP57 differential expression has been analysed in this chapter, showing a strong genetic association

in primary cells. Novel isoforms of the gene have been identified and validated. Protein expression

of ZFP57 has been confirmed in transformed LCLs as well as primary tissue. Bioinformatic

interrogation of the ZFP57 loci in conjunction with eQTL mapping has uncovered potential regulatory

sites. Expression of ZFP57 has been linked to possession of particular HLA-A types, and this HLA type

is likely to control expression of several other genes in the surrounding loci. SNPs associated with

changes in the level of ZFP57 gene expression have been compared with known disease associations

to find potential pathogenic events where ZFP57 may be playing a role.

4.4.1 Specificity of the MHC array and confirmation of variable ZFP57 expression

In this chapter evidence has been presented that ZFP57 is differentially expressed among HLA

homozygous LCLs by qPCR and that ZFP57 expression was independent of MOG expression. This

added confidence to the findings of the MHC array that differential gene expression detected was

the result of the implicated gene rather than an artefact of nearby genes. The specificity of the MHC

custom array was also confirmed as higher expression detected by the array towards the 3’ end of

ZFP57 in the COX LCL was also confirmed using exon specific qPCR.

4.4.2 Novel isoforms of ZFP57

The finding of different expression levels between the different exons of ZFP57 in the COX LCL led to

interrogation of the different isoforms of ZFP57 that could be detected using RACE-PCR. Two

uncharacterised isoforms of ZFP57 were found, both of which would cause the protein product of the

transcript to be truncated. This was an interesting discovery as the truncated protein, if translated,

would have lost most of the DNA binding KRAB domain that is thought to be the functional domain of

KRAB-ZNF proteins. Although the protein was shown to be translated in the COX, APD and PGF LCLs

(although at a low level in the PGF LCL) the translation of these alternate isoforms could not be

confirmed as there was no commercially available antibody that was not raised against the N-

terminal portion of the protein that would be truncated. QBL and PGF LCLs were interrogated for the
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different isoforms however as expected there was no detectable expression of the “skipped”

isoform.

The western blot showing ZFP57 expression in three LCLs shows that additional isoforms not

detected by RACE-PCR may be present in the COX LCL, although these are not found in the nuclear

lysate suggesting that only one functional isoform is trafficked to the nucleus, and the other may be

degraded or is a precursor to the final functional isoform. The western blot analysis also shows that

even very low expression of ZFP57 such as in the PGF LCL can still lead to a protein product. This is

relatively unexpected as the published literature suggests that ZFP57 expression and translation is

reduced as the cells differentiate (Okazaki 1994). The ZFP57 protein also appears to be in a much

higher concentration in the APD LCL compared to the COX LCL, despite higher ZFP57 expression seen

in COX. This implies that gene expression levels may not solely dictate the protein levels of ZFP57 in

a tissue. There is no additional band found in the APD LCL western blot analysis, perhaps indicating

that additional isoforms are not present.

4.4.3 Fine mapping of ZFP57 regulatory variants

The new 288 healthy volunteer cohort helps to fine-map genetic variation affecting ZFP57 expression

beyond that seen in Chapter 3. This is likely to be due to not only the increased numbers involved in

the study but also the selection criteria of the volunteers to reduce the problems of population

stratification within the samples. While the top SNP showing association with ZFP57 expression in

the initial cohort of 96 volunteers (rs29228) was not associated with expression in the YRI LCLs

analysed, one of the top SNPs identified in the second cohort was shown to be significantly

associated with change in mean expression with genotype in both the CEU and YRI populations

(rs375904). Fine mapping of expression-associated variants in one population may therefore narrow

the region of association to define or closely tag the functional variant. This is also evident when

looking at recombination events over the ZFP57 loci; where strong recombination is seen the

association of SNPs to expression falls. Further fine mapping in a larger sample or targeted re-

sequencing of the volunteer cohort gDNA may give more insight into the true functional variants
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responsible for differential ZFP57 expression however the area tagged by the most associated SNPs

(over 5kb) is still relatively large.

4.4.4 Haplotype and HLA type association

The LD structure of the ZFP57 region was defined using haploview (Barrett 2005), confirming that as

expected all three top SNPs associated with ZFP57 were found within the same haplotype block. This

also allowed the identification of rs3129063 as the only SNP to differ between haplotypes with the

“A” allele at rs2535238, indicative of increased ZFP57 expression. This SNP difference did not lead to

a significant difference in mean ZFP57 expression between the two haplotypes (Mann-Witney test,

p=0.41) showing that rs3129063 was not the functional SNP for this effect.

Using the imputation data for classical HLA alleles it was confirmed that there was a significant effect

on ZFP57 expression for some HLA-A types. The HLA-A types identified as associated with increased

ZFP57 expression were HLA-A *01, *23 and *24. Although possession of a copy of HLA-B*08

appeared to be associated with altered ZFP57 expression it was shown that this was instead an

association with the HLA-A type, in that generally possession of a copy of HLA-B*08 indicated

possession of an HLA-A type associated with ZFP57 expression, rather than a separate genetic effect.

Analysis of ZFP57-correlated genes in B cells and monocytes showed that HLA-A expression varied

with ZFP57 expression (p=1.68x10-10 in monocytes, p=1.01x10-8 in B cells) and several other genes

around the HLA-A region were also found to correlate with ZFP57 when analysed on the array, such

as HLA-G and HLA-H. These genes are upstream of the ZFP57 loci and are close to HLA-A; it is likely

that a more general cis-acting effect is modulating the expression of genes within or near to the HLA-

A locus. This further confirms the association of ZFP57 expression seen with possession of HLA-A

types *01, *23 and *24.

The HLA type HLA-A*01, HLA-B*08, HLA-C*07 have been frequently associated with each other and

with autoimmune disease, as seen in the COX haplotype which has been shown to increase

susceptibility to SLE, T1D and myasthenia gravis (Price 1999). Additionally, HLA-A*01, HLA-B*08 has

been previously associated with early onset of SLE in two different populations (Goldberg 1976),

while the extended haplotype of HLA-A01-B08-C07 was associated with rapid HIV progression in the
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mid-nineties and has also been associated with susceptibility to common immunodeficiency and

infectious disease more generally (Kaslow 1990, Price 1999).

It was reassuring to see that expression of ZFP57 was higher in individuals who possessed a copy of

the extended COX haplotype (HLA-A1-B8-Cw7-DR3) compared with those that had a copy of the PGF

haplotype (HLA-A3-B7-Cw7-DR15). This fitted with the findings of the MHC array where the COX LCL

had higher ZFP57 expression than either PGF or QBL. This finding is likely to be due to the COX

haplotype containing the HLA-A*01 allele that has been shown to be associated with higher

expression of ZFP57, and shows that MHC homozygous LCLs can be used to identify strong haplotypic

effects that are also found in healthy volunteer primary cells.

BTN3A2 expression was found to have associated SNPs shared with ZFP57 expression-associated

SNPs, making it likely the two genes were somehow related. Analysis of BTN3A2 showed that

possession of the HLA-A*01 haplotype is associated with gene expression, and so the association

with ZFP57 expression may instead be the result of long-range haplotype interactions of the HLA-A

locus. However, the association between the two genes appears to be negative: as ZFP57 expression

increases, BTN3A2 expression is seen to decrease slightly and the genotype associated with higher

expression of ZFP57 is associated with lower expression of BTN3A2.

BTN3A2 has been previously shown to have variable gene expression with regulatory elements found

over at least a 15kb stretch of DNA in cis (Pastinen 2004). It is a member of the immunoglobulin

super-family (Williams and Barclay 1988) and has therefore been implicated in regulation of the

immune response. Intriguingly a SNP shown to regulate BTN3A2 expression has been associated

with T1D (Viken 2009) in an independent finding to those of the association of the HLA-DQA1, -DQB1,

-DRB1 and HLA-A, -B, -C loci that have been well established with T1D (Sheehy 1989, Hanifi

Moghaddam 1998, Valdes 2005, Nejentsev 2007). Mutations that affect the ZFP57 protein have

been previously associated with TND, which increases predisposition to T1D in later life as well as

increasing the chance of having a relative with diabetes (Mackay and Temple 2010, Temple and

Shield 2010).
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4.4.5 ENCODE data to interrogate ZFP57 regulation

This chapter has shown that ZFP57 expression is not confined to development in all humans.

Expression of both the gene and protein has been seen in several different cell and tissue types, and

while expression is low it is highly variable, dependent on genotype. This is particularly apparent in

the healthy volunteer cohort, where the majority of individuals do not express ZFP57 at a detectable

level; however a significant minority show reproducible expression that leads to a protein product

(determined by FACS analysis). This expression is not constant in all cell types, confirmed using FACS

analysis that showed significantly higher ZFP57 expression in monocytes compared to B cells from

one individual. Regulatory marks investigated by ENCODE also showed cell-type specific differences

in the histone modifications observed, with H3K27Ac marks (associated with active regulatory

elements) strongly observed over the 5’ end of ZFP57, as well as indications of promoter-specific

histone marks (H3K4Me1) and histone modifications generally associated with regulatory elements

(H3K4Me3).

Of the seven cell lines analysed for histone modifications by the ENCODE project, NHEK (a

keratinocyte cell line) showed strongest evidence of the regulatory marks associated with active gene

transcription and regulation. This is interesting as the keratinocyte cells have undergone substantial

differentiation and thus would be expected to have very low or absent gene expression. However,

gene expression data was not available for the cell line from ENCODE so whether these modifications

are functional is unclear. Embryonic stem cells (hESC cell line) showed H3K4Me1 enrichment,

suggesting the presence of regulatory elements. Unlike in NHEK cells, this was stronger than the

H3K27Ac mark, which is associated with active regulatory elements. Additionally, expression of

ZFP57 was found using RNA-seq by ENCODE, but it was at a relatively low level. This could be due to

the conditions for cell culture of hESC cells being different to conditions in vivo or because down-

regulation of ZFP57 has already begun. Early down-regulation of ZFP57 has been previously noted

when ZFP57 was determined essential in both maternal mRNA and in the early stage of the oocyte (Li

2008). Interestingly, in hESC cells, the highest enrichment of the H3K27Ac mark is seen overlapping

the area showing the highest association with ZFP57 expression levels. When viewing the ENCODE
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data the most informative cell line for comparison purposes to the LCL and volunteer data was the

binding data generated for GM12878, an LCL of CEU origin. GM12878 showed evidence of the

H3K4Me1 mark suggesting regulatory elements were present, particularly over the first intron where

most SNPs associated with ZFP57 expression were found.

The cell line GM12878 is heterozygous for the top SNPs associated with ZFP57 expression differences

(genotype available through the HapMap project). Where a given TF identified as having a binding

site modified by one of these SNPs has been assayed by ENCODE for genome-wide binding it has

failed to see any of the in silico predictions made by JASPAR in vivo. This is likely to be due to the

high number of false positives generated by TF binding prediction (Fickett 1996). It is also known

that most gene regulation interactions involve several regulatory proteins working in a complex , and

these would not be identified by DNA sequence alone (Wasserman and Sandelin 2004). ENCODE TF

binding data detected SRF binding in H1hESC, CEPBP in HeLa cells, STAT3 in MCF10A-Er-Src cells,

CTCF in MCR-7 cells and in H1hESC (using 2 different antibodies). All these TFs had also been

investigated using ChIP-seq in the GM12878 LCL; however no binding of any was detectable.

It is unsurprising to only see the binding of SRF to ZFP57 in hESC cells, as SRF is reported to be

predominantly an activating TF, inducible in response to serum or growth factors and contributing to

cell differentiation (Johansen and Prywes 1995). It is therefore likely that in embryonic stem cells,

SRF plays a regulatory role in the expression of ZFP57. However, it is unknown if SRF could also be

regulating expression of ZFP57 in LCLs and PBMCs, especially as no binding was detected in the

GM12878 LCL. CTCF is well known as a transcriptional regulator (Phillips and Corces 2009); its

binding in the hESC line is unsurprising as it may play a role in ZFP57 regulation in early development.

Like SRF it is not found binding in the GM12878 LCL so it is unclear if any putative regulatory role

could be extrapolated to cells that have undergone differentiation.

4.4.6 Disease association with expression of ZFP57

Some SNPs shown to be associated with variance in ZFP57 expression were found to be associated

with complex disease (or a proxy SNP in LD with a previously associated SNP). The strongest

association with ZFP57 expression involving a disease associated SNP was the nasopharyngeal
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carcinoma associated SNP rs3129055; disease association p=7.0x10-11 (Tse 2009), ZFP57 expression

association p=7.15x10-31, which is located upstream of ZFP57 and falls under a peak of H3K4Me1

histone modification (determined by ENCODE ChIP-seq data) in hESC cells predominantly. This is

particularly interesting due to the previous study of ZFP57 expression in early development.

rs3129055 was originally thought to be associated with the HLA-F gene (upstream of the SNP) when

analysed by the nasopharyngeal carcinoma study (Tse 2009), but this analysis suggests that it may

instead be marking an association with ZFP57 expression downstream of the SNP. It is found in high

LD with the top ZFP57 associated SNP rs2535238 (R2=0.838496), which is suggestive of strong

linkage. Two other SNPs showing weaker association with ZFP57 expression have also been

identified associated with increased susceptibility to nasopharyngeal carcinoma; rs2517713; disease

association p=4x10-20, (Tse 2009) ZFP57 expression association p=1.72x10-5 and rs2860580; disease

association p=5x10-7 (Bei 2010) ZFP57 expression association p=1.25x10-4. Both of these SNPs are

located at a greater distance to ZFP57, near HLA-A, and so could be the result of linkage in the MHC.

As previously discussed, HLA-A expression has been correlated with ZFP57 in primary B cells and

monocytes, but this was thought likely to be due to a longer ranging cis effect than through direct

linkage.

In addition to the association of ZFP57 expression with nasopharyngeal carcinoma, an association

with lung cancer and adenocarcinoma was also found. The lung adenocarcinoma susceptibility SNP

showing the strongest association with ZFP57 expression is rs4324798 (p=2.9x10-10), which is found

nearly 1Mb downstream from ZFP57 and has a disease association of p=2x10-8 (Landi 2009).

However, it is located under a strong peak for H3K4Me3 (histone modification associated with

promoter elements) determined by ENCODE ChIP-seq data. Another SNP increasing susceptibility to

lung cancer/ adenocarcinoma (rs3117582) replicated in three studies with association to disease of

p=5x1012 (Wang 2008a, Broderick 2009, Landi 2009) shows much weaker association with ZFP57

expression (p=2.0x10-4) and is located upstream at much greater distance. Despite this, it may still be

indicative of a real effect as the SNP is found under a robust peak of H3K4Me3, and H3K27Ac

(associated with active regulatory elements).
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KRAB-ZNF genes have previously been associated with various types of cancer, both by down-

regulation of the gene leading to a lack of heterochromatin formation (Cheng 2010), and up-

regulation leading to silencing of other tumour suppressor genes (Silva 2006). Both these examples

show the fine balance that must be maintained for normal cell development, and the epigenetic

ramifications for the disruption that can occur when expression of these TFs is altered. Methylation

or deletion of ZNF genes on chromosome 19, where a cluster of these TFs are found is commonly

seen in many cancers (Shao 2001).

HIV-1 control and AIDS progression has been associated with the HLA region by many studies

(Pereyra 2010). rs8321, found within the ZNRD1 gene, has shown the highest association with ZFP57

expression (p=2.75x10-11) and has been implicated in control of AIDS progression (p=5x10-7) (Limou

2009). The SNP rs259919 with an association to HIV control of p=3x10-7 (Fellay 2009) has also shown

high association with ZFP57 expression (p=5.2x10-11) and is also located further upstream in the MHC

class I region near the ZNRD1 gene. Several other SNPs associated with HIV-1 control also show

evidence of association with ZFP57 expression but at much lower significance; rs3131018 (p=2.58x10-

3) and rs7758512 (p=5.57x10-3) (Fellay 2009, Pereyra 2010). rs7758512 is again located within the

ZNRD1 gene, under a strong peak of H3K4Me1 methylation modification in the NHEK cell line only.

This could imply a cell-type specific effect of the SNP, perhaps indicating that in certain cell types it

could have a more significant effect on ZFP57 expression. It is unclear how ZFP57 would carry out a

functional role in the control of HIV-1, especially in the context of the proposed mechanism of

variable virus-peptide binding by HLA molecules (Pereyra 2010). The association of HIV-1 control to

ZFP57 expression may be the result instead of linkage in the MHC or by association of ZFP57 with

ZNRD1. When ZNRD1 is knocked down HIV-1 progression is inhibited (Ballana 2010), so an

association between ZFP57 and ZNRD1 could imply that ZNRD1 is a target of ZFP57.

The overlap of autoimmune disease association with ZFP57 expression SNPs was not particularly

striking compared to cancer and HIV-1 control; however some disease-associated SNPs are also

found to be associated with ZFP57 expression. A GWAS for vitiligo, an autoimmune disease resulting

in depigmentation through melanocyte loss, pinpointed the SNP rs6904029 (p value of disease
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association =1x10-21) (Jin 2010), which is weakly associated to ZFP57 expression (p=6.86x10-5). At a

similar level of significance of ZFP57 expression association are associations to systemic sclerosis, SLE

and neonatal lupus erythematosus which are all inflammatory conditions (Harley 2008, Clancy 2010,

Allanore 2011). T1D association of SNP rs2647044 (disease association p=1x10-16) is seen at a lower

level of significance (ZFP57 expression association p=4.2x10-3) but is interesting due to previous

association of ZFP57 to TND (Mackay 2008). The SNP rs2647044, identified as being associated with

T1D susceptibility (Hakonarson 2007), is located in the HLA-DQ region, previously associated with

several autoimmune diseases, particularly T1D (Barrett 2009a, Britten 2009).

Some SNPs showing a weak association with ZFP57 expression have been previously associated with

schizophrenia in several different studies (Purcell 2009, Shi 2009, Stefansson 2009). These tend to be

found in close proximity to other ZNF genes rather than in the ZFP57 region, suggesting that perhaps

an element of global control of ZNF genes could be responsible for this association, rather than a

specific effect of ZFP57 expression in schizophrenia.

4.4.7 Conclusion

ZFP57 has proven to be a gene of interest in terms of its differential expression and regulation. SNPs

that have been shown to be closely associated with ZFP57 expression have been previously identified

as associated with various diseases, and these diseases have often been previously linked the HLA-A

type most associated with ZFP57 expression. HLA-type analysis has allowed these associations to be

made clear. It is possible to see this as a future way for functional studies to combine their

information with GWAS leading to greater biological insight. This analysis will be used as a template

for the study of other promising candidates from the previous chapter, the HLA-DQ genes and HLA-C.
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Chapter 5 - Allele-specific expression of classical HLA genes

5.1 Introduction

Classical HLA genes play a critical role in antigen presentation and immunity. They are remarkably

polymorphic and show striking associations with disease, notably autoimmune conditions (Fernando

2008b). However, fine mapping and resolving the functional basis of many associations is difficult. In

many cases this involves structural changes in the encoded proteins but differential gene expression

may also be significant (Todd 1988, Epstein 2009). In light of the observed associations with gene

expression found for specific HLA genes and SNPs in Chapter 3, some genes in the classical class I and

class II regions, namely HLA-C and the HLA-DQ family are investigated further.

5.1.1 HLA-DQ region

The HLA-DQ genes encode a class II antigen presenting molecule, the HLA-DQ heterodimer (see

Figure 5.2), involved in antigen presentation via the exogenous pathway. The HLA-DQ heterodimer is

formed from α-chains encoded by HLA-DQA1, and a β-chains encoded by HLA-DQB1 which associate

and are anchored in the cell surface membrane. While HLA-DQA2 is also an α-chain molecule, it is 

expressed at lower levels than HLA-DQA1. It is unclear whether the HLA-DQB2 protein is expressed

despite expression of the gene (also a β-chain encoding gene) at the transcript level, meaning that 

HLA-DQA2 may be expressed on the cell surface of antigen presenting cells without associating with

a β-chain molecule (Rudy and Lew 1997).  The genes are found in a highly polymorphic region of the 

MHC, particularly the membrane distal domain genes HLA-DQA1 and HLA-DQB1; the HLA-DQ locus is

detailed in Figure 5.1. The HLA-DQ genes are expressed primarily in antigen presenting cells such as

B cells, dendritic cells and macrophages (Korman 1985).
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Figure 5.1: HLA-DQ gene locus. The HLA-DQ genes are found in an area of extreme polymorphism,

and many variants at this locus have been associated with complex disease. SNPs shown in green are

GWAS identified variants associated with various complex diseases. The HLA-DQ genes from the

refseq assembly are shown, with histone modifications associated with regulation of gene

expression; H3K4Me1 (often indicating regulatory elements), H3K4Me3 (often indicating a promoter

region), and H3K27Ac (often indicating active regulatory elements) in seven cell lines investigated by

ENCODE.

Figure 5.2: HLA-DQ protein association. Reproduced from (Cassinotti 2009). The schematic shows

the association between the two different protein products of the class II genes, such as those

encoded by HLA-DQ region genes, forming an antigen presenting molecule on the surface of an

antigen presenting cell.

The polymorphisms found in all of these genes include non-synonymous variants and structural

changes in the expressed protein that result in varying abilities to bind and present certain antigens.

This is likely to be most significant for the more widely expressed HLA-DQA1 and HLA-DQB1 genes.

HLA-DQB1 was shown to have the most significant cis-associated SNPs related to its variable
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expression in Chapter 3, and is the subject of further characterisation in this chapter. The gene can

be found on the antisense strand in the MHC (chr6:32,627,657-32,634,466) (hg19). The HLA-DQ

heterodimer of HLA-DQA1 and HLA-DQB1 has been implicated in coeliac disease, where possession

of particular HLA-DQA and HLA-DQB alleles led to increased risk of disease, and intriguingly

possession of two copies of the relevant HLA-DQB*02 allele appeared to be associated with

enhanced disease risk at an earlier age, suggesting a dose-dependent effect of this risk allele (Murray

2007). This is particularly interesting when considering the impact of cis-regulated variable

expression. It is thought that binding of gluten to the HLA class II molecules at the HLA-DQ

heterodimer is partly responsible for the pathogenesis of coeliac disease, whereby specific changes

to the residues of the dimer alter the affinity of the antigenic peptides that are presented by the

molecule, resulting in some form of aberrant presentation (Qiao 2009). Coeliac disease is thought to

be influenced by many factors and an individual alteration in the state of a HLA molecule is generally

accepted to be insufficient to induce the disease (Green and Jabri 2006).

The HLA-DQ region has also been associated with other autoimmune diseases, notably T1D. Both

increased and decreased susceptibility to T1D have been identified involving the HLA-DQA and HLA-

DQB regions (Todd 1990, Redondo 2001). Three other inflammatory conditions have also shown

reproducible associations with the HLA-DQ region; RA, SLE and MS (Yao 1993, Ihle 2003, Heap and

van Heel 2009). This is perhaps unsurprising given the significant overlap seen between loci

associated with many complex autoimmune disorders (Cotsapas 2011).

Inherited factors also have a large impact on a response to infection or susceptibility to infectious

disease (Hill 2006). The HLA-DQ region as a whole has been previously implicated in several studies

investigating susceptibility to infectious disease, for example the modification of outcomes when

infected by Toxoplasma gondii (Mack 1999). A well reported association of the HLA-DQ region with

susceptibility to leprosy is hard to distinguish from the HLA-DR region due to the strong LD in the

region (Fitness 2002, da Silva 2009).

In light of these observations, the expression of all genes in the HLA-DQ region will be interrogated in

this chapter for further understanding into their regulation and disease association.
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5.1.2 HLA-C

In contrast to the HLA-DQ genes, HLA-C is expressed in the majority of cells rather than just antigen

presenting cells. It is part of the MHC class I antigen presentation pathway, important in presenting

peptides to CD8+ cytotoxic T cells via the endogenous pathway, and is encoded on chr6:31,236,530-

31,239,855 (hg19).  HLA-C protein is associated with β2-microglobin, however only HLA-C forms the 

peptide binding cleft, and is anchored into the cell surface by a transmembrane domain (see Figure

5.3). If a non-self antigen is presented by HLA-C or one of the other HLA class I molecules it identifies

the cell to the immune system as being infected.

Figure 5.3: Class I antigen presenting molecule. Reproduced from (Cassinotti 2009). The schematic

shows the association between the 2 different protein products of the class I genes, such as HLA-C,

and β2-Microglobulin; forming an antigen presenting molecule found on the cell surface of the

majority of cell types.

HLA-C is expressed at a lower level on the cell surface than the other classical class I molecules HLA-A

and HLA-B, despite similar transcription levels.  This is thought to be due to poor association with β2-

microglobin and export to the cell surface (Neefjes and Ploegh 1988). HLA-C-specific responses and

disease associations have been less described than other class I associations (Blais 2011). Like the

HLA-DQ region, HLA-C has been associated with several diseases that involve the immune system,

notably T1D (Valdes 2005), MS (Yeo 2007), and host control of HIV-1 (Fellay 2007). SNPs in the HLA-C

region, which is also close to the genes HCP5 and HLA-B (see Figure 5.8), have been implicated in the

control of the viral load in HIV infected patients, however strong LD in the region makes it impossible

to determine the true causal variant for this phenomenon (Trachtenberg 2009). This is also the case

in the study of psoriasis, where a SNP upstream of the HLA-C region has been implicated as
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associated with the condition, but there are many other SNPs associated in the same region and a

mechanism for their effect is unclear (Liu 2008). Expression of HLA-C was shown to be associated

with several local, likely cis-acting variants following eQTL mapping in the cohort of 96 healthy

volunteers (Chapter 3). In this chapter, HLA-C and its genetic determinants of expression are

analysed further.

5.2 Aims

Both the HLA-DQ region and the HLA-C region have been implicated in susceptibility to, and

protection against, many human diseases. However, the mechanisms for many of these associations

remain unclear. While a dose-dependent effect caused by the number of copies of the susceptibility

allele may be causative, it is often hard to determine if this is due to an effect on the protein

structure or the expression level of the gene of interest. By further investigating the expression of

these genes it is hoped that it will become clearer whether expression levels could be responsible for

disease pathogenesis or protection. The HLA-DQ region was investigated to determine if expression

of all four genes is related and to identify alleles affecting expression strongly, which could in turn be

linked to disease. The HLA-C gene has been previously linked to HIV-1 control and protein expression

appears particularly important for this. The investigation into HLA-C gene expression could help to

identify variants especially associated with gene expression that may in turn affect protein levels, as

well as to fine map known HIV-1 associated SNPs in terms of their gene association. Specific aims of

this chapter are:

1. To validate and fine map the observed cis-eQTL for HLA-DQB1 and other HLA-DQ genes

2. To validate and fine map the observed cis-eQTL for HLA-C

3. To investigate the functional and disease significance of identified expression-associated

SNPs and haplotypes



119

5.3 Results

5.3.1 HLA-DQ region

Initially, expression of HLA-DQA1, HLA-DQA2, HLA-DQB1 and HLA-DQB2 was investigated in the new

volunteer cohort (detailed in sections 2.7 and 4.3.3) to determine firstly, if differential expression of

these functionally linked genes was related to each other and secondly, if the association of

rs1071630 with HLA-DQB1 gene expression found in the original cohort (Chapter 3) could be

replicated. Gene expression was measured using SYBR green qPCR in duplicate and was normalised

to ACTB. Genotyping of gDNA was performed using the Illumina Infinium high-density genotyping

bead arrays and association analysis was performed using PLINK as previously described (Sections 3.3

and 4.3.3). The same qPCR primers (sequences found in Table A.1) were used to ensure that the

results were comparable between the sample cohorts.

Figure 5.4: Density plot showing variation of expression levels in HLA-DQA1, HLA-DQA2 and HLA-

DQB1. Log expression of the three HLA-DQ genes, determined by qPCR, plotted versus the frequency

density of expression.

The observed expression levels for each gene and variance within the cohort are shown (Figure 5.4).

HLA-DQB2 expression was found to be so low that it was not included in this analysis (see Figure 5.5).

While both HLA-DQA1 and HLA-DQA2 show a relatively Gaussian distribution of expression, with little

overall variation between individuals, HLA-DQB1 expression is highly variable and seems to have two
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separate groups in terms of expression levels. These are defined as “high” and “low” HLA-DQB1

expressers. High expressers do not have a Gaussian distribution of expression, implying that a third

group may be present, however for the purpose of this analysis they will be considered together.

Expression for each HLA-DQ gene was then correlated with the other HLA-DQ region genes to look

for association of expression in the region as a whole (Figure 5.5).

Figure 5.5: Linear regression correlation of expression of i) HLA-DQA1 vs HLA-DQA2 ii) HLA-DQA1

vs HLA-DQB1 ii) HLA-DQB1 vs HLA-DQB2 and iv) HLA-DQA2 vs HLA-DQB1. Normalised expression of

the 4 HLA-DQ genes are plotted against each other. R2 values are i) 0.632 (p<0.0001, linear

regression), ii) 0.210 (p<0.0001), iii) 0.0008 (p=0.638) and iv) 0.199 (p<0.0001).

This data shows that three out of the HLA-DQ genes show a significant correlation in levels of

expression. The strongest correlation was seen between HLA-DQA1 and HLA-DQA2. No correlation

was seen between HLA-DQB2 and HLA-DQB1 (and between HLA-DQB2 and any HLA-DQA gene, data

not shown), probably due to the extremely low expression of HLA-DQB2 rendering many samples

undetectable and thus affecting the results. Genetic determinants of gene expression were then
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investigated for HLA-DQA1, HLA-DQA2 and HLA-DQB1, but not HLA-DQB2 due to the high number of

samples deemed “non-expressing”.

5.3.2 HLA-DQB1 expression

PLINK analysis showed that the SNP previously most associated to HLA-DQB1 expression in the first

volunteer cohort (rs1071630) was also strongly associated with expression in the second cohort

(p=2.45x10-54) (see Figure 5.6). The denser genotyping information in the second cohort allowed a

stronger association to HLA-DQB1 expression to be determined, rs9273448 (p=3.18x10-66).

Imputation over the region surrounding HLA-DQB1 using the data from the 1000 genome project

(Pennisi 2010) led to 39,975 additional SNPs for denser genotyping information to use in linear

analysis performed by PLINK. The program IMPUTE2 was used to predict the genotypes at additional

loci using the co-ordinates Chr6: 29600054-35639688 (Hg19), taken from the UCSC genome browser.

Figure 5.6: Manhattan Plot showing the association of SNPs with HLA-DQB1 expression. The most

associated SNP to HLA-DQB1 expression, rs9273448, is indicated by the larger red diamond.

In total, 3964 SNPs were shown to be associated at a genome-wide level of significance (1x10-8) with

the expression of HLA-DQB1 in the volunteer cohort. Expression was plotted in Figure 5.7, grouped

by genotype at rs9273448 and rs1071630 to demonstrate the effect of genotype on expression

levels.
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Figure 5.7: Association of genotype at i) rs1071630 and ii) rs9273448 with HLA-DQB1 expression.

Expression values are separated by genotype at i) rs1071630, the most associated SNP with HLA-

DQB1 expression in the initial cohort of 96 volunteers and ii) rs9273448, the most associated SNP

with HLA-DQB1 expression in the new cohort of 288 volunteers and plotted. Mean expression is

indicated for each genotype by the red bar. Both SNPs are shown to indicate a significant difference

in mean expression between the different genotypes by Kruskal-Wallis test (rs1071630; p<0.0001,

rs9273448; p<0.0001).

The region isolated by the Manhattan plot as showing most association with HLA-DQB1 expression

was investigated further using a recombination plot of the locus and surrounding area (Figure 5.8).

Recombination rates plotted in the locus showed that SNP association to expression decreased after

peaks of recombination as expected. As the locus was so polymorphic, only imputed SNPs shown to

be in high LD with the most associated typed SNPs to HLA-DQB1 expression were included (22 in

total).
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Figure 5.8: Regional association plot of the HLA-DQB1 locus: rs9273448 and rs3135006 the most associated typed SNPs to HLA-DQB1 expression are shown as red

diamonds.  Other typed SNPs in the region are indicated with a diamond showing LD to rs9273448: orange diamond R2 between 0.5≤0.8, yellow diamond 0.2≤0.5, 

white diamond <0.2) Imputed SNPs with R2>0.8 and so presumed to be in close LD are shown as white circles.
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As HLA-DQB1 expression appeared to have two separate distributions (see Figure 5.4), these were

analysed separately to assess if there were separate genetic contributions to each group. The

normalised expression of HLA-DQB1 was used to define the groups, with samples that had log(HLA-

DQB1 expression)<-3.0 being defined as “low” expressers as previously stated. PLINK was again used

to find SNPs that were associated with the difference in expression patterns. In the group with

higher HLA-DQB1 expression the top SNPs associated with expression did not change significantly. As

the low expresser group had only 39 individuals, it was impossible to carry out an association analysis

using expression values as there was not sufficient power to detect SNPs associated with this

expression pattern. Instead a case-control association analysis was run, using the high expressers as

“unaffected” samples, and the low expressers as “affected” samples. The top SNP associated with

the low expresser group was rs9273363 (p=4.48x10-22). The top SNPs associated with each

expression group were compared in Table 5.1:

rs9273363 GENO A/A A/C C/C

COUNTS 20 115 145

FREQ 0.07143 0.4107 0.5179

MEAN 0.000294 0.004128 0.007776

rs9273448 GENO A/A A/G G/G

COUNTS 17 87 176

FREQ 0.06071 0.3107 0.6286

MEAN 0.01553 0.00882 0.003278

Table 5.1: SNP frequencies and mean expression of HLA-DQB1. rs9273363 (associated with the low

expresser group of HLA-DQB1) and rs9273448 (associated with the high expresser group of HLA-

DQB1) are compared in terms of their frequencies and associated expression in the volunteer cohort.

5.3.3 HLA-DQA1 expression

As HLA-DQB1 expression was associated so strongly with genetic variation, and HLA-DQA1 expression

was correlated with HLA-DQB1 (see Figure 5.5), it was unsurprising that HLA-DQA1 was shown to also

have strong genetic determinants of expression when analysed using PLINK. Results from this

analysis are shown in the Manhattan plot in Figure 5.9.
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Figure 5.9: Manhattan Plot showing the association of SNPs with HLA-DQA1 expression. The most

associated SNP with HLA-DQA1 expression, rs17843604, is indicated with the larger red diamond

(p=7.83x10-11).

The most associated SNP with HLA-DQA1 (rs17843604) expression was used to group the volunteers

by genotype to look at how expression varied in Figure 5.10. In order to see if SNPs that affected

HLA-DQB1 expression also affected other genes, HLA-DQA1 expression was plotted by genotype at

rs9273448 (the most associated SNP with HLA-DQB1 expression).

Figure 5.10: Association of i) genotype at rs17843604 and ii) genotype at rs9273448 with HLA-

DQA1 expression. Expression values are separated by genotype at i) rs17843604, the most

associated SNP with HLA-DQA1 expression and ii) rs9273448, the most associated SNP with HLA-

DQB1 expression. (p value of association with HLA-DQA1 expression=5.84x10-4). Mean expression is

indicated for each genotype by the red bar. Both SNPs are shown to indicate a significant difference

in mean expression of HLA-DQA1 between the different genotypes by Kruskal-Wallis test

(rs17843604 p<0.0001, rs9273448 p=0.021).
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5.3.4 HLA-DQA2 expression

The same SNP associated most with HLA-DQA1 expression was also found to be most strongly

associated with HLA-DQA2 expression (rs17843604) following eQTL analysis (Figure 5.11). This

reinforces the finding that HLA-DQA1 and HLA-DQA2 were the most correlated genes of the HLA-DQ

region in terms of their expression.

Figure 5.11: Manhattan Plot showing the association of SNPs with HLA-DQA2 expression. The

most associated SNP with HLA-DQA2 expression, rs17843604, is indicated with the larger red

diamond.

HLA-DQA2 expression according to genotype at rs17843604 and rs9273448 (to assess how the SNP

strongly associated with HLA-DQB1 expression affected other HLA-DQ genes) were plotted in Figure

5.12.



127

Figure 5.12: Association of i) genotype at rs17843604 and ii) genotype at rs9273448 with HLA-

DQA2 expression. Expression values are separated by genotype at i) rs17843604, the most

associated SNP with HLA-DQA2 expression (p=1.58x10-9) and ii) rs9273448, the most associated SNP

with HLA-DQB1 expression (p(association to HLA-DQA2)=1.27x10-3) and plotted. Mean expression is

indicated for each genotype by the red bar. Both SNPs are shown to indicate a significant difference

in mean expression of HLA-DQA2 between the different genotypes by Kruskal-Wallis test

(rs17843604 p<0.0001, rs9273448 p=0.0298).

5.3.5 Haplotype association with HLA-DQB1 expression

As HLA-DQB1 showed the strongest association of genetic variants with gene expression of the HLA-

DQ genes, it was investigated further. The top SNPs associated with both the increased expression of

HLA-DQB1 and the group of HLA-DQB1 low expressers were analysed for evidence of a haplotype

association.

Both SNPs were found to be relatively rare, with a homozygous minor allele frequency of 7%

(rs9273363) and 6% (rs9273448) respectively. The expression of HLA-DQB1 in volunteers with these

minor alleles in a homozygous state was significantly different to expression in volunteers that had

one or two copies of the major allele. This implied that they could be from separate genetic

associations or haplotypes associated with expression variation of HLA-DQB1. However, for both

high and low expression of HLA-DQB1, top SNPs associated with expression were outside of any LD

blocks defined by Haploview (see Figure 5.13). This suggests that the haplotype marked by this

variant is not well defined and may be close to an area of high recombination.
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Figure 5.13: Haplotype structure over HLA-DQB1 expression associated variants. A haploview plot

shows the LD structure of the region around the SNPs most associated with HLA-DQB1 expression.

Red diamonds show allelic association (measured by the D’ statistic) between two SNPs with an

LOD>2; the darker the shade of red, the higher the value of D’, where 1 is the highest value. White

squares indicate no statistically significant evidence of LD but have an LOD>2. Blue squares show no

LD and have an LOD<2 between SNPs. The arrow indicates the approximate area of the most

associated SNPs. Using SNPs from the HapMap project, no strong LD can be found in the area

implying haplotypes are impossible to define over this region.

As haplotype blocks beyond the relatively large area defined in Figure 5.8 cannot be determined for

the region containing the most associated SNPs, further haplotype-based analysis of HLA-DQB1

expression is not possible. The classical HLA types however can be interrogated to see if they impact

the expression of HLA-DQB1 significantly and mark a longer ranging haplotypic effect. As HLA-DQB is

one of the six main HLA-loci that have been typed by imputation for the volunteer cohort (see

section 4.3.6), it was investigated whether HLA-DQB type was associated with HLA-DQB1 gene

expression. Association of all classical HLA types with HLA-DQB1 expression was also analysed to

help define the genetic variation responsible for differential gene expression (see Figure 5.14),

particularly HLA-DQA and HLA-DR alleles which are both close to the HLA-DQB locus.
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5.3.6 HLA type association with HLA-DQB1 expression

Figure 5.14: HLA-DQB1 expression and 2 digit HLA-types. The average HLA-DQB1 expression

associated with a copy of each different HLA type is shown for six regions across the MHC for 288

healthy volunteers together with the mean expression values (denoted by the red bar). While HLA-A,

HLA-B and HLA-C alleles do not show any association with HLA-DQB1 expression differences, class II

alleles do show evidence of association (p<0.0001 when analysed using a Mann-Whitney test)

involving HLA-DQA*01, HLA-DQB*06 and HLA-DR*13/15.

HLA-DQB alleles could be segregated according to mean expression values of HLA-DQB1, with

possession of a copy of HLA-DQB*06 in particular indicating likelihood of higher expression. As



130

increased expression was also seen in volunteers who possessed a copy of HLA-DQA*01 or HLA-

DR*13/14/16, further analysis was undertaken to determine if the HLA-DQB allele was responsible

for these differences as well (see Figures 5.15 and 5.16), or if there was a separate genetic effect.

Figure 5.15: HLA-DQB1 expression and HLA-DQB and HLA-DQA allele copy number and gene

expression. Volunteers are grouped according to copy number of HLA-DQB*06 and HLA-DQA*01

and HLA-DQB1 expression levels are plotted. Possession of copies of either allele influences the

mean gene expression level, indicated by the red bar (p<0.0001 when analysed using a Kruskal-Wallis

test).

This analysis shows that despite no clear haplotypic association being found over the region at the

SNP level with HLA-DQB1 expression, there are strong effects apparent on analysis of HLA type

involving the classical class II alleles. Although HLA-DR type appears to influence expression, this is

most likely the result of association between the HLA-DQB and HLA-DR regions, as HLA-DR type does

not influence gene expression directly (Figure 5.16). There was also no clear HLA-type association

with the group of low HLA-DQB1 expressers, suggesting that the SNPs that are associated with low

HLA-DQB1 expression mark a particular functional variant.



131

Figure 5.16: HLA-DQB1 expression-associated-allele (HLA-DQB and HLA-DR) copy-number and gene

expression. Volunteers were grouped according to copy number of HLA-DQB*06 and HLA-

DR*13/15/16 alleles and their HLA-DQB1 expression is plotted. Mean expression is indicated for

each group by the red bar. While possession of HLA-DQB*06 clearly influences gene expression

(p<0.0001 between the HLA-DQB types using a Kruskal-Wallis test), the number of copies of the HLA-

DR alleles do not necessarily have a separate effect (p=0.0785 between the 1 HLA-DQB*06 with

varying HLA-DR types using a Kruskal-Wallis test, p=0.003 between 0 HLA-DQB*06 with varying HLA-

DR types using a Mann-Whitney test).

5.3.7 HLA-DQ gene expression and association with disease

Having shown that HLA-DQB1 expression is highly variable according to genotype and can also be

associated with possession of particular HLA types, its association with disease was investigated. As

previously noted, the haplotype HLA-A3-B7-Cw7-DR15 carried by the PGF LCL is associated with

several autoimmune diseases, and includes the HLA-DQB*06 allele, shown here to be associated with

increased HLA-DQB1 expression. By comparing the SNPs most associated with HLA-DQB1 expression

with the GWAS catalogue of disease associated SNPs, possible functional information about HLA-

DQB1 and its role in disease could be determined. This was carried out in the same manner as

previously described in section 4.3.15 and the results detailed in Table 5.2. If diseases associated

with the HLA-A3-B7-Cw7-DR15 haplotype, such as T1D protection, and MS or SLE susceptibility, are

shown to be particularly associated with HLA-DQB1 expression this may also give an insight into how

this haplotype is involved in disease susceptibility.
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Disease trait HLA-DQB1
associated
SNP

p value association
with HLA-DQB1
expression

p value GWAS
disease
association

Reference

Type 1 diabetes rs1063355 9.79x10
-55

6x10
-129

(WTCCC 2007, Cooper 2008)

rs2647044 7.69x10
-9

1x10
-16

(Hakonarson 2007)

Multiple sclerosis rs3135388 5.17x10
-23

4x10
-225

(Hafler 2007, De Jager 2009)

rs9271366 6.48x10
-23

4x10
-17

(Bahlo M 2009, Nischwitz
2010)

rs3129934 1.67x10
-18

9x10
-11

(Comabella 2008)

Asthma rs9273349 9.79x10
-55

7x10
-14

(Moffatt 2010)

rs204993 2.81x10
-8

2x10
-15

(Hirota 2011)

rs3117098 3.68x10
-7

5x10
-12

(Hirota 2011)

Immunoglobulin A
Deficiency

rs9271366 6.48x10
-23

3x10
-33

(Ferreira 2010)

rs2187668 3.8x10
-7

2x10
-33

(Ferreira 2010)

Follicular lymphoma rs2647012 4.21x10
-20

2x10
-21

(Smedby 2011)

Hepatocellular
Carcinoma

rs9275572 3.55x10
-17

6x10
-9

(Kumar 2011)

Hodgkin's lymphoma rs6903608 3.05x10
-10

3x10
-50

(Enciso-Mora 2010)

Alopecia areata rs9275572 3.55x10
-17

1x10
-35

(Petukhova 2010)

Systemic lupus
erythematosus

rs9270856 1.94x10
-16

1x10
-12

(Han 2009)

rs2301271 5.15x10
-8

2x10
-12

(Chung 2011)

rs2187668 3.8x10
-7

6x10
-28

(Chung 2011), (Hom 2008)

Inflammatory bowel
disease

rs9271366 6.48x10
-23

2x10
-70

(Okada 2011)

rs9271488 1.84x10
-13

1x10
-8

(Kugathasan 2008)

rs477515 1.21x10
-11

1x10
-8

(Kugathasan 2008)

Systemic sclerosis rs6457617 9.48x10
-13

2x10
-37

(Radstake 2010, Allanore
2011)

rs443198 1.37x10
-8

9x10
-21

(Gorlova 2011)

rs3129763 7.98x10
-8

1x10
-11

(Gorlova 2011)

Nephropathy rs9275596 1.04x10
-21

2x10
-26

(Gharavi 2011)

Rheumatoid arthritis rs6457617 9.48x10
-13

1x10
-9

(Julia 2008), (WTCCC 2007)

rs9268853 3.15x10
-12

5x10
-109

(Eleftherohorinou 2009)

rs9272219 5.11x10
-11

1x10
-45

(Eleftherohorinou 2009)

Ulcerative colitis rs2395185 2.22x10
-12

5x10
-22

(Asano 2009, Silverberg 2009)

rs9268853 3.15x10
-12

1x10
-55

(Anderson 2011)

rs9268877 1.06x10
-9

4x10
-23

(Barrett 2009b), (Franke 2008)

Coeliac disease rs2187668 3.8x10
-7

1x10
-50

(Dubois 2010)

rs2187668 3.8x10
-7

1x10
-19

(van Heel 2007)

Leprosy rs602875 9.82x10
-10

5x10
-27

(Zhang 2009)

Hepatitis B rs2856718 7.96x10
-9

4x10
-37

(Mbarek 2011)

rs7453920 2.73x10
-8

6x10
-28

(Mbarek 2011)

Table 5.2: Disease traits and their associated SNPs identified by GWAS studies that have

association to HLA-DQB1 expression. The table shows selected disease-trait associated SNPs have

been subsequently linked to HLA-DQB1 expression.
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There are several diseases that have been strongly linked to particular SNPs that either show

association with HLA-DQB1 expression or are in strong linkage with SNPs associated with HLA-DQB1

expression. The list of associated diseases is extensive, so only those SNPs showing association with

HLA-DQB1 expression above a genome-wide confidence limit have been included. In general these

SNPs have been linked to mainly autoimmune diseases although there is also an association with

infectious disease in the case of hepatitis and leprosy. Diseases that have previously been associated

with the HLA-A3-B7-Cw7-DR15 (PGF) haplotype are also shown to have SNP associations that are

linked with HLA-DQB1 expression.

5.3.8 HLA-DQB1 and Leprosy

The top SNP associated with HLA-DQB1 expression in the first cohort of volunteers analysed was

rs1076320 and this was associated with expression at an even more significant level in the second

cohort of volunteers (p=2.45x10-54). This SNP had been previously implicated in susceptibility to

leprosy in a GWAS (Wong 2010). Additionally, a second GWAS showed that another Leprosy-

associated SNP was also associated with HLA-DQB1 expression (rs602875, see Table 5.3) (Zhang

2009). This study also showed that the SNP rs9271366 was associated with Leprosy susceptibility.

However, rs9271366 was found to be refractory to genotyping in their cohort, and so rs602875 was

used as a proxy SNP. When examined in the healthy volunteer cohort, rs9271366 was found to be

associated with HLA-DQB1 to a much greater extent, (p=7.24x10-23). In the healthy volunteer cohort,

the SNP rs602875 was not genotyped with high quality; 57 individuals were unable to be genotyped

at this location. This could explain why rs602875 appears to be so much less associated with HLA-

DQB1 expression despite the high LD between it and rs9271366.

The SNP rs602875 found by the Zhang study and rs1071630 determined by the Wong study to be

associated with leprosy susceptibility were also shown to be associated with HLA-DQA1 expression;

rs1071630 (p=3.66x10
-9

) and rs602875 (p=1.51x10-3) although the significance of the association of

rs602875 does not reach genome-wide significance. It is notable that although some association is

seen the p values are much less significant than those seen for association with HLA-DQB1 expression

and so it is hypothesised that association with HLA-DQB1 expression is driving the signal seen in the
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GWAS study. The SNP rs9271366 has no association with HLA-DQA1 expression (p=0.77), making this

theory even more likely.

In order to determine if HLA-DQB1 expression could be directly linked with leprosy susceptibility,

SNPs identified by both previous GWAS studies as identified with leprosy were compared for their

association to HLA-DQB1 and HLA-DQA1 gene expression as well as the strength of association to

leprosy susceptibility and whether the effect of the minor allele was protective or deleterious in

Figure 5.17 and Table 5.3.

Figure 5.17: Expression of HLA-DQA1 and HLA-DQB1 for leprosy-associated SNP genotypes.

Expression of HLA-DQA1 and HLA-DQB1 in the healthy volunteer cohort is determined by qPCR and is

shown according to genotype at four SNPs most associated with leprosy susceptibility in two

separate studies; rs602875, rs9271366, rs1071630 and rs9270986. Expression that is found to be

significantly different according to genotype (p<0.05 by Kruskal-Wallis test) is shown in black (in all

examples of differential HLA-DQB1 expression p<0.0001, while differential HLA-DQA1 p values are:

rs602875 p=0.0014 and rs1071630 p<0.0001), while expression that shows no significant difference

associated with genotype is coloured in blue.
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SNP Genotype Position Putative
Gene of
regulation

p value
HLA-DQB1
expression

Associated
fold change
in HLA-DQB1
expression

p value
HLA-DQA1
expression

Associated
fold change in
HLA-DQA1
expression

OR of Leprosy
association

p value of
Leprosy
association

Reference

rs3104369 C/T* 32602482 HLA-DQB1 3.31x10
-39

2.58 8.67x10
-8 1.24 2.01 (1.53-2.64) 2.20x10

-7
(Wong 2010)

rs477515 A*/G 32569691 HLA-DQB1 1.21x10
-11 0.47 0.0001593 0.84 0.41 (0.29-0.57) 4.80x10

-7
(Wong 2010)

rs9270856 A*/G 32570839 HLA-DQB1 1.94x10
-16

1.96 0.05309 1.06 Not recorded 0.0955 (Zhang 2009)

rs9270986 A*/C 32574060 HLA-DQB1 6.79x10
-23

2.14 0.5319 1.02 2.45 (1.83-3.29) 1.40x10
-9

(Wong 2010)

rs1071630 C/T* 32609126 HLA-DQB1 2.45x10
-54

4.39 3.66x10
-9 1.26 2.3 (1.85-2.86) 4.9x10

-14
(Wong 2010)

rs9271366 A/G* 32586854 HLA-DQB1 7.24x10
-23

2.18 0.8142 0.98 2.35 1.94x10
-17

(Zhang 2009)

rs602875 A/G* 32573629 HLA-DQB1 9.82x10
-10

0.45 0.001513 0.83 0.67 5.0x10
-27

(Zhang 2009)

rs9273448 A*/G 32627747 HLA-DQB1 3.18x10
-66

3.02 0.0005848 1.18 NA NA NA

Table 5.3: SNPs previously associated with Leprosy and their association to HLA-DQA1 and HLA-DQB1 expression. SNPs shown to be associated with susceptibility

to leprosy in 2 separate GWAS analyses are shown with both their association to HLA-DQA1 and HLA-DQB1 expression and the fold change in expression seen in HLA-

DQB1 with regard to the minor allele (indicated with *). The p value of their association with leprosy susceptibility, odds ratio for minor allele frequency in disease

populations and study reference are also indicated.
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All of the leprosy-associated SNPs were shown to have strong association above genome-wide

significance with HLA-DQB1 expression and for all SNPs the minor allele shown to be enriched in the

leprosy cohorts studied is found to be associated with an increase in HLA-DQB1 expression. Where

the minor allele is found to be depleted in disease cohorts (rs602875 and rs477515) and thus

associated with protection, it is associated with a decrease in expression of HLA-DQB1. All SNPs

analysed show markedly more significant association with HLA-DQB1 expression compared to HLA-

DQA1 expression, with more than two times greater fold change in HLA-DQB1 associated with

genotype than HLA-DQA1. Thus, the likelihood is that linkage in the HLA-DQ-DR locus is causing the

association with HLA-DQA1 expression where is occurs. Susceptibility to leprosy is likely to be

associated with HLA-DQB1, narrowing the wider locus implicated by both the Zhang and Wong

studies.

5.3.9 Further genotyping in a leprosy cohort

In order to test the theory that HLA-DQB1 expression was directly related to the leprosy susceptibility

of individuals, 78 cases and 122 controls were selected from a previously described cohort to study

leprosy in New Delhi, India (Malhotra 2005). Five SNPs from across the HLA-DQA1/HLA-DQB1 region

were genotyped, using a Sequenom Mass Array primer extension (Jurinke 2001, Jurinke 2005) assay

by Dr Tom Parks, that had been associated with HLA-DQB1 expression in the healthy volunteer

cohort (see Table A.6 for primer sequences). The top SNP associated with HLA-DQB1 expression

rs9273448 was not typed as a sequenom assay was unable to be designed for this SNP. However, the

imputed SNPs rs9273440 and rs3135006, in perfect LD with rs9273448, were typed using the

sequenom assay; results are shown in Table 5.4.
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Table 5.4: HLA-DQB1 expression associated SNPs and their association with leprosy susceptibility.

5 SNPs known to be associated with increased HLA-DQB1 expression were genotyped in a leprosy

cohort and control group. They were analysed to determine if they were over-represented in the

case group compared to the controls using PLINK to perform Pearson’s χ2 allelic test and logistic

regression.

The variant rs17843603 was shown to be significantly associated with disease status (p=3.6x10-6),

and is known to be strongly associated with HLA-DQB1 expression (p=7.31 x 10-51). SNP rs9273410 is

also shown to have significant disease association. Both ORs of susceptibility to leprosy highlight the

skewed prevalence of the alleles in the leprosy population compared to the healthy controls. The

remaining three loci were not significantly associated with disease status. However, the minor allele

frequency was only 11% in the control population and so statistical power to assess their potential

imbalance was limited. This was a large contrast to the allele incidence in the Caucasian healthy

volunteer population where it was found at a much higher frequency. In the Caucasian population

these alleles were associated with lower expression and so would presumably be associated with

decreased leprosy susceptibility if an association was present. There is a small reduction in

frequency of the allele in the case population compared to the controls however it does not reach

statistical significance.

Haplotypes for the Indian cohort were also reconstructed using Haploview (Barrett 2005) defining

haplotypes as previously described using the confidence interval definition (see Section A.4.1). A

GCC haplotype at rs17843603, rs9273410 and rs9273440 was found to be especially associated with

disease, with a case frequency of 0.62 compared to a control frequency of 0.36 (OR 2.88), p=4.7x10-7.

SNP
HLA-DQB1 expression in Caucasians association with leprosy in Indians from New Delhi

freq. relative
expression

P-value case
freq

control
freq

OR (95% CI) P-value

rs17843603 G 0.42 4.889 7.31 x 10
-51

0.69 0.45 2.79 (1.89-4.34) 3.6 x 10
-6

rs9273410 A 0.46 0.403 1.41 x 10
-29

0.22 0.40 0.42 (0.27-0.68) 3.0 x 10
-4

rs9273440 T 0.79 0.390 3.18 x 10
-66

0.07 0.11 0.61 (0.29-1.27) 0.182

rs3134970 A 0.79 0.390 1.41 x 10
-29

0.07 0.11 0.59 (0.29-1.25) 0.166

rs3135006 A 0.79 0.390 3.18 x 10
-66

0.07 0.11 0.62 (0.30-1.29) 0.198



138

Interestingly, the SNP rs107843603 was found to be in near direct linkage with rs1071630 (r2 = 0.92,

D’ = 0.98), the SNP identified as being strongly associated with leprosy (Wong 2010).

5.3.10 HLA-C

HLA-C has been previously implicated in immune related disease such as HIV and psoriasis (Fellay

2007, Liu 2008). The gene shows variable gene expression associated with genotype as

demonstrated in section 3.3.12. To further fine map the variants involved in control of gene

expression qPCR was used to analyse the expression of HLA-C in the cohort of 288 genotyped healthy

volunteers. An eQTL study was performed using PLINK as previously described in section 4.3.3, and

the results are shown in the Manhattan plot in Figure 5.18.

Figure 5.18: Manhattan Plot showing the association of SNPs with HLA-C expression. HLA-C

expression in 288 healthy volunteer PBMC samples was determined using qPCR and normalised to

ACTB. Genotyping of gDNA was performed using the Illumina Infinium high-density genotyping bead

arrays and association analysis was performed using PLINK.

A clear peak of association to expression is seen over variants around the HLA-C locus on

chromosome 6, while no SNPs at other locations reach genome-wide significance. The top SNP

associated with HLA-C expression (rs10484554) was used to group volunteers according to genotype,

and expression was compared between the three groups. This was also performed for the SNP

rs9264942 which was previously shown to be identified with HLA-C cell surface expression and HIV-1

progression (Thomas 2009), and was shown to be associated with HLA-C gene expression in 96

healthy volunteers (see Figure 5.19).
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Figure 5.19: Association of i) genotype at rs9264942 and ii) genotype at rs10484554 with HLA-C

expression. HLA-C expression is measured using SYBR green qPCR in duplicate and normalised to

ACTB. Expression values are separated by genotype at i) rs9264942, (p=7.36x10-9) and ii) rs10484554

(p=5.19x10-16), and plotted. Mean expression is indicated for each genotype by the red bar. Both

SNPs indicate a significant difference in mean expression of HLA-C between the different genotypes

by Kruskal-Wallis test (p<0.0001).

When recombination over the HLA-C locus was considered, a large region was identified as having

variants associated with variable expression of the gene, which contained many other genes in

addition to HLA-C (see Figure 5.20). However, peaks of recombination bordered the most associated

SNPs, and the most associated SNPs were located close to one another upstream of HLA-C.

In both cases, a significant difference in mean gene expression could be determined according to

genotype showing the strong genetic influence on HLA-C expression. While HLA-C expression was

known to vary according to genotype at rs9264942, it was unclear whether this was likely to be a

causal SNP or the result of haplotypic structure in the region. As other SNPs surrounding HLA-C are

associated with gene expression at greater significance, it is likely that the rs9264942 SNP is tagging a

functionally important variant rather than directly influencing expression itself (see Figure 5.20).
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Figure 5.20: Recombination plot showing the HLA-C locus and surrounding area. The SNP most associated with HLA-C expression, rs10484554, is shown in blue.

rs9264942, a previously associated SNP to HLA-C expression is indicated, and is found to be in low LD with the most associated SNP (R2=0.266). SNPs are shown in

red (LD 0.8≤1.0 to rs10484554), orange (LD 0.5≤0.8), yellow (LD 0.2≤0.5) and white (LD 0.0≤0.2).  
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5.3.11 HLA-C expression association with complex disease

Several SNPs shown to be associated with HLA-C expression at a level of genome-wide significance by

this study have been strongly associated with disease traits by GWAS studies. The GWAS catalogue

was used to find SNPs associated with disease that had been also shown to be associated with HLA-C

expression in this study, and the results are shown in Table 5.5:

Disease trait HLA-C expression
associated SNP

p value HLA-C
association

p value disease
association

Reference

AIDS progression rs10484554 5.19x10
-16

6.00x10
-8

(Limou 2009)

rs9264942 7.36x10
-9

6.00x10
-32

(Fellay 2009)

Psoriasis rs10484554 5.19x10
-16

4.00x10
-214

(Liu 2008,
Strange 2010)

HIV-1 control rs3815087 1.04x10
-12

8.00x10
-8

(Fellay 2009)

rs9264942 7.36x10
-9

3.00x10
-35

(Pereyra 2010)

rs9264942 7.36x10
-9

6.00x10
-12

(Fellay 2009)

Follicular lymphoma rs6457327 3.69x10
-8

7.00x10
-6

(Conde 2010)

rs6457327 3.69x10
-8

5.00x10
-11

(Skibola 2009)

Stevens-Johnson syndrome
and toxic epidermal necrolysis
(SJS-TEN)

rs3815087 1.04x10
-12

3.00x10
-7

(Genin 2011)

Table 5.5: GWAS defined disease associated SNPs that show association with HLA-C expression and

their related traits. The table shows disease traits that are hypothesised to be associated to HLA-C

expression by shared associated SNPs determined by GWAS and eQTL analysis of healthy volunteers.

The SNP rs9464942 that had been shown to have HIV-1 control association was unsurprisingly shown

to be one of the most associated SNPs with HLA-C gene expression given its previous identification in

variation of HLA-C cell surface expression (Thomas 2009). The SNP that showed most association

with HLA-C expression variation (rs10484554) was also found to be associated with AIDS progression

and another SNP showing strong association to HLA-C expression, rs3815087, was associated with

HIV-1 control. Interestingly, two SNPs associated with HLA-C expression were found to be associated

with different skin conditions, psoriasis and Stevens-Johnson syndrome/ Toxic Epidermal Necrolysis

(Liu 2008, Genin 2011). Both are immune-related conditions that are likely to be triggered by an

external influence, such as drug administration or infection, although in the case of psoriasis the

mechanism by which this occurs is far from clear (Schön and Boehncke 2005). In previous work in

the genetics of psoriasis, two MHC loci have been identified as associated strongly, both HLA-C and
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HCP5. HCP5 is an endogenous retroviral element that has also been associated with HIV-1

progression, although the mechanism for this association is unclear. Weak LD is found between the

SNPs associated with HLA-C and those disease associated SNPs found within HCP5 although separate

effects of the loci have been previously demonstrated (Fellay 2007). One way that the HCP5 variant

could be acting is via differential expression, therefore HCP5 expression was assayed in the healthy

volunteer cohort, to see if the same variants were affecting HCP5 expression that affected HLA-C

expression. However no association with expression was found on eQTL analysis for HCP5 when

expression of this gene was assayed by qPCR (see Section A.4.2 – Figure A.8).

5.3.12 HLA-C expression and HLA allele association

Classical MHC alleles were investigated for their association with HLA-C expression, as the HLA-C

locus has been associated with several diseases, such as psoriasis and HIV-1 progression. As SNPs

associated with HLA-C expression were also disease associated (determined by GWAS, see Table 5.5),

the HLA types were considered to determine if any longer-range effects could be responsible for

gene expression differences (Figure 5.21).

HLA-C expression is associated with HLA-C alleles, most notably with HLA-C*06. The HLA-B*57 allele

also shows elevated gene expression of HLA-C in comparison to other 2-digit types.
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Figure 5.21: HLA-C expression according to 2-digit HLA types. The HLA-C expression associated with

a copy of each different allele is shown for six regions across the MHC. Mean expression is indicated

for each group by the red bar. ASE is evident according to HLA-C 2-digit type, where those

individuals possessing a copy of HLA-C*06 show higher HLA-C expression when compared with other

HLA-C types (p<0.0001 when analysed using a Mann-Whitney test). HLA-B type may also play a role

in influencing HLA-C expression, individuals possessing HLA-B*57 were shown to have significantly

higher HLA-C expression (P<0.0001 when analysed using a Mann-Whitney test).
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To determine if this was an effect of the LD structure of the region or a true effect of the HLA-B*57

allele expression of HLA-C was analysed by copies of HLA-C*06 and possession of HLA-B*57 in Figure

5.22. The haplotypic effect of HLA-C*06 seen when analysing all HLA-C 2-digit types is confirmed, but

the presence of HLA-B*57 does not appear to alter HLA-C expression.

Figure 5.22: HLA-C association with HLA-C*06 and HLA-B *B57 2-digit type. HLA-C expression in the

healthy volunteer cohort is shown according to i) copies of HLA-C*06 type and ii) possession of HLA-

C*06 and HLA-B*57. Mean expression is indicated for each group by the red bar.

5.3.14 HLA-C expression-associated haplotype reconstruction

Having shown that HLA-C expression was associated with the HLA-C 2-digit type HLA-C*06, and that

the T minor allele for rs10484554 was over-represented in those volunteers possessing the HLA-C*06

allele, it was predicted that rs10484554 was likely to be found in an area of strong LD that was in turn

associated with the HLA-C*06 serological type. Haploview was used to assess the LD in the area

most associated with gene expression, shown in Figure 5.23:
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Figure 5.23: No clear LD over most associated SNPs with HLA-C expression. The SNP most

associated with HLA-C expression, rs10484554 is indicated in the regional LD plot, but no clear

linkage can be seen around this SNP. Upstream and downstream of the region are haplotype blocks

that appear to be associated with each other however this association breaks down over the area of

rs10484554.

While regions of strong LD were found nearby to the SNP rs10484554, it was located in an area with

several peaks in the recombination rate (see Figure 5.20), and LD was reduced.. Additional haplotype

analysis of the SNPs in the region was thus impossible to perform. It is therefore possible that

rs10484554 could be acting in a functional manner itself, rather than tagging an area containing the

functional variant, or that there are other causative SNPS that have not been identified in the region.

It is also likely that the HLA-C*06 allele is associated with HLA-C expression via possession of the

rs10484554 T allele, rather than due to a wider effect of the whole allele or the particular effect of

variants at the binding cleft in HLA-C.
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5.4 Discussion

5.4.1 DQ region

Some evidence of association with expression for HLA-DQ genes was found in the initial volunteer

cohort (see Chapter 3) and the link between genetic variation and variable gene expression of these

genes was further investigated as described in this chapter. The much greater numbers of individuals

and the much denser genotyping data available for the second cohort of volunteers provided

substantially increased power to resolve variants associated with variable gene expression. While it

was expected that the HLA-DQ genes would all be closely related in terms of expression, the r2 values

showed that the gene expression was not in perfect correlation. HLA-DQA1 was not most strongly

correlated to HLA-DQB1 expression despite their formation of a class II antigen presenting

heterodimer. Instead HLA-DQA2 was the most strongly correlated gene to HLA-DQA1 expression and

the same SNP (rs17843604) was found to be most associated with expression of both genes. This

suggests tightly controlled co-regulation of these genes. HLA-DQB2 could not be accurately assessed

due to the extremely low expression of the gene. It was therefore impossible to define genetic

variants that may affect its expression accurately, and to accurately correlate expression to the

expression of the other HLA-DQ genes.

eQTL analysis showed that many of the same SNPs are correlated to the expression of HLA-DQA1,

HLA-DQA2 and HLA-DQB1 in varying degrees. It is therefore striking that HLA-DQB1 shows a much

stronger genetic association with variable gene expression in this cohort than either of the other two

genes. HLA-DQB1 expression variation was hypothesised to play a functional role due to this much

more variable expression than other HLA genes. The two separate distributions of HLA-DQB1

expression in the volunteer cohort were also intriguing and suggested the possibility of different

disease susceptibility for either those with either high or low expression of HLA-DQB1.

5.4.2 HLA-DQB1 and disease association

In order to investigate the relationship between HLA-DQB1 and disease, association of HLA-DQB1

expression-related SNPs were compared with disease SNPs found in GWAS. Many of the disease

associations that were found involved diseases that have long been associated with the HLA-DQ
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region. For example, both T1D and coeliac disease had disease-associated SNPs showing convincing

associations with HLA-DQB1 expression (Hakonarson 2007, van Heel 2007, WTCCC 2007, Cooper

2008, Dubois 2010). However, many of these SNPs have not previously been definitively associated

with any particular gene in the HLA-DQ region; instead the HLA-DQ-DR locus as a whole has been put

forward as the associated region. Often the association is thought to be in linkage to an effect on the

protein product, such as alteration of binding sites or the level that the protein can be trafficked to

the cell surface. Study of the gene expression of the HLA-DQ genes has clearly marked HLA-DQB1 as

the most associated gene to the genetic variation, and shows that there is a wide range of expression

of HLA-DQB1 possible. This implicates the level of HLA-DQB1 expression as an important variable

trait in disease and shows the value of combining GWAS analyses with other functional work.

5.4.3 HLA type and HLA-DQB1 expression

It has previously been hard to separately dissect the effects of the HLA-DQ and HLA-DR regions due

to the strong LD and highly polymorphic nature of the region (Fernando 2008a). While SNP-free

primers according to the latest dbSNP release could be designed for the DQ genes this proved

impossible for the HLA-DR genes. However by analysing gene expression in the light of HLA-DQ and

HLA-DR 2-digit types, it showed that gene expression of HLA-DQB1 was not affected by the HLA-DR

locus. This strengthened the assertion that HLA-DQB1 was playing an important role in disease

pathogenesis without additional influence of the surrounding loci. While this does not rule out a

combination of both HLA-DQ and HLA-DR alleles in the region affecting disease susceptibility

differently, it does imply that HLA-DQB1 expression acts independently of the HLA-DR locus and so

suggests a mechanism for how some of the associated variants may be influencing disease.

This analysis also allows further interrogation of known disease associations in order to predict the

genes that may be functionally responsible for the associations. For example, the HLA-A3-B7-Cw7-

DR15 haplotype (PGF) that is carried by around 10% of the European population is known to be

associated with MS susceptibility and protection from diabetes (Stewart 2004). This haplotype

contains the HLA-DQB*06 allele, which was shown to be highly associated with the increased

expression of HLA-DQB1 in the healthy volunteer cohort. When individuals possessing a copy of the
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full PGF ancestral haplotype (HLA-A3-B7-Cw7-DR15) from the volunteer cohort were compared to all

other volunteers, gene expression was found to be significantly increased in the “PGF” individuals for

HLA-DQB1 expression, but not for the other HLA-DQ genes. MS susceptibility was also found to be

associated with HLA-DQB1 related SNPs, suggesting that the mechanism for susceptibility to this

autoimmune condition could be through expression of HLA-DQB1. HLA-DQB1 cannot explain all the

disease associations previously found with the HLA-A3-B7-Cw7-DR15 haplotype however; T1D

susceptibility was found to have SNPs in common with SNPs associated with increased HLA-DQB1

expression. This is at odds with the HLA-A3-B7-Cw7-DR15 haplotype and its strong protection

against T1D (Larsen and Alper 2004), highlighting the different molecular mechanisms that

contribute towards genetic disease associations.

5.4.4 Disease associations, HLA-DQB1 and HLA-C

When the GWAS catalogue was used to search for SNPs that had association to diseases and also to

HLA-DQB1 expression, leprosy was one of the diseases shown to be associated with HLA-DQB1

expression related SNPs (see Tables 5.2 and 5.3). However, the SNP included in the GWAS catalogue

was not the SNP shown to have the strongest association with HLA-DQB1 expression (rs602875), but

was in fact associated at a more modest level with HLA-DQB1 expression. This was because in the

study, rs9271366 was found to be refractory to genotyping (Zhang 2009) and thus another marker

was used. It is clear that these SNPs do not have the same association with the expression of HLA-

DQB1 from the large order of magnitude difference in the p value of association. Without using SNPs

not published in the GWAS catalogue, the stronger association may have been lost and an

association with leprosy susceptibility may not have been investigated further.

Considering the role of HLA-DQB1 in antigen presentation it is perhaps unsurprising that up-

regulation of HLA-DQB1 should be associated with increased risk of autoimmune conditions.

However increased expression is also associated with infectious diseases such as hepatitis (Mbarek

2011) and leprosy as previously discussed. HLA-C-increased expression is associated with

maintenance of viral set-point in HIV-1 and non-progression of the disease (Thomas 2009), a contrast

to the increased HLA-DQB1 expression association with disease susceptibility. This highlights how
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the different antigen presenting pathways may have quite separate effects on disease susceptibility.

Both HLA-DQB1 and HLA-C expression have also been associated with various cancers such as

follicular lymphoma (in both cases) and Hodgkin’s Lymphoma (HLA-DQB1). This could suggest a role

of immune-related genes in cancer pathogenesis.

Although the presence of the SNP rs9273363 was shown to be strongly associated with the

expression of HLA-DQB1 in the volunteer group that had low expression levels of this gene, this SNP

or proxies to it were not implicated as associated with any known GWAS hits. However, other SNPs

associated at a genome-wide level of significance with both low and high expression of HLA-DQB1

were found to have associations to the same diseases suggesting that a dose control of HLA-DQB1

may be important in different disease traits ranging from autoimmune to infectious as well as various

types of cancer incidence. Effect of gene dosage of HLA-DQ genes in autoimmune disease has been

shown to play a role in severity of disease, for example copy number of HLA-DQA*05 and HLA-

DQB*02 impact upon both the risk and severity of coeliac disease (Murray 2007). Here the study of

gene expression in combination with genotype and HLA type gives insight into how copy number

could mechanistically be influencing disease susceptibility.

To further investigate the association of HLA-DQB1 expression with leprosy, five SNPs shown to be

associated with HLA-DQB1 expression through the healthy volunteer analysis were genotyped in an

Indian cohort of leprosy sufferers and healthy controls (data courtesy Tom Parks). Of these, two

SNPs (rs17843603 and rs9273410) were found to be significantly associated with leprosy, while the

other three were suggestively associated albeit at a non-significant level. This was extremely

encouraging as it showed the value of using gene expression analysis to investigate known disease

association. It was also reassuring to see that variants identified in a Caucasian population could be

informative in the Indian population and that clear differences were seen between the cases and

controls in the frequency of the HLA-DQB1 associated SNPs. Further analysis in a leprosy cohort

could include assessment of HLA-DQB1 expression levels to see if they were significantly elevated in

the disease cohort compared to controls.
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5.4.5 Genetic association of HLA-C expression

Following the analysis of HLA-C expression in the initial volunteer cohort of 96 individuals it was not

clear whether there were particularly strong genetic associations seen in relation to the control of

HLA-C levels in healthy individuals. However, as genotyping was sparse over the area and HLA-C was

one of the genes seen to have high variability between the three MHC homozygous LCLs analysed

using the MHC array, it was taken forward for further analysis in the second volunteer cohort. The

larger sample size allowed a much clearer region of association to be defined and previously

associated SNPs to HLA-C expression were confirmed in this new cohort, for example the association

of rs9264942 with HLA-C levels (Thomas 2009). HLA-C is an interesting candidate due to its disease

associations and relatively recent evolution; it is found only in great apes and humans (Kulpa and

Collins 2011).

An analysis of association with HLA-C expression levels by HLA type showed that possession of the

allele HLA-C*06 was associated with higher expression levels. Analysis of HLA-C expression has

shown how gene expression analysis in conjunction with known alleles can help to break down

ambiguity of association in the MHC. For example, the HLA-B*57 allele was shown not to be

associated with the change in HLA-C expression levels where previously the different effects of

particular HLA-B and HLA-C allele possession had been difficult to distinguish from one another. The

HLA-B/C block has been previously associated with several diseases (Trachtenberg 2009) so to be

able to define more precisely the effect of variants will help to determine how these disease

associations may be functioning. While the variants associated with HIV-1 viral load and progression

have been said to be attributable to HLA-A and HLA-B HLA types, this study has shown that they are

strongly associated with HLA-C expression (Catano 2008).

5.4.6 Lack of HCP5 expression association with HLA-C

With this in mind expression of HCP5, a close by gene that like HLA-C had been implicated in psoriasis

susceptibility through GWAS, was investigated to see if SNPs associated with HLA-C expression were

also affecting expression of HCP5 (Liu 2008). Wide variation in expression of HCP5 was not seen in

the volunteer cohort and no strong genetic association could be found, therefore we hypothesised
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that variants identified as associated with HLA-C expression were only affecting expression of HLA-C.

This implies that HCP5 association with psoriasis is not brought about by modulation of gene

expression, and is a separate effect from that of HLA-C or is the result of linkage in the region. HLA-

C*06 has been implicated as the primary allele for psoriasis susceptibility through resequencing of

exons, so this may implicate the LD of the MHC in this association rather than an actual effect of

HCP5 (Nair 2006). A variation in ERAP1 has also been associated with psoriasis, but only when the

HLA-C*06 allele is also present, suggesting that an interaction occurs between these two molecules

(Strange 2010). This is particularly interesting given that ERAP1 is associated with antigen processing

and class I peptide presentation. It is possible that increased expression in HLA-C as well as the

structural variation of the HLA-C*06 allele is responsible for this association.

5.4.7 Conclusion

Following on from the observations of variable gene expression in the first healthy volunteer cohort,

the new, larger healthy volunteer cohort has been used to more precisely map variants associated

with gene expression of HLA-DQ genes and HLA-C. After showing that genetic variation was

associated with HLA-DQB1 and HLA-C expression most strongly, the effect of HLA-type on both of

these genes has also been investigated. This has confirmed that the HLA-C*06 haplotype previously

associated with psoriasis is found more often in individuals expressing HLA-C more highly. Disease

association with gene expression has been investigated for both HLA-DQB1 and HLA-C, implicating

expression of HLA-DQB1 in susceptibility to leprosy and HLA-C in psoriasis and control of HIV-1.
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Chapter 6 – mRNA-sequencing to investigate ASE levels

6.1 Introduction

Advances in next generation sequencing (NGS) have led to an assumption that RNA-seq will replace

array technologies for genome-wide gene expression analysis as cost decreases and methodologies

improve. RNA-seq avoids the need for alternative splicing, RNA editing, differential allelic expression

and fusion transcripts to be taken into account when designing an array-based study by defining the

transcriptional boundaries and capturing expressed SNPs to allow allelic detection and discrimination

(Costa 2010). This chapter explores the use of RNA-seq for allele-specific quantification with a

particular focus on the MHC to assess the applicability of this approach to a highly polymorphic

region.

6.1.1 RNA-seq methodology

The technique of RNA-seq is detailed in Figure 6.1. cDNA libraries are made from an RNA sample

either from total RNA or using a selector such as polyA+ to ensure mRNA is captured. Sequencing

adaptors are added to the cDNA, which is then sequenced in either a single-end read or a paired-end

read to give the sequence information. The resulting sequence reads are aligned to an appropriate

reference genome for analysis of gene expression levels. Advantages of RNA-seq include the ability

to detect non-coding RNAs and transcripts that were previously unidentified as no hybridisation is

required. As sequences are mapped to the reference genome in an unambiguous manner,

normalisation of data is not necessary unlike in array analysis. Saturation, where the gene is

expressed too highly to give an accurate measure, does not occur in RNA-seq, meaning it has a

greater dynamic range for expression analysis (Wang 2009). Additionally, the use of RNA-seq allows

investigators to resolve expression of specific alternatively spliced isoforms far beyond the specificity

of an array (Pastinen 2010).
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Figure 6.1: Schematic showing the process of mRNA-seq. Reproduced from (Wang 2009). mRNA is

isolated by polyT capture and then fragmented or made into a cDNA library then fragmented. A

library of Expressed Sequence Tag (EST) cDNA is then generated with adaptors ligated onto each end.

The EST cDNA library is then sequenced using a suitable platform. The sequence results are then

mapped to a suitable reference sequence. Mapped short sequence fall into three categories;

junction reads that span exonic junctions, exonic reads that are contained within one exon and

poly(A) end reads that have the poly A tail connected to part of an exon.

6.1.2 Use of RNA-seq in gene expression studies

RNA-seq has already been implemented in several studies in both humans and model organisms

including yeast (Nagalakshmi 2008), Drosophila (McManus 2011) and mice, where ASE has been

shown to differ through development of the mouse blastomere (Tang 2011). As previously discussed

in Section 1.1.10, LCLs from the HapMap project have been analysed using mRNA-seq with
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encouraging results. A greater discovery of eQTL was possible than with traditional arrays and the

dynamic range was comparable with a sequencing depth of 10 million (Montgomery 2010, Pickrell

2010). A recent study has also suggested that RNA editing is a more common phenomenon than

previously thought. Combining DNA- and RNA-seq showed many differences between the DNA

sequence and the sequences of the transcripts (Li 2011), however this result is currently

controversial (Chakravarti 2011). While it remains to be seen if this assessment is the result of

experimental or analytic bias, it remains an interesting question at a point when increasing numbers

of studies are starting to routinely use sequencing technologies. Despite these studies, a systematic

analysis of the use and limitations of RNA-seq has not been performed and the analysis pipelines that

are used vary extensively between experiments. Comparative analysis across five different RNA-seq

data sets led to the conclusion that RNA-seq data could be biased in terms of transcript length, GC

composition and sequence polymorphism, and that a method to reduce this bias gave more

consistent results particularly when comparing data sets (Zheng 2011).

6.1.3 Concerns over use of RNA-seq for gene expression detection

Although detection of ASE is an attractive prospect when using RNA-seq, the sensitivity of the

technique has not been fully tested and the lower bound of allelic difference in expression that can

be detected with confidence by RNA-seq is unknown. When using mRNA-seq, where the mRNA is

reverse transcribed, the reverse transcriptase enzyme will fall off the mRNA causing bias towards the

3’ end of the gene, as the method of capture for mRNA is to use polyT to pair with the polyA tail of

the mRNA (Costa 2010). The read depth, or coverage, required for acceptable analysis of gene

expression using RNA-seq data also depends on the expression level of the gene of interest. Finally,

bias in read mapping has been highlighted as a potential problem particularly in terms of choice of

reference genome, use of random hexamer priming in library generation, and GC content of

transcripts (Hansen 2010, Zheng 2011).

In terms of using RNA-seq for gene expression analysis in the MHC, there are several potential

problems. Firstly, the repetitive nature of much of the DNA sequence in the MHC leads to difficulty

in mapping the short reads generated by an RNA-seq experiment. Secondly, RNA-seq can give biased
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results between different genes. While this is not a problem when comparing expression of one

gene between different samples, it may cause problems in the MHC as the different haplotypes can

lead to biases in the mapping with a number of reference sequences available, leading to inaccurate

quantification of levels of gene expression. Studies using RNA-seq to analyse gene expression

including in the MHC (Montgomery 2010, Pickrell 2010) have focussed only on individual point

analysis of expression. This makes analysis over an entire haplotype difficult, a problem that was

investigated using the MHC custom array to analyse gene expression (Vandiedonck 2011) but that

requires further thought if MHC gene expression is to be analysed using RNA-seq. The technique of

mapping reads to a reference genome may also be problematic in the MHC due to its diversity,

where short reads are difficult to align to a reference and may in fact be so different from the

reference that they bear no resemblance to it (Holcomb 2011).

6.1.4 Testing the accuracy, sensitivity and reproducibility of RNA-seq

In order to address some of these concerns, particularly in response to the potential for read

mapping and choice of reference sequence leading to bias in detection of ASE, an mRNA-seq

experiment investigating ASE was initiated (see Figure 6.2). In this experiment two of the HLA-

homozygous LCLs, PGF and COX, previously interrogated with the MHC array, were used

(Vandiedonck 2011). This had three main advantages:

i) gene expression across the MHC had been intensely studied previously in these LCLs;

ii) both LCLs had been completely sequenced across 4.75Mb of the MHC (Stewart 2004) and these

sequences formed part of the GRCh37 human genome release (http://www.genomereference.org)

allowing accurate and specific read mapping;

iii) from genotyping using the HumanCVD array in the Knight lab a significant majority of the rest of

the genome in these LCLs was found to be homozygous (Vandiedonck, unpublished data), allowing

the study of RNA-seq and ASE to extend beyond the MHC.

http://www.genomereference.org/
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Figure 6.2: Experimental design for analysis of allele specific RNA-seq and its limitations in gene

expression quantification. MHC homozygous cell line total RNA is mixed in differing ratios before

mRNA library prep and sequencing. Differential ratios can then be analysed to determine the limits

of using RNA-seq in analysis of ASE.

“Synthetic heterozygote” samples were produced by mixing the RNA from the two LCLs in a series of

different ratios (Figure 6.2). This allowed the allelic imbalance that could be confidently and

accurately detected to be determined. Additionally, an LCL from the CEU HapMap panel that was a

“natural heterozygote” i.e. contained similar haplotypes to the PGF and COX LCLs, one on each

chromosome, was also selected and sequenced following the same protocol to assess in vivo allelic

imbalance and the variation associated with these haplotypes. For this, the LCL NA11831 was

identified which has the haplotypes (HLA A1-B8-Cw7-DQA5-DQB2-DR3) and (HLA A1-B7-Cw7-DQA1-

DQB6-DR15, almost identical to the two haplotypes of interest: PGF (HLA A3-B7-Cw7-DQA1-DQB6-

DR15) and COX (HLA A1-B8-Cw7-DQA5-DQB2-DR3). To ensure that sequencing information beyond

the MHC was useful, RNA samples of the individual LCLs COX and PGF alone were also sequenced for

comparison. Genomic DNA from both LCLs was exome sequenced to allow additional “synthetic

heterozygote” sites to be identified over the entire transcribed genome. The exome data from the

PGF and COX LCLs would also allow assessment of how effective the exome capture and subsequent

sequencing in the MHC was, as the full sequence for this region was already known.
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6.1.5 Reproducibility of RNA-seq

In order to assess the reproducibility of RNA-seq results, a further CEU LCL, NA11830 was used to

generate RNA samples for sequencing to determine the variation seen between biological replicates

of the same sample. The LCL was grown up in three separate cultures to be able to assess if the

variability of RNA-seq reads and mapping was consistently low to allow future use in experiments

where small changes in expression may be expected and so variance in the technique for discovery

would render the results impossible to analyse.

6.2 Aims

In this chapter data are presented to assess the utility of mRNA-seq for allele-specific discrimination

with a particular focus on the MHC. To do this, HLA-homozygous LCLs were to be analysed, either

alone or in different mixed allelic ratios together with heterozygous LCLs. Specific aims were to

define:

1. The effects of reference sequence choice for mapping on assaying allele-specific expression.

This included the question of whether whole exome sequencing should be routinely

performed with RNA-seq when quantifying allele-specific expression of a sample with no

gene sequence information to improve reliability of read mapping especially in relation to

the MHC.

2. The lowest threshold of allelic difference (ratio) at which allele-specific expression

quantification could be discriminated and if this varies depending on abundance of the

transcript.

3. The likelihood of alternative isoforms affecting the accuracy of measurement of gene

expression, in particular focusing on the MHC.
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6.3 Results

6.3.1 Sample Preparation and Data Alignment

RNA was extracted from one biological replicate of the COX, PGF and GM11831 LCLs harvested in

mid-log growth phase, and gDNA was also harvested from the COX and PGF LCLs. Three biological

replicates of the LCL GM11830 were prepared in the same manner. The RNA was quantified using

the Qubit RNA assay and COX and PGF gDNA was assayed using the Qubit DNA assay to ensure the

most accurate concentration reading was taken. GM11831 and three replicates of GM11830 were

submitted directly for sequencing, while the COX and PGF RNA were submitted either separately or

mixed in ratios as detailed in Figure 6.2 and Table 6.1.

Cell Line Material Ratio No. of Replicates Type of sequencing

PGF gDNA NA 1 Exome-seq

COX gDNA NA 1 Exome-seq

PGF RNA NA 1 RNA-seq

COX RNA NA 1 RNA-seq

PGF:COX RNA 1:1 1 RNA-seq

PGF:COX RNA 1.125:1 1 RNA-seq

PGF:COX RNA 1.25:1 1 RNA-seq

PGF:COX RNA 1.5:1 1 RNA-seq

PGF:COX RNA 2:1 1 RNA-seq

GM11830 RNA NA 3 RNA-seq

GM11831 RNA NA 1 RNA-seq

Table 6.1: LCL samples submitted for sequencing. Samples submitted for sequencing and the type

of sequencing used in the study are indicated, with the number of biological replicates for each

sample.

Libraries were generated from each of the RNA samples using polyT capture of mRNA. Once the

mRNA had been selected the RNA was fragmented and then cDNA libraries were made. The cDNA

was end-repaired, A-tailed and adaptor-ligated before amplification for sequencing. Sequencing was

performed using the Illumina GAIIx. Exome sequencing was performed on exome DNA captured

using RNA baits, again using the Illumina GAIIx. Libraries were prepared and sequenced by the High

Throughput Genomics Group. Reads from the mRNA-sequencing were aligned to the reference

(Hg19) using Stampy, a statistical algorithm for mapping Illumina reads (Lunter and Goodson 2011).
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COX and PGF haplotypes were defined exactly across the MHC, as only reads which could be mapped

unambiguously were left in the analysis. Beyond the MHC, heterozygotic sites were defined by

calling the variants and interrogating bases that were highlighted as having alternate possibilities.

Exome sequencing also allowed these sites to be identified separately from the mRNA-seq data.

Read pile-ups were then compared between the alternate bases directly allowing the differing ratio

between the samples to be assessed.

In the mRNA-seq data, between 97.2-98.1% of all reads were successfully mapped to the reference

genome. The alignment of the mRNA-seq data to chromosome 6 revealed an apparently low

percentage of the total mapped reads (between 1.5-1.9% of all reads). This may be due to the use of

all eight MHC haplotype references that are available as part of the Hg19 reference genome. Where

a read found in the MHC is present in more than one haplotype it will be assigned a low mapping

score due the inability to unambiguously define the location. This will result in many reads from

chromosome 6 being removed from further analysis. Those that remain in the analysis may still have

a low mapping score, if another locus is quite similar to the one defined by the mapper, and due to

the repetitive nature of the MHC this is likely to affect many transcripts. Alternatively, extremely

highly expressed genes, such as housekeeping genes, that are located on other chromosomes may

skew the percentage coverage over the whole genome. In this case, a relatively small number of

genes could account for a large proportion of the total reads, and thus would reduce the percentage

of reads found on chromosome 6.

Of the reads from the exome sequencing data, between 99.3-99.6% were mapped to the reference

genome successfully. The GC content of the reads should be higher than the average across the

genome due to higher GC content in exomes. GC content was between 45.6 ± 10.5-45.9 ± 10.4%,

above the genomic average of 40%. Finally, good coverage over defined exons was observed in the

data, as between 39.6-40.1% of all reads were found in exons. Defined exons are a relatively

restricted parameter, meaning that many more reads are likely to be exonic, but that these exons

were not defined during analysis.
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6.3.2 Detection of different allelic variants in GAPDH

Initially, the housekeeping gene GAPDH was investigated to find coding sequence differences

between the COX and PGF LCLs using the exome sequencing data (see Figure 6.3). Four exonic single

nucleotide differences were discovered between the LCLs and these were then analysed in the five

mixed ratios of PGF and COX RNA, the mixed samples creating a series of ‘SNPs’ at these sites of

single nucleotide differences between the LCLs referred to in subsequent text as ‘ratio SNPs’ or

‘raSNPs’. Coverage varied between the raSNPs, immediately highlighting how the detection of ASE

over a whole gene would be affected by the position of informative SNPs.

Figure 6.3: Position of GAPDH raSNPs. Mapped exome-seq gDNA data was analysed using IGV

software to visualise exonic sequence against the reference genome Hg19. Exonic homozygous

variants that occurred in only one of either the COX or PGF LCLs were selected in the GAPDH gene as

they created an artificial heterozygote that could be analysed to assess sensitivity and variability of

detection of ASE. raSNPs in the GAPDH gene are indicated by circling with a grey box.

To confirm that the raSNPs identified by exome sequencing were correct, they were also checked in

the single mRNA-seq data for each LCL. After confirming a single variant present in each cell line

mapped unambiguously in the mRNA-seq data, the ratios of the alleles were compared between the

five mixed RNA samples in Figure 6.4.
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Figure 6.4: GAPDH mRNA-seq tracks and differential coverage identified by raSNPs between the

COX and PGF LCLs. mRNA-seq reads that have been mapped for the five mixed samples using

Stampy are aligned to the Hg19 genome and visualised in IGV. SNPs between COX and PGF are

indicated by circling with a grey box.

Read counts at each raSNP were analysed to determine if ASE could be quantified as expected

between the different mixed ratio samples. Good levels of correlation were found between the

trends of observed and expected values (Table 6.2 and Figure 6.5) where high read depth coverage

was present; ASE differences followed the trend predicted from the mixed ratios. For the raSNP

where coverage was lower (rs1136666), the 2:1 allelic ratio showed higher quantities of the PGF LCL

SNP compared to the 1:1 ratio as expected but there was no clear association between the different

mixes and the amount of each allele seen (Figure 6.5).

GAPDH SNP rs1136666 G:C rs1065691 C:T rs1083621 C:T rs1083622 T:G

Mix PGF/COX 1:1 498:1572 (0.32) 3471:5147 (0.67) 9063:9493 (0.95) 2764:3945 (0.70)

Mix PGF/COX 1.125:1 304:1442 (0.21) 5318:6284 (0.85) 8238:8661 (0.95) 2793:3516 (0.79)

Mix PGF/COX 1.25:1 497:1414 (0.35) 4676:4995 (0.94) 9659:8638 (1.12) 2735:3439 (0.80)

Mix PGF/COX 1.5:1 335:1438 (0.23) 5250:4868 (1.08) 8395:6378 (1.32) 3152:3248 (0.97)

Mix PGF/COX 2:1 1174:1618 (0.73) 3771:2613 (1.44) 11270:6403 (1.76) 3168:2566 (1.23)

Table 6.2: Read counts for the GAPDH SNPs between COX and PGF RNA. Read counts at each

individual variant in GAPDH between COX and PGF were obtained using IGV. The expected ratio in

each sample is shown as the sample name and the observed ratio is indicated for each raSNP in

brackets.
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Figure 6.5: Observed and expected ratios of expression between COX and PGF RNA in the GAPDH

gene. Four raSNPs found between the PGF and COX LCLs were investigated between the different

mixed ratio samples. The raSNPs were identified by exome sequencing, and ratios were determined

using read counts; rs1136666 between 335 and 1618 reads; rs1065691 between 2613 and 6284

reads; rs1083621 between 6378 and 11270 reads; rs1083622 between 2566 and 3945 reads. The

read counts found in the LCL RNA for COX and PGF samples alone were as follows: rs1136666, 3128

in COX (C) and 1279 in PGF (G); rs1065691, 8645 in COX (T) and 7451 in PGF (C); rs1083621, 19177 in

COX (T) and 15028 in PGF (C); rs1083622 10049 in COX (G) and 4262 in PGF (T). No significant

association between the ratios was seen for rs1136666 when observed and expected ratios were

analysed using linear regression (p=0.096), but a significant association was seen for all other SNPs;

rs1065691 (p=0.0007), rs1083621 (p=0.0007), rs1083622 (p=0.0006). The black dotted line indicates

the expected line if the observed were to exactly match the expected ratio, while the red line

indicates the observed ratios.

Despite a lower coverage than other raSNPs found in GAPDH, rs1136666 still had quite high counts

for both alleles at all ratios of RNA mixtures analysed (see Table 6.2). An approximation was used to

define the variance of sampling from the total read number at each variant based on the Bernoulli

distribution. This allowed the raSNP rs1136666 to be analysed to determine if high variability in

sampling over the SNP accounted for the lack of association between the observed and expected

ratio. Estimated standard deviation is plotted in Figure 6.6; the variation between the predicted
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possible ratios show variance in sampling caused by the reads is unlikely to affect the association of

the observed ratios with the expected ratios to the extent seen for this SNP.
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Figure 6.6: Observed and expected ratios of expression between COX and PGF RNA at raSNP

rs1136666. Upper and lower estimates for each ratio were estimated by finding the predicted

extremes of read counts for each allele according to a Bernoulli distribution (Standard deviation =

½√N, where N= total number of reads at the raSNP).  These were plotted as error bars to the 

experimentally determined ratio between each allele at rs1136666.

6.3.3 Effect of differential isoforms on determination of ASE

Different known transcript isoforms of GAPDH were investigated to see if this could explain the lower

association with the expected ratios seen in the observed RNA expression estimates for this raSNP.

The low counts were particularly seen for the variant seen in the PGF LCL RNA (G), with a lowest read

count of 335 compared to the lowest read count of 1414 seen for the COX variant (C), suggesting that

any isoform difference may predominantly affect detection of expression in PGF. When the

alternative isoforms were retrieved using Ensembl (www.ensembl.org), it was clear that rs1136666

was found very near the 5’ end of most isoforms, often outside the protein coding sequence (see

Figure 6.7). Different isoforms between the LCLs could help to explain the poor association between

the observed and expected ratios seen for raSNP rs1136666, where ASE of particular exons causes

the ratio to be skewed between the alleles of the raSNP.
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Figure 6.7: Alternative transcripts of the GAPDH gene and location of homozygous coding SNPs

found between COX and PGF. Alternative isoforms of GAPDH are indicated with boxes representing

exons, and lines introns. The full length transcript is shown in yellow, and transcripts that create a

protein product are coloured in red. Untranslated transcripts are shown in blue. In all cases protein

coding sequence is indicated by blocked colour within the exon box. There are several different

isoforms of the GAPDH gene created by alternative splicing and intron retention or inclusion.

Expression over the three raSNPs at the 3’ end of the gene follows the expected ratios more closely

than expression over the raSNP found at the 5’ end of the gene (rs1136666).

6.3.4 Further analysis of raSNPs in Non-MHC genes

Following confirmation that ASE could be detected with relatively high accuracy when read counts

were high, further genes with high expression and raSNPs created by the mixing of COX and PGF

were investigated to assess this further. Firstly, another gene with high read counts over both

variants was selected for analysis; RPS20 (encoding a ribsomal protein forming part of the 40S

subunit), which has at least 200 reads over each allele at the raSNP between COX and PGF

(chr8:56985815). This showed a good level of correlation between observed and expected ratios

(Figure 6.8).
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Figure 6.8: Observed and expected ratios of expression between COX and PGF RNA in a highly

expressed gene. Two raSNPs identified between the PGF and COX LCLs using exome sequencing

were investigated between the different mixed ratio samples in RPS20. The PGF LCL has a C at

chr8:56985814 and COX has a T, and each variant had between 355 and 2509 reads in each mixed

RNA sample. COX RNA alone had 791 reads of the T allele, and PGF RNA alone had 811 reads. There

was significant association between the observed and expected ratios when analysed with linear

regression (p=0.012). The black dotted line indicates the expected line if the observed were to

exactly match the expected ratio, while the red line indicates the observed ratios.

Although the observed ratio of the different alleles did not match exactly the expected ratio, there

was a clear relationship between the amounts of PGF compared to COX RNA in the sample. Like the

GAPDH analysis the sample with the PGF:COX ratio of 1.125:1 was found outside the line of best fit

(see Figure 6.8). This may indicate a limit in the ability to discern small difference in ASE even among

highly expressed genes. The POLR2A gene (encoding the largest subunit of RNA polymerase II) was

then investigated as an raSNP between the LCLs was identified, chr17:7399867; G in PGF and A in

COX that had lower read counts per allele. In this case the counts over each allele ranged from 48-

119. A previous study has suggested that ASE can only be accurately determined if 50 reads for both

alleles can be identified (Heap 2010). This result showed that the association between the different

ratios at this variant was even greater than the analysis of RPS20, despite its higher read counts. This

implies that a level of around 50 reads can give as accurate a result as far higher numbers of a given

transcript.
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Figure 6.9: Observed and expected ratios of expression between COX and PGF RNA in a moderately

expressed gene. A variant was identified in POLR2A, chr17:7399319, between the COX and PGF LCLs

using exome sequencing. Analysis of the ratios found between the COX and PGF alleles showed that

the observed ratios closely followed the expected ratios when analysed with linear regression

(p=0.0068). The black dotted line indicates the expected line if the observed were to exactly match

the expected ratio, while the red line indicates the observed ratios.

Another gene with around 50-100 reads per allele for at least some samples was identified, NADK,

and two raSNPs in this gene were investigated to confirm this finding.

Figure 6.10: Observed and expected ratios of expression between COX and PGF RNA in the NADK

gene. Two raSNPs found between the PGF and COX LCLs were investigated between the different

mixed ratio samples. The SNPs were identified by exome sequencing; alleles at chr1:1686082 (not

defined in dbSNP) are G in PGF, A in COX. Variants at rs4751, at chr1:1686040 are T in PGF and G in

COX. Reads over both were significantly associated with the expected ratio when analysed with

linear regression (chr1:1686082, p=0.018; rs4751, p=0.004) showing good detection of ASE. The black

dotted line indicates the expected line if the observed were to exactly match the expected ratio,

while the red line indicates the observed ratios.
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Like the example in POLR2A, the observed and expected ratios are significantly associated in the

mixed RNA samples. This changes however when smaller read counts over different alleles are

investigated. For example, the gene NOTCH1 was explored over three raSNPs, and only one was

found to have a significant association between the expected and observed ratios of the allele

counts. In this gene the read counts for the SNPs ranged from 5-77, however counts over rs2229975

were lowest, ranging from 5-28, and this showed least association between the observed and

expected ratios of the PGF and COX alleles (Figure 6.11).

Figure 6.11: Observed and expected ratios of expression between COX and PGF RNA in the NOTCH1

gene. Two raSNPs found between the PGF and COX LCLs were investigated between the different

mixed ratio samples. The SNPs were identified by exome sequencing; the raSNP at chr9:139409058,

(not defined in dbSNP) G in PGF, A in COX. At chr9:139391636 the raSNP is rs2229974, G in PGF, A in

COX and chr9:139413908 the raSNP is rs2229975, C in PGF and T in COX. Reads over chr9:139409058

were analysed with linear regression and were significantly associated with the expected ratio

(chr9:139409058, p=0.037) while at rs2229974 although the r2 value was indicative of a weak

association it was not statistically significant (p=0.069). For rs2229975 there was least evidence of

association between the observed and expected ratios (p=0.29). The black dotted line indicates the

expected line if the observed were to exactly match the expected ratio, while the red or black solid

line indicates the observed ratios.
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Another two low expressed genes, GUSB and CDK1, were analysed in the same manner (Figure 6.12).

In CDK1 the raSNP rs1871446 had no read counts above 45, with most counts in the samples found in

the range of 11-30. The raSNP found in GUSB, chr7:65429360 had similarly low counts for both of

the alleles, between 11-56 counts.

Figure 6.12: Observed and expected ratios of expression between COX and PGF RNA transcripts of

CDK1 and GUSB. Both genes contained raSNPs located using exome sequencing data (CDK1 –

rs1871446, GUSB – chr7:65429360, undefined by dbSNP). There was no significant association

between the observed and expected ratios when analysed using linear regression (CDK1, p=0.33;

GUSB, p=0.19) although the overall trend showed the PGF allele increasing as more PGF RNA was

used to make the mixed samples. The black dotted line indicates the expected line if the observed

were to exactly match the expected ratio, while the black solid line indicates the observed ratios.

6.3.5 Assessment of variation in mRNA-seq data between biological replicates

The mRNA-seq data for the LCL GM11830 allowed comparison between three biological replicates to

assess the reproducibility of detection of ASE. Initially the four raSNPs found in GAPDH were

analysed in GM11830, where a 1:1 ratio of each allele was expected. Although the observed ratio

did not necessarily match the predicted ratio, it did correspond to the ratios observed in Figure 6.5.

Each raSNP showed good reproducibility between each of the biological replicates. The difference

between the ratios observed could be the result of differential expression between exons of the

genes and alternatively spliced isoforms.
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Figure 6.13: Observed ratios between the raSNPs found in GAPDH in mRNA-seq for GM11830.

Three biological replicates of mRNA-seq of the LCL GM11830 are assessed for biological

reproducibility. All observed ratios show good reproducibility between the biological replicates.

Standard deviation between replicates at each raSNP is as follows: rs1136666 SD=0.018, rs1065691

SD=0.0076, rs1083621 SD=0.014, rs1083622 SD=0.034. Read counts for these raSNPs ranged from;

rs1136666, 670 and 2225 reads; rs1065691, 2966 to 5420 reads; rs1083621, 10032 to 12671 reads;

rs1083622, 3134 to 4552 reads.

As previously discussed, GAPDH shows high gene expression, where no read count for any allele is

below 670 reads. GUSB and POLR2A were therefore analysed to look at genes with lower total read

counts for raSNPs. The highest read count for any allele of an raSNP in these genes was 55, and

variability was far higher than seen between biological replicates assessed over GAPDH raSNPs. It is

apparent that lower read counts make it more difficult to be certain that the value for a given allelic

difference is accurate.
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Figure 6.14: Observed ratios between the raSNPs found in POLR2A and GUSB in mRNA-seq for

GM11830. Three biological replicates of mRNA-seq of the LCL GM11830 are assessed for biological

reproducibility at chr17:7400815 in the gene POLR2A and at chr7:65425894 in the gene GUSB. The

biological replicates show more variability than raSNPs analysed in GAPDH. Standard deviation

between the ratios at each raSNP is 0.25 in POLR2A, and 0.22 in GUSB. Read counts at the raSNPs

were between 35 and 55 reads in POLR2A, and between 14 and 20 reads in GUSB.
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6.3.6 Analysis of mRNA-seq in the MHC

Coverage of RNA-seq reads over the gene dense MHC was lower than expected, with less than 2% of

all reads in each sample mapping to chromosome 6. This was likely to represent problems with

mapping in the area. Looking in the MHC at a highly expressed gene, HLA-B, immediately revealed

these problems. HLA-B was first investigated using exome sequencing to determine if SNPs that

were known to differ in alleles between the COX and PGF LCLs could be mapped accurately.

Figure 6.15: Exome sequencing data mapped over HLA-B in COX and PGF gDNA. Reads mapped

with confidence are shaded in grey; reads shown by the white boxes reflect lack of confidence in the

mapping and suggest that another locus is similar to the reference here.

No raSNPs were called in the HLA-B gene using Stampy, likely to reflect mapping bias in the MHC.

Lower coverage seen in COX is likely to be the result of ambiguity in mapping. PGF may have a more

unique sequence over HLA-B, while COX may have stronger similarities to other haplotypes

represented in the Hg19 reference sequence; therefore reads in COX are less accurately mapped. As

no raSNPs could be determined using this form of mapping, ASE could not be analysed.

Chromosome 6 was remapped using only one of the eight possible reference sequences over the

MHC, again using Stampy. In the relatively highly expressed HLA-B, comparison of the known

sequences in both the COX and PGF LCLs revealed that 19 exonic raSNPs should have been created

by mixing the COX and PGF RNA. When the COX sequence was used to remap the data, no further
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raSNPs were identified compared with using all eight haplotypes. However, using data mapped only

to PGF allowed detection of some of the raSNPs (see Figure 6.16).

Figure 6.16: mRNA-seq coverage over HLA-B. HLA-B coverage is shown in mRNA-seq data for five

mixed COX and PGF RNA samples mapped to the PGF reference sequence. 13 raSNPs that should be

created by mixing PGF and COX RNA are identified in all five samples, and another two raSNPs are

not called in all five mixed samples, but have read counts for both alleles. However, the final three

raSNPs are not identified at all.

Remapping the MHC using individual reference sequences, either COX or PGF, rather than the

composite of all eight sequences used in Hg19 led to detection of more SNPs in several genes,

however these were not necessarily predicted raSNPs created by mixing PGF and COX, particularly

when the COX sequence was used to map the data. In general, more SNPs were identified when only

the PGF sequence was used to map reads. Another MHC gene, HCP5, was analysed to see if known

raSNPs between COX and PGF could be identified in a less polymorphic gene using COX to map the

data as well. A known raSNP should be created at chr6:31433558 and this was determined in the

mixed ratio samples mapped to PGF, but not those mapped to COX. In general, mapping quality was

relatively low when the COX sequence was used as can be seen in Figure 6.17, but was much

improved when the PGF sequence was used to map the data (see Figure 6.16).
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Figure 6.17: mRNA-seq coverage over HCP5 in mixed COX and PGF samples and GM11830. Mixed

COX and PGF RNA samples mRNA-seq coverage mapped to the COX reference sequence only. Reads

that have an acceptable mapping score are indicated by blocked colour, with lighter coloured shading

showing poor mapping quality reads. The known raSNP between COX and PGF is not identified in

any of the mixed samples (predicted position outlined in a red box). Two heterozygous SNPs are

found consistently in all biological replicates of the LCL GM11830.

Problems using the COX sequence to map data may reflect duplications and repetitive sequences

found in the MHC. When areas mapped using the COX sequence with particularly low mapping

quality are checked using a BLAT search, several alternate locations with high sequence similarity

(>80%) are identified. However these occur equally throughout all possible haplotypes over the MHC

and so it is unclear why mapping quality should be so much lower when COX is used compared to

PGF. This may reflect an unrecognised mapping bias with respect to the MHC.

The LCL GM11830 had two heterozygous SNPs in HCP5 identified by mRNA-seq, rs2255221 and

rs2263318, which were found in all three biological replicates mapped both to PGF and COX

sequences. High variability between the ratios was seen in both examples, which could be a result of

greater difficulty in mapping in the MHC, or due to the relatively low read counts, particularly in the

data mapped using the COX sequence. However, the ratios for each SNP were very similar between
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both data sets. Additionally, another heterozygous SNP defined in the gene HLA-DRB1 in GM11830

(rs17880292) had much larger read counts when mapped using either the COX or PGF sequence and

was far more variable than the replicate ratios seen in the GAPDH gene, with a similar magnitude of

counts (see Table 6.3). This SNP did not have similar ratios between the results from the differently

mapped data, implying that mapping variability may have a large effect on accuracy in the MHC.

Read counts were much lower when mapped to the COX sequence compared with the PGF sequence

for the SNPs in HCP5, but this was not the case for the SNP in HLA-DRB1 (see Table 6.3). This could

indicate that HLA-DRB1 is a location that is equally well mapped using both the COX and PGF

sequence, in comparison to the HCP5 gene.

Replicate 1 Replicate 2 Replicate 3 Average
ratio

Standard
deviation

rs2255221 G (mapped using PGF) 73 102 91

T (mapped using PGF) 61 107 91 1.05 0.13

G (mapped using COX) 10 25 39

T (mapped using COX) 16 31 22 1.07 0.62

rs2263318 A (mapped using PGF) 99 116 100

G (mapped using PGF) 71 114 90 1.17 0.20

A (mapped using COX 42 46 39

G (mapped using COX) 49 34 30 1.17 0.27

rs17880292 C (mapped using PGF) 1769 1979 1899

T (mapped using PGF) 637 976 981 2.25 0.46

C (mapped using COX) 1777 1927 1796

T (mapped using COX) 1246 1671 1607 1.23 0.17

Table 6.3: Heterozygous SNPs in GM11830 and their read counts per allele. Read counts for

alternate alleles at rs2255221, rs2263318 (both found in HCP5) and rs17880292 (found in HLA-DRB1)

are compared for the three biological replicates of GM11830 mapped using a single reference

sequence, either COX or PGF. The average ratios and standard deviation between the detected

alternate alleles are indicated for this data.

Finally, ZFP57 was investigated as it was a far less polymorphic gene, but still located in the MHC.

From the data presented on the raSNPs generated outside of the MHC, it was clear that for genes

with very low expression, picking up variants can be challenging. The full sequence of ZFP57 in both

PGF and COX is known due to the sequencing of the MHC by the MHC haplotype project (Stewart

2004). When looking at expression of ZFP57 in the LCLs separately it was possible to determine low

but detectable expression of ZFP57 in the COX LCL as expected from the findings of the MHC custom
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array analysis (Vandiedonck 2011) and qPCR analysis of ZFP57 expression in LCLs (see Chapter 3). In

contrast, very little expression was detected in the PGF LCL, again as predicted by the MHC custom

array and qPCR data. Two known raSNPs that differ between the PGF and COX LCLs (rs2535238 and

rs2747421) are located over the beginning of exon 2 of ZFP57. The 5’ end of ZFP57 is significantly

less expressed than the 3’ end, shown using qPCR (see Chapter 3), and agreeing with this observation

there is no coverage of either SNP in the mRNA-seq data for either LCL. However, RNA expression is

seen over the full length of ZFP57 in the COX LCL, beyond the Refseq annotation of the gene, and

including the first exon (shown in Figure 6.18).

When looking at the mixed ratios of the LCLs, there is so little expression of ZFP57 that it was not

possible to investigate any relationship between expression and the different mixed ratio samples.

Interestingly, in the LCL with HLA types similar to PGF and COX, GM11831, there appears to be

approximately half of the expression seen over ZFP57 in the COX LCL (Figure 6.18). When individual

sequences over the MHC are used to re-map the data, more reads are aligned over ZFP57, however

the numbers are still very low (an average coverage between 4 and 14 reads at any point). Several

variants are identified that are not reproducible throughout the five mixed samples, or the individual

RNA for COX or PGF, implying that accuracy of these calls is not high.

Figure 6.18: mRNA-seq in separate LCLs over ZFP57. Coverage of reads over ZFP57 is visualised

using IGV. The refseq isoform of ZFP57 is shown in blue, while the full extended transcript is

indicated in red. Expression is seen in the COX LCL but not PGF and in the LCL GM11831 very low

expression is detected.
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6.3.7 Reference-free mapping in the MHC

Because the MHC region was impossible to analyse effectively using the reads mapped with Stampy,

a reference-free mapping method was attempted for areas in the MHC based on algorithms using

coloured De Bruijn graphs. The data was mapped by Zamin Iqbal using the Cortex software, adapted

from the method outlined in his recent publication (Iqbal 2012). This method of mapping uses a

sequencing read as a “word”, which is then joined with other “words” that overlap at its edges. In

this way a sequence is built up. When a variant occurs, it forms a new edge that allows it to be

identified; in the simplest form, a SNP will occur as a bubble in an otherwise homologous contig.

While a reference sequence is not necessary for this method, it can enhance results; for example, a

reference sequence allows the detection of homozygous alterations, which would otherwise not be

highlighted as variants.

HLA-B was investigated using this technique as it had several known exonic raSNPs created between

PGF and COX, to see if it could in principle be used to analyse data. For this purpose, the main focus

was to check that using this method to define variants led to an association between the observed

and expected ratios of raSNPs in the gene. Because of the different ratios seen across the GAPDH

gene when using traditional mapping methods, one exon of HLA-B where variants were defined,

exon three, was chosen to analyse the ratios in all five samples. In order to assess COX or PGF

specific RNA, reads were only kept in the analysis if they could unambiguously be defined as either

COX or PGF. This allowed LCL specific coverage to be defined over the exon.
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Figure 6.19: Observed and expected ratios of expression of alternate raSNPs in exon 3 of HLA-B.

Coverage over exon 3 in HLA-B was defined as “PGF” or “COX” using sequence variation mapped by

Cortex to separate reads that covered this region in each of the five mixed RNA samples. A

significant association was seen between the observed and expected ratios of coverage over the

exon (p=0.0027). The black dotted line indicates the expected line if the observed were to exactly

match the expected ratio, while the red line indicates the observed ratios.

As yet, not all the known variants in HLA-B have been identified using the reference-free mapping,

however quality of mapping scores will have led to some true variants being filtered out. To put this

in context, using reference-free mapping to define all raSNPs between COX and PGF beyond the MHC

has identified only half of the raSNPs analysed in this chapter found outside of the MHC (raSNPs

found in NADK, POLR2A and NOTCH1). Despite these caveats it is likely that further work using this

method will allow more accurate determination of variants in the MHC than traditional mappers,

especially when considering samples where the MHC sequence is unknown.
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6.4 Discussion

The introduction of NGS technology to the study of gene expression has allowed the possibility of

detecting novel transcripts routinely, as well as sensitive detection of low expressed transcripts.

When Illumina RNA-seq has been compared to gene expression detection using Affymetrix arrays

previously, it has been shown that a single lane of sequencing is highly reproducible and gives

comparable results to analysis using an array when considering annotated coding genes (Marioni

2008). A variety of different model organisms have had their transcriptomes analysed using RNA-seq

and the approach is increasingly used in human studies. However, when setting up this study it was

apparent that many controversies surrounded data analysis and interpretation, particularly for ASE.

6.4.1 Analysis of gene expression with RNA-seq

While RNA-seq has the potential to identify low and medium abundance transcripts, a suitable

sequencing depth for their detection must be achieved (Mortazavi 2008). This means that when

samples are multiplexed, a loss of deeply sequenced data will reduce the ability of RNA-seq to

determine expression for some genes. While we did not multiplex the mixed ratios of RNA, or the

single LCL RNA, it was clear that there were several genes where sufficient depth was not obtained to

confidently analyse gene expression. Although ZFP57 expression was detected in the COX LCL for

example, there were very few reads and it was not possible to compare the expression across the

five mixed PGF and COX samples. This suggests that greater read depth would be necessary to

analyse genes with very low expression, and implies that for samples where genes with low

expression are of significant interest multiplexing may not lead to suitable data. The use of RNA-seq

with no further modification as a method suitable to determine differential expression has been

questioned due to its difficulty in accurately defining rare transcripts. A recent study has suggested

that as sequence depth increases, noise will also increase and so make analysis challenging; to this

end they suggest use of their technique NOIseq to assess variability of read counts and improve

prediction of differential expression (Tarazona 2011). The principle behind NOIseq aims to remove

any bias associated with read count number in the identification of differentially expressed genes by
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normalising the fold change of gene expression and the absolute change in gene expression for any

genes analysed in comparable samples.

6.4.2 Accurate detection of ASE

ASE measurement has traditionally relied upon coding or exonic SNPs that allow accurate

quantification of alternate alleles (Knight 2006). This remains the case for mRNA-seq, as regulatory

noncoding variants are not expressed and thus cannot be used to differentiate transcripts. While use

of coding SNPs is not a problem when a gene is expressed at a high level, when only a small number

of reads are available for low expressed genes it can be hard to tell if variation is due to a sequencing

error rather than ASE. Calling the presence of a SNP from RNA-seq data alone can be highly

problematic where one allele may be expressed at a significantly lower level. The ability to use

exome sequencing data from genomic DNA in these situations to identify sites where a variant

should be evident would clearly be beneficial.

Heap and colleagues analysed ASE in primary T cells from four individuals in both resting and

activated states. They identified 1371 unique transcripts with evidence of ASE, however around 50%

of these were deemed to be due to SNP bias. They determined that 50 reads covering the SNPs in

question would be required to detect a two-fold variation in gene expression where the significance

level was 0.001 (Heap 2010). Because of this, it would take extremely deep sequencing to ensure

that genes expressed at a low level were truly exhibiting ASE, rather than reflecting a sequence bias.

This was apparent in our data, where genes with low expression were more difficult to analyse. This

also reinforces the usefulness of sequence information, either via exome sequencing or genotyping

and imputation, in conjunction with mRNA-seq for samples as stated previously.

In the analysis of our data we were able to find variants between the PGF and COX LCLs outside of

the MHC using variants detected in the exome data that were homozygous in each LCL. This allowed

the analysis of the ratios generated using the mixtures of COX and PGF RNA. In general where high

read counts of alternate alleles were available, numbering over 50 of each variant, the observed

ratios that were found matched closely to the expected ratios. If they were different to the expected

ratios, they still followed the correct trend taking the 1:1 ratio as the starting point. In contrast,
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where read counts were low the observed ratios were far more varied, highlighting the difficulty with

low gene expression analysis.

In the case of analysing ZFP57 expression using mRNA-seq reads mapped with Stampy, no expression

over PGF could be detected, and no expression over known coding variants could be detected either.

Therefore it was impossible to show using this gene that low expression could still be determined in

an allele specific manner. Despite this, comparing the absolute read counts in the COX LCL with the

GM11831 LCL (that contains HLA types analogous to both COX and PGF) showed that ZFP57

expression was reduced in the GM11831 LCL compared to COX. This matched the prediction for

ZFP57 expression in GM11831 made based on the MHC array data.

6.4.3 Bias in RNA-seq experiments

Interestingly, a study analysing the effect of read mapping bias on ASE showed that masking known

SNPs could remove any reference sequence bias. However, overall the accuracy of mapping did not

improve, indicating that many SNPs confer a mapping bias towards one particular allele which in turn

will cause a bias in the detection of ASE (Degner 2009). The presence of SNPs in any given read when

compared with a reference sequence make it more likely that the read will be removed from

mapping (Fang and Cui 2011). Although mapping algorithms can tolerate limited mismatches to their

reference sequences, if many SNPs are present in the read it will be discarded. This presents

particular problems for highly polymorphic areas of the genome such as the MHC. For example, data

is mapped with low quality at many loci in the MHC (see Figure 6.17).

Mapping bias and detection of genes with low expression are not the only problems with analysis of

RNA-seq data. The process of mRNA-seq assumes that transcripts will be sampled randomly creating

short shotgun sequences. Longer transcripts in a genome will therefore have more reads than

shorter ones and this can create a bias towards detection of longer transcripts (Mortazavi 2008).

Two separate studies have shown that the longer the gene, the higher the read count, and this is not

corrected by normalising read counts to gene lengths (Oshlack and Wakefield 2009, Bullard 2010).

Differences in the sequence can also lead to bias in detection of expression via GC content changes,

and the effect of random hexamer priming used in the Illumina sequencing method (Hansen 2010).
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In their study of 69 Nigerian LCLs, Pickrell and colleagues noted that GC content confounds gene

expression analysis between samples and corrected for this by binning exons according to GC

content at 3’ and 5’ ends (Pickrell 2010). This again highlights the importance of sequence

information in analysing the mRNA-seq data.

Alternative splicing can add another layer of complexity to the analysis of gene expression using

mRNA-seq. Detection of alternative splicing using mRNA-seq has been reported by several studies,

however again for reasons previously discussed moderate to high expression is required to ensure

that results are not biased by either the sequence composition or by mapping of the reads. A 2008

study highlighted how mRNA-seq identified expression of 25% more genes than conventional array

analysis, while also being able to define nearly 100,000 splice junctions (Sultan 2008). This study also

showed that exon skipping was the most common form of alternative splicing. Studying the effect of

alternative splicing between the two LCLs in our experiment was difficult due to relatively few genes

where there were several different SNPs spread across a gene. In GAPDH the SNP found at the 5’

end of the gene was not found in as many reads as the other SNPs in GAPDH, and also showed far

less convincing association with the expected ratios of gene expression. This also implies that in

some cases ASE may in fact be alternative splicing, where one allele appears to have lower

expression, but in fact an excluded exon is responsible for any difference seen.

6.4.4 Analysing the MHC using RNA-seq

MHC variants and analysis of differential expression has not been extensively studied using mRNA-

seq, therefore it is hard to compare analysis of this experiment to that of previously published

studies. Using the mapper Stampy it was clear that many variants were not detected, even when the

individual full MHC sequences of both PGF and COX were used to map the transcripts. The highly

polymorphic nature of this region, and the large amount of alternative splicing and variable gene

expression that is known to characterise the MHC made comparison of expression within the MHC

impossible. In particular, variants identified within the MHC were often not found consistently

throughout all five of the mixed ratio samples leading to no confidence in the accuracy of the call, for

example in HCP5, where the known variant between COX and PGF is found when data is mapped



181

solely against the PGF sequence, but not when mapped using the COX sequence. Some raSNPs at

separate locations are called in some of the mixed ratio samples when using either sequence to map

the data. However, analysis of data mapped using the COX sequence alone seems to pick up variants

less frequently.

Analysis of HLA-B demonstrated the wider phenomenon of reference sequences causing serious

mapping bias in the MHC. raSNPs were relatively successfully identified when mapping was carried

out using only the PGF sequence, but when using the COX sequence no raSNPs were identified across

the gene at all. While it is comforting that using the PGF, or reference, sequence gives the most

accurate results, several known raSNPs could still not be identified. It was concerning that if detailed

sequence information was not known, or if the sample varied dramatically from the reference

sequence then many variants would be missed. This also highlighted that mapping bias in the MHC

has not been fully explored, as different results were found when COX was used as the sole reference

sequence compared to the single use of the PGF sequence.

Because of this we also attempted reference-free mapping using de novo assembly (Iqbal 2012). This

was predominantly to assess gene expression within the MHC; however, in the future it will be

important to know how this technique would perform in other loci so that a universal method for

analysis of mRNA-seq or total RNA-seq data that included the MHC could be pioneered. It is notable

that currently no standard practice exists that encompasses the design, implementation and analysis

of an RNA-seq experiment; yet as more RNA-seq data is generated the ability to compare data sets

will become more important (Auer 2011).

Using de novo assembly to analyse the five mixed RNA samples allowed the reads that could be used

to identify either COX or PGF sequences specifically to be kept for analysis of their ratios in the

samples. All reads that could not be assigned to either COX or PGF alone once assembled were

removed from the analysis. When HLA-B was studied using this technique raSNPs between the COX

and PGF RNA could be determined. A pilot study in exon three of HLA-B showed promising results as

a significant association between the observed and expected ratios was found, but it was notable

that when looking over the whole gene instead this association disappeared. This highlights the
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importance of taking alternative isoforms and bias in coverage of genes into account in gene

expression analysis. It is encouraging that HLA-B expression may be able to be determined in this

manner, as it is a polymorphic gene that is not easily studied using array or qPCR based

methodologies. For genes such as this, it is of great importance to establish a reliable technique for

mapping expression data. It is clear however that there is much further work necessary, beyond the

scope of this thesis, to identify any confounding factors in the analysis of the MHC using reference

free mapping and to ensure that ASE can be confidently assessed using RNA-seq.

It is unclear whether the most effective method for analysing RNA-seq data over the MHC will be to

use a single technique to map reads and call variants or whether a combination of analysis using

traditional mapping to a reference as well as reference free mapping will give more accurate and

consistent results. More work, especially in the use of a single reference sequence compared with

the composite reference sequence over chromosome 6, is required to see whether the increased

variation of results in the MHC can be reduced. Finally, further examples beyond the pilot study of

HLA-B using reference free mapping are necessary to confirm that the promising results seen so far

are reproducible and applicable in a biologically relevant setting where full sequence information and

known ratios of variants are not available.

6.4.5 Conclusion

This study confirms that mRNA-seq can consistently define ASE when expression of a gene is high.

Where sequence information for a gene is known, this enables detection of ASE with high specificity.

However the MHC remains a particular challenge in both the initial mapping of reads and the

interpretation of gene expression data due to sequence and structural variants. While the promise

of mRNA-seq is great, further work is required to ensure that all data generated can be accurately

interpreted without bias of any sort and to minimise the data analysis pipeline to allow it to be more

easily introduced in larger scale gene expression investigation.
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Chapter 7 – Characterisation of genome-wide protein-DNA binding by ZFP57

7.1 Introduction

As highlighted in Chapter 3, the biology of ZFP57 is still relatively unknown. While thought to be

important in the maintenance of methylation patterns and to act as a TF, no known binding sites or

binding motif has been established in humans, and no functional work outside its role in

development has been reported. Previous studies have identified aberrant methylation in neonatal

T1D patients with ZFP57 mutations (Mackay 2008); and the function of ZFP57 has been studied in

mice embryos indicating that ZFP57 plays an essential role in development by maintaining maternal

and paternal methylation patterns (Li 2008). With this is mind this chapter investigates the role of

ZFP57 in LCLs, focusing on identifying sites of protein-DNA interaction across the genome. The LCLs

chosen for this work were the PGF and COX LCLs described in Chapters 3 and 4, where evidence was

presented that COX expresses ZFP57 at a much higher level than PGF, which was included as a

negative or low expressing control. A further LCL, APD, was also included as it appeared to have the

high levels of ZFP57 on western blot analysis (Figure 4.21). The primary methodology chosen for this

work was chromatin immunoprecipitation, an important technique for analysing protein-DNA

interactions in cells (Massie and Mills 2009) which can be analysed using high-throughput sequencing

using ChIP-seq, an approach discussed further in this introduction.

7.1.1 ChIP-seq methodology

To carry out TF ChIP, an antibody raised against the protein of interest is used to immunoprecipitate

cross-linked sonicated-chromatin that is bound to the TF. The selected chromatin can then be used

to analyse the location of binding of the TF, and in the case of ChIP-seq this is achieved by sequencing

the immunoprecipitated chromatin. The technique is described in more detail in Figure 7.1. The

benefit of ChIP-seq is that theoretically genome-wide coverage of TF binding can be achieved (Park

2009). ChIP-seq has also improved the study of histone modifications that are crucial in the

understanding of epigenetic mechanisms. By using an antibody raised against a particular histone
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modification, cross-linked chromatin with that modification can be immunoprecipitated and

sequenced in the same way as TF ChIP. The resolution of ChIP-seq at a genome-wide level gives it an

advantage over other methodologies such as ChIP-chip meaning it is more likely that unknown

binding motifs of TFs can be identified by comparing the binding sites identified across the genome.

The amount of material required is also typically much smaller for ChIP-seq experiments than ChIP-

chip, making it a more realistic possibility for TFs that are not expressed highly.

Figure 7.1: Schematic showing the methodology behind ChIP-seq experiments. Adapted from (Park

2009). Cells are cross-linked to stabilise protein-DNA interactions as described in Materials and

Methods, Section 2.8. Cross-linked chromatin is extracted from the cells and is sonicated to produce

fragments of around 200-1000bp in length. The chromatin is incubated with an antibody specific to

the protein of interest and this is used to isolate the DNA that is binding this protein or protein

complex. Isolation of the antibody-bound DNA can be carried out by various methods, for example

using protein-coated magnetic beads. DNA:protein cross-links are reversed and the protein is

digested to leave only the DNA of interest. This is then end-repaired, polyA-tailed, adaptor-ligated

and amplified to form a DNA library of the bound DNA. This procedure is also carried out for an input

sample of chromatin that is either treated with no antibody or using a mock/ non-DNA binding

protein antibody to use in analysis. QC is carried out to ensure that the library preparation has been

successful. Sequencing is performed using an appropriate platform and the short sequence reads are

aligned to an appropriate reference sequence.

However, there are disadvantages to the use of ChIP-seq. Primarily, the cost of the experiment is

high compared with that of ChIP-chip, and if genome-wide information is not required, the use of a

customised microarray may be as informative (Park 2009). The volume of data generated by ChIP-
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seq is extremely large, and requires specialist analysis; additionally, sequence alignment may cause

problems in the data analysis, particularly where the genome sequence of the sample being studied

is unknown. The quality of the antibody used affects any ChIP experiment, therefore it is important

to be confident in the ability of the selected antibody to be used in immunoprecipitation

experiments. As only one antibody was available for ZFP57 and this had not been tested in an

immunoprecipitation experiment, a positive control that would give additional useful information

was investigated.

7.1.2 KAP1 as an additional control for ZFP57 ChIP-seq

KAP1 has been extensively studied previously due to its role in development, including cellular

proliferation and neoplastic transformation. It is a highly conserved protein known to have many

different roles in cellular processes. KAP1 is critical in development; mice that are deficient in KAP1

die before reaching gastrulation (Cammas 2000). It also is important in maintenance of pluripotency,

and in control of various types of cell differentiation. For example, KAP1 inhibits red blood cell

differentiation, yet promotes the differentiation of U937 cells into macrophages (Iyengar and

Farnham 2011). KAP1 has been implicated as a contributor to various forms of cancer, including

hepatic, lung, breast and gastric cancers, as its expression is found to be elevated in these cancers.

Gastric cancer patients in particular are shown to have a lower survival rate when KAP1 protein levels

are elevated (Yokoe 2010), and reduction in KAP1 levels is thought to improve the p53 response and

decrease proliferation following chemotherapy (Okamoto 2006).

KAP1 does not itself bind DNA, instead it forms a scaffold for several other proteins involved in

chromatin remodelling and is recruited to DNA binding complexes through various partners, many of

which are KRAB domain containing zinc finger proteins. The KRAB-ZNF protein family expanded

dramatically in primate evolution as segmental duplication events enabled a much wider protein

family to develop (Emerson and Thomas 2009, Nowick 2010). ZFP57 is a KRAB-ZNF protein and

would be a highly plausible binding partner for KAP1. Of particular relevance when considered in

conjunction with ZFP57 is the well reported role of KAP1 in transcriptional silencing and spreading of

heterochromatin (Groner 2010). ZFP57 itself, as previously discussed in Chapter 3, has been
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implicated in methylation pattern maintenance (Li 2008). It is therefore a reasonable hypothesis that

KAP1 interacts with ZFP57 and overlap in binding may be observed giving more confidence that a

genuine ZFP57 binding site has been detected.

Most significant reported KAP1 binding sites are in 3’ coding exons of ZNF genes and involve

interaction of the N-terminal domain of KAP1 (which includes a RING finger type zinc finger motif,

two B box zinc finger domains, and a leucine zipper coiled-coil region) interacting with multiple zinc

fingers of the C-terminal regions of KRAB-ZNF proteins (Iyengar 2011). Typically expression of KRAB-

ZNF genes is not regulated by KAP1 and function of them in combination is instead linked with

depositing H3K9me3 and maintenance of heterochromatin although it is unclear as to whether this

may then play a role in regulation. The number of repeated zinc finger domains in 3’ exons of ZNF

genes is correlated with KAP1 binding and the presence of the H3K9me3 mark. It is suggested that

the role of the H3K9me3 mark is primarily to prevent inappropriate recombination or DNA repair in

the area of the genome (Blahnik 2011). Where KAP1 is involved in a transcriptional regulatory role, it

is not thought to include ZNF proteins as binding partners, and is thought to be regulated by post-

translational modification (Iyengar and Farnham 2011).

An initial study using ChIP-chip to investigate KAP1 binding in Ntera2 cells (neuronal progenitor like

cells) showed that H3K9me3 and KAP1 was found to be associated with 3’ exons of ZNF genes only, in

the case of other genes KAP1 was seen to bind more to the promoter region (O'Geen 2007). It was

therefore assumed that KAP1 with the ZNF protein contributed to auto-regulation of the gene. This

seemed probable as reporter assays showed KAP1 could act as a transcriptional repressor however

no evidence was found for differential expression associated with the amount of KAP1 or histone

modification in the 3’ end of the ZNF genes in vivo (Blahnik 2011). KAP1 has been shown to associate

with a KRAB-ZNF protein ZNF274 and ChIP-seq has been used to show that binding sites of these

proteins in K562 (monocyte like), HEK (Human Embryonic Kidney), GM12878 (LCL) and HepG2

(human hepatocellular carcinoma) cells, and additional proteins such as a methyltransferase STEDB1,

co-localise over the 3’ ends of ZNF genes (Frietze 2010). This study showed specific locations where

KAP1 was recruited with ZNF274 and when ZNF274 was knocked down using RNAi, binding of KAP1
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was also decreased in these regions. ChIP-seq assays have additionally been performed on U2OS (an

osteosarcoma cell line).

In view of its association with KRAB-ZNF proteins as a binding partner, an experimental design was

developed in which ChIP-seq would be carried out for KAP1 binding as well as ZFP57 binding in the

three LCLs. This would allow the comparison of any binding peaks between KAP1 and ZFP57 as likely

binding partners. KAP1 ChIP-seq would also act as an effective positive control, as several studies

have already successfully described KAP1 binding in a genome-wide manner, either by ChIP-seq

studies or using a ChIP-chip approach as detailed above.

7.2 Aims

The overall objective of this chapter was to define genomic sites of protein-DNA binding by ZFP57.

Specific aims were:

1. To determine ZFP57 DNA binding sites by ChIP-seq in high and low expressing LCLs

2. To analyse KAP1 binding in the same LCLs by ChIP-seq as a potential binding partner for

ZFP57 and to assess if there were allele-specific binding events between the 3 LCLs used in

the analysis.

7.3 Results

7.3.1 Selection of antibodies for ZFP57 and KAP1 ChIP

As previously stated, the only publicly available antibody for human ZFP57 had not been previously

used in ChIP or IP experiments in any published literature. As it gave the correct sized band when

used in western blot analysis on the LCLs (see Figure 4.21) it was decided to test the functionality of

the antibody for immunoprecipitation. To do this, ZFP57 was amplified from COX cDNA and cloned

into a Myc-tagged vector to produce a vector that would express Myc-tagged ZFP57 with the Myc-tag

being found as the N-terminus of the protein (Figure 7.2).
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Figure 7.2: Cloning ZFP57 into pML5-Myc. The pML5-Myc vector was digested using the single

cutting restriction enzymes NotI and KpnI. The vector contains an Ampicillin resistance gene to allow

selective growth; an F1 origin to allow replication and different sequences such as a CAG enhancer,

CMV promoter and SV40 PolyA Signal to ensure expression of the gene that is cloned into the vector.

ZFP57 was amplified using primers with restriction sites for NotI and KpnI added so that it could be

introduced into the vector, in frame with the Myc-tag to allow expression of a Myc-tagged ZFP57

fusion protein.

The presence of ZFP57 in the vector was confirmed by sequencing and no coding mutations were

introduced into the ZFP57 sequence. The ZFP57-Myc fusion protein was then over expressed in the

HEK cell line and cell lysates were harvested. An immunoprecipitation using the anti-ZFP57 antibody

with subsequent western blot against the Myc-tag showed expression of the fusion protein was

successful in the cell lysate; however, the protein was not pulled down in the immunoprecipitation.

It is possible that the Myc-tag interferes with the ability of the antibody to bind to ZFP57 or that this

reflects the efficacy of the antibody in a cellular context.

ZFP57 has not been extensively studied, as detailed before in Chapter 3, and no additional α-ZFP57 

antibodies that detected human ZFP57 were available. Although the immunoprecipitation of the

ZFP57-Myc-tag fusion protein was unsuccessful, the previous WB and FACS data suggested that the

antibody did specifically bind to ZFP57 and could detect native ZFP57 protein. Therefore, it was

thought to be worth proceeding with the ZFP57 ChIP-seq experiment.

The specificity of the KAP1 antibody was first tested using western blot analysis against APD, COX and

PGF cell lysates and nuclear lysates (Figure 7.3). This showed that the KAP1 protein was expressed

consistently at high levels across all LCLs. The KAP1 antibody was a ChIP grade antibody and had
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of KAP1 were assessed (O'Geen 2007, Rambaud 2009).
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of heterochromatin spreading (Groner 2010) were selected to use as positive controls for ChIP before

submission of samples for sequencing. The study had used qPCR to analyse ChIP experiments. Two

separate regions of binding, over ZNF genes, were replicated here using ChIP material generated for

ChIP-seq from the three LCLs. The input chromatin and a primer set directed against the 18S DNA

sequence were used to normalise the qPCR data in order for enrichment to be detected. The loci

chosen were ZNF554 and ZNF556, shown to have KAP1 binding in a study by Groner and colleagues.

Figure 7.4: Confirmation of success of KAP1 ChIP. i) qPCR showing enrichment in the ChIP material

of the sample incubated with KAP1 compared to input at 2 separate ZNF genes on Chromosome 19.

The darker line shows KAP1 binding under normal conditions; the lighter line shows KAP1 binding

under RNAi against KAP1 which caused an overall reduction of KAP1 in the cells. Redrawn from

(Groner 2010). ii) KAP1 binding compared to input in the 3 MHC homozygous LCLs at the same

locations. Primer sets used are indicated by the red line highlighting which were chosen from the

primers used in the Groner study, and their sequences are detailed in Table A.5.

Figure 7.4 shows the results using ChIP material from the three homozygous LCLs. The same

enrichment pattern is seen for all three LCLs consistent with that demonstrated in the original
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publication, demonstrating that the ChIP against KAP1 had been successful. Following the

confirmation that the ChIP experiment worked as expected with regard to KAP1, the samples for

ChIP-seq analysis of both ZFP57 and KAP1 in the three LCLs were submitted for sequencing at the

Core Genomics facility (WTCHG).

7.3.4 Sequencing and ChIP-seq data analysis

ChIP material was submitted for sequencing. Libraries were constructed from the fragmented

extracted chromatin and size selection was carried out to remove any sequences that were too large

to be successfully sequenced. Amplification was performed following the size selection and the

library was also quality checked. Sequencing was then performed using the GAIIx Illumina

sequencer. All data analysis algorithms were performed by Dr Stephen Sansom and Dr Andreas

Heger of the Department of Physiology, Anatomy and Genetics in Oxford as part of a collaborative

project with CGAT (Computational Genomics Analysis and Training).

7.3.5 Sequence alignment

The tag sequences were aligned to a reference sequence using Bowtie (http://bowtie-

bio.sourceforge.net/index/shtml). Bowtie is a read aligner designed to efficiently map large numbers

of short reads to a larger genome sequence (Langmead 2009). Parameters used for alignment with

Bowtie meant that only sequences with two or fewer mismatches from the reference sequence

would be retained, and that the best possible alignment was picked for each sequence tag. Only

reads which were uniquely mapped were reported.

7.3.6 Filtering data

Regions that were abnormal and may be contamination were identified and removed from further

analysis. As small amounts of DNA are typically used in ChIP-seq experiments, cross-sample

contamination is a well known problem, particularly regarding post-PCR contamination of the pre-

PCR ChIP sample (Barski and Zhao 2009). Four of these regions were identified, which had

abnormally high copy number in the number of reads present and also showed exonic structure

rather than smooth peaks. They were identified as probable contaminants from cloning reactions
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carried out in the laboratory. This was confirmed by the presence of a silent point mutation known

to have been included in the cloning of ZFP57 previously in the lab. Other filtered regions included

the TNFRSF1B promoter and the PRDM9 gene.

7.3.7 Normalisation

Following filtering, any reads that were duplicated were removed, leaving only unique reads that had

been mapped to one genomic location only (see Table 7.1). This also helps to remove contamination

by post-PCR products as these will have several identical copies. Normalisation was carried out

across the samples so that the overall number of reads considered for each sample was the same

(15.8 million). This involved randomly selecting reads to be removed to render all samples equal in

terms of read number. The PGF sample for ZFP57 had a much lower read count than either COX or

APD (8.7 million), and so it was considered separately to prevent unnecessarily depleting the data for

COX and APD ZFP57 ChIP samples.

Total Reads Mapped Duplicates Uniquely mapped After normalisation

APD-ZFP57 40,768,692 30,477,027 12,339,602 18,137,425 15,818,488

APD-KAP1 39,240,124 30,799,784 14,981,296 15,818,488 15,818,488

APD-input 38,367,696 31,290,082 2,529,948 28,760,134 15,818,488

COX-ZFP57 37,463,320 28,697,089 12,577,374 16,119,715 15,818,488

COX-KAP1 37,784,931 28,889,693 4,346,803 24,542,890 15,818,488

COX-input 38,406,507 29,394,479 1,396,462 27,998,017 15,818,488

PGF-ZFP57 37,849,947 26,805,018 18,039,513 8,765,506 8,765,506

PGF-KAP1 39,689,058 30,390,379 3,785,090 3,785,090 15,818,488

PGF-input 39,041,305 30,834,061 1,728,380 1,728,380 15,818,488

Table 7.1: Read numbers following normalisation. All samples’ read numbers are shown at each

stage of the normalisation process. Following removal of duplicates and those reads which do not

map uniquely in the reference, the number of reads remaining is normalised to the lowest (in this

case APD-KAP1) by removing reads randomly across the sample. PGF-ZFP57 reads are not

normalised due to their low number to avoid data loss in the other samples.

7.3.8 Peak calling

There are several different algorithms that can be used to call peaks in ChIP-seq data. They all

primarily work in the same way, looking for a build up of unique reads over one location. A peak

model is made for each sample by the program, allowing all data to be scanned for peaks which fit
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the predicted model. Parameters for each peak calling algorithm can be varied to stringent settings,

where confidence is high that when a significant peak is called it will be a real result, and to more

relaxed parameters. The more relaxed results can then be further analysed by eye. This helps in

situations where low overall binding is predicted, or there is very low protein expression. Peaks in

the data are called when there is a significant increase in the sample at a location in comparison to

the input control. It is therefore very important that the input is processed as the antibody

incubated samples so that it is an adequate control. This has been highlighted in several

publications, as the distribution of the input ChIP reads is rarely uniform in nature (Kharchenko

2008).

The MACS peak caller is the most commonly used peak finder in the analysis of ChIP-seq data

(http://liulab.dfci.harvard.edu/MACS/). It can be used with or without control data, but the use of an

input control reduces the false discovery rate (FDR) to 0.4% typically (Zhang 2008). Settings for peak

discovery in this experiment were set to reflect the experimental material: a bandwidth of 500bp was

used as the expected size of sonicated fragments was 1000bp; the tag size was set to be 51bp as this

was the length of the generated fragments used in sequencing. The p value for a significant peak

was set to be 1x10-5, and fold enrichment for a peak to be called was set between 20 and 100.

The SPP pipeline is designed to be run as an R software package

(http://compbio.med.harvard.edu/Supplements/ChIP-seq/). A FDR of 1% was used, and peaks were

detected using a series of windows to scan along chromosomes looking for abnormal density in

reads, a window tag density (WTD) method (Kharchenko 2008). The window is defined by the

characteristics of the data to be analysed, so in this case the window was set to be between 50-

1000bp. Anomalous tag sequences were automatically removed by the pipeline.

PeakSeq differs from the first two peak callers in that it uses a two-stage approach to define peaks,

filtering out any signal that is the result of open chromatin before comparing the ChIP sample to the

input reads to define significantly enriched regions (http://info.gersteinlab.org/PeakSeq). (Rozowsky

2009). The enrichment fragment length used for analysis was 500bp, with a minimum inter-peak

distance set at 200bp. A FDR was used at 0.05, with a maximum Q value of 0.05. Although PeakSeq
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does allow tag sequences that map to multiple locations to be considered in the analysis pipeline this

was not used as multiple mapped reads had been previously discarded from the data.

7.3.9 Peak calls from all algorithms

The peak model determined for all samples was similar showing that the analysis was consistent

between the samples and the data did not vary abnormally. The peak model is designated “d” and

accounts for both the size of the sonication fragments in the sample and the size of the peak that can

be identified. As the peaks are off-set depending on the sense of the strand of DNA two separate

peaks are determined, one on each strand, which are then merged to form the peak model, as

shown in Figure 7.5. An example of the peak model is shown for the MACS algorithm for all three

LCLs:

Figure 7.5: Peak model for data analysis using MACS (Figure courtesy of Dr Stephen Sansom).

Peaks are shown to be consistent between the three different LCLs ChIP results. The peak model “d”

does not vary considerably showing consistent sonication and peak size called in the data between

the cell lines.

All algorithms detected significant peaks in the KAP1 ChIP data, but very few in the ZFP57 ChIP data

when compared to the input (Table 7.2). Although different total numbers of KAP1 peaks were

detected by the 3 peak callers, the results were broadly comparable in terms of trends. Relaxed

parameters lead to an increase in peaks detected for ZFP57 however these peaks looked no different

than what could reasonably be expected by chance. The PGF ZFP57 sample cannot easily be

compared to the ZFP57 ChIP samples for APD and COX, as it had not been normalised so the number
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comparisons are not relevant, however binding sites were predicted in the PGF ZFP57 sample, which

bearing in mind the low expression of ZFP57 in the cell line makes the results seem untrustworthy.

APD COX PGF

Algorithm FDR KAP1 ZFP57 KAP1 ZFP57 KAP1 ZFP57

MACS (default) 1 20,937 1 17,473 1 8,538 20
MACS (relaxed) 20 105,332 2 70,610 1 33,503 21
SPP (default) 1 36,043 0 19,423 0 53 0

SPP (relaxed) 10 138,542 44 79,759 1 40,486 61

PeakSeq (default) 1 18,302 17 8,548 3082 6,031 64

PeakSeq (relaxed) 5 31,917 2761 17,496 8994 14,037 33442

Table 7.2: Number of peaks identified in KAP1 and ZFP57 ChIP samples. For each sample the

number of peaks identified using each peak finding algorithm is shown at the default (stringent) FDR

and a more relaxed set of parameters.

The KAP1 peaks identified are much more convincing and the experiment appears to have worked

well. Peaks can be identified over the locations used as a positive control (see Figure 7.4) as well as

in several other locations. MACS KAP1 peaks are taken for analysis as this had been previously

identified as a robust algorithm, providing very accurate binding predictions (Wilbanks and Facciotti

2010). Although the SPP pipeline was highlighted as the most accurate algorithm in this publication,

it predicted very few PGF KAP1 binding sites, suggesting that its stringency was too high for this

analysis. As input material was available for all samples, the accuracy was likely to be high, meaning

that MACS was a suitable choice for the final analysis. This analysis suggests that further

interrogation of the results of the ZFP57 ChIP-seq data was unlikely to be informative and the

remainder of this chapter focuses on exploring in more detail the ChIP-seq data generated for KAP1.

7.3.10 Positive control KAP1 binding sites

ChIP-seq data for the three LCLs is shown in Figure 7.6 for known KAP1 binding sites interrogated by

qPCR (Section 7.3.3). MACS detected peaks in all LCLs at these binding sites in ZNF554 and ZNF556.

The improved resolution in binding-site detection when using ChIP-seq compared to qPCR is clear, as

in both cases the KAP1 binding site is to be located between two qPCR primers sets.
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Figure 7.6: KAP1 binding sites determined by ChIP-seq are found over ZNF genes on chromosome

19 previously reported to have KAP1 binding sites. IGV is used to visualise the read frequency of

KAP1 immunoprecipitated samples compared to input over ZNF genes on chromosome 19. The

positive control genes ZNF554 and ZNF556 show clear peaks in positions as expected. These genes

were previously selected to confirm the binding of KAP1 at a known binding-site using qPCR prior to

submission of the sample for ChIP-seq analysis and the primer locations are shown in red. KAP1

immunoprecipitated samples show significant enrichment of reads compared to the input for the

LCLs, and all peaks were detectable using MACS.
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This highlights how ChIP-seq can be used to more accurately define binding sites and motifs for TFs

and associated proteins. The ability to analyse binding differences between LCLs with known DNA

sequence differences could also help to improve models investigating the specificity of particular

binding motifs and variation in DNA binding. KAP1 binding was also seen for a further known binding

site for KAP1 at ZNF345 (Figure 7.7).

Figure 7.7: Confirmation that KAP1 binding is detected at ZNF345; a region previously identified as

a site of KAP1 binding in whole genome analysis of KAP1 binding. IGV is used to visualise the read

frequency of KAP1 immunoprecipitated samples compared to the input over ZNF345, a gene known

to be bound by KAP1 from previous genome-wide analysis (Iyengar 2011).

7.3.11 Genome-wide KAP1 binding

Genome-wide KAP1 binding was assessed using data from analysis with MACS (using the parameters

outlined above). Binding sites were required to only be found in one of the three LCLs studied,

although many were found in more than one of the LCLs. KAP1 sites were found to have clusters of

peaks across the genome; the normalised frequency of KAP1 peaks in all three LCLs is shown below,

detailing areas of the genome where KAP1 binding sites are particularly common (Figure 7.8). This
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takes account the location of genes in relation to KAP1 binding sites as there is a significant

correlation between KAP1 peaks and gene loci (r=0.65, p<2.2x10-16). KAP1 binding sites are found to

be most common at regions of the genome known to have ZNF gene clusters, for example

chromosome 19 (Bellefroid 1993, Eichler 1998). As KAP1 is known to interact with KRAB-ZNF genes

and bind over them according to zinc finger number, analysis was carried out to investigate KAP1

binding site location for all genes (Figure 7.8).

Figure 7.8: Distribution of KAP1 binding sites in mega-base windows over the whole genome

(Figure courtesy of Dr Stephen Sansom). KAP1 binding sites (shown in blue) determined in all three

LCLs are plotted against genomic location. KAP1 binding sites are significantly correlated (r=0.65,

p<2.2x10-16) with gene number (shown in green). Regions where the number of KAP1 binding sites

exceeded that expected from the number of genes present were identified (~KAP1/Genes) using a

linear model. Highly enriched regions are shown in orange (>2 std. dev.) and red (>3 std. dev).

KAP1 binding sites were found at more KRAB-ZNF genes than other types of genes in all three LCLs,

and peaks were also found at a higher incidence over KRAB-ZNF genes. The KRAB and ZNF genes

were also far more likely to have a KAP1 binding site than any other genes; more than half of all

KRAB genes had a KAP1 binding site detected in all three LCLs.
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No. KRAB Genes* Total No. Sites < 5kb Average no. KAP1 Sites/KRAB Gene

COX 271 520 1.92

APD 251 420 1.67

PGF 212 287 1.35

No. ZNF Genes* Total No. Sites < 5kb

COX 443 805 1.82

APD 441 721 1.63

PGF 324 448 1.38

No. Other Genes* Total No. Sites < 5kb

COX 7525 10526 1.40

APD 7478 10126 1.35

PGF 4313 5054 1.17

*Type of gene *Total Gene Number

Total No. KRAB genes 354

Total No. ZNF genes 712

Total No. other genes (Known protein coding) 19516

Table 7.3: Distribution of KAP1 peaks in relation to all genes and KRAB-ZNF genes. The number of

KRAB, ZNF and all other genes that have a KAP1 peak within 5kb of its locus is indicated, with the

total number of KAP1 binding peaks found at each type of gene also shown for all three LCLs.

KAP1 sites were shown to be predominantly associated with the 5’ end of genes near to the TSS

(Figure 7.9). This is unsurprising when considering the general regulatory role KAP1 is predicted to

carry out (Iyengar and Farnham 2011). When considering only ZNF genes however, KAP1 binding is

found at both the 3’ and 5’ ends of the gene, which is likely to be a result of the association with the

zinc finger motifs at the end of the gene (Iyengar and Farnham 2011).

Figure 7.9: Distribution of KAP1 binding sites at loci containing genes (Figure courtesy of Dr

Stephen Sansom). For each gene with KAP1 binding sites identified across the genome, the location

of the KAP1 binding site relative to the gene was analysed. 10kb upstream and downstream of every

gene was investigated, and all gene lengths were normalised to 10kb for the purpose of the graph.

For most genes binding sites were located at the 5’ end over the TSS, but for ZNF genes the binding

sites were also found to be located at the 3’ end of the gene.
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While the KAP1 sites are enriched at ZNF genes, binding was also seen involving non-ZNF genes. A

binding site for KAP1 is shown over the promoter region for the gene EFCAB7, which was previously

identified as a KAP1 binding site in HEK293 cells (Iyengar 2011). Consistent with the data shown in

Figure 7.9, a binding site is only seen at the 5’ end of the gene over the TSS (Figure 7.10).

Figure 7.10: KAP1 binding on EFCAB7 a non-ZNF gene is found predominantly at the 5’ end. IGV is

used to view the read frequency of KAP1 incubated samples compared to the input over the EFCAB7

gene. A strong peak in KAP1 incubated samples is found over the 5’ end of the gene demonstrating

strong KAP1 binding site in the promoter.

7.3.12 Differential KAP1 binding between LCLs

KAP1 binding was investigated for the region spanning the ZFP57 gene. A novel binding site was

found 3kb centromeric of ZFP57 in the COX LCL, and to a lesser extent the APD LCL (Figure 7.11). This

is particularly interesting as the strength of peak signal seen matches the mRNA levels seen in the

ZFP57 gene expression analysis across the three LCLs; highest in COX, intermediate in APD and lowest

in PGF (Figure 3.3). While the peak in APD was not detected by the MACS peak caller, it is clear from

comparing the input and APD KAP1 ChIP samples that low level binding over a relatively extended

area is present.
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Figure 7.11: KAP1 binding upstream of ZFP57 in COX and APD, with no binding seen in PGF. IGV is

used to visualise the read frequency of KAP1 immunoprecipitated samples compared to the input

over the region upstream of ZFP57. MACS detected a peak in the COX line at this location, indicated

in orange. No peak was called for the other 2 cell lines, although there is some evidence that APD

may show KAP1 binding at this location. Due to the likely contamination of amplified ZFP57

corresponding to coding sequence from cloning reactions in the ChIP-seq samples (Section 7.3.6), no

analysis of whether differential KAP1 binding can be seen over the 3’ end of the gene can be carried

out.

As the sequence is known across the MHC for the APD, COX and PGF LCLs as a result of the MHC

Haplotype Project (Horton 2008), this can be used to assess further allele-specific KAP1 binding

events in the MHC. While initial analyses did not find large differences in KAP1 binding between

points of known variation in the LCLs, there were two notable findings involving TRIM31 and

PSOR1C1. Further analysis of this type could be used in future to look for more subtle variation

between the LCLs rather than presence or absence of peaks.

TRIM31

The function of TRIM31 is not fully understood, however it is a characteristic RBCC protein like KAP1

(also known as TRIM28) containing a RING finger, B box and coiled-coil domains (Sugiura and

Miyamoto 2008). It is thought to be important in cancer development and anti-viral response based
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on its up-regulation in gastric cancer; however the mechanisms for its involvement are unclear

(Sugiura 2011). Over the 3’ end of the gene, a peak of signal for KAP1 binding is found in the COX LCL

only, overlaying the final exon, which can be seen in Figure 7.12. This is perhaps unsurprising as the

B box domain is a zinc-finger domain and so would expect to be correlated with KAP1 binding at the

3’ end of the gene. However, it is interesting that MACS does not call a peak in the other LCLs and

the peak corresponds with sequence variation in the COX line when compared with the reference

(PGF) sequence. Six SNPs are found between the COX and PGF sequences over the binding site that

is identified in the COX LCL (co-ordinates in PGF are chr6:30,070,489-30,071,650).

Figure 7.12: KAP1 cell line specific binding in the TRIM31 gene 3’ end. IGV is used to visualise the

read frequency of KAP1 incubated samples compared to the input over the TRIM31 locus. A peak of

KAP1 binding detected by MACS is found in the COX cell line only at the 3’ end of the gene.

Differential expression is thought to be one of the mechanisms controlling TRIM31 levels, and so the

differential binding of KAP1 could be contributing in some way to the overall control of TRIM31

expression. The binding site seen in the COX LCL at this location has also been identified in KAP1

ChIP-seq study, supporting the likelihood that this is a true KAP1 binding site (Iyengar 2011).

PSORS1C1

Another candidate within the MHC showing haplotype specific KAP1 binding between the cell lines is
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the gene PSORS1C1. PSORS1C1 has been previously implicated by familial analysis with the

autoimmune disease psoriasis (Trembath 1997). Due to LD in the region it is difficult to determine

the true locus of association. However the HLA type HLA-C*06 contains SNPs upstream of HLA-C in

strong LD with the associated SNPs in PSORS1C1 (Liu 2008). In Chapter 5, increase in HLA-C

expression was shown to be associated with the HLA-C*06 allele, and interestingly the LCL APD which

carries the HLA-C*06 allele had highest expression of HLA-C of all the LCLs analysed (see Figure 3.11).

In the analysis of the KAP1 binding ChIP-seq data, MACS called a peak of KAP1 binding towards the 3’

end of the gene in the APD LCL only, and visual confirmation of this showed that no evidence of a

peak in the other two LCLs could be seen (Figure 7.13).

Figure 7.13: KAP1 APD cell line specific binding in the PSORS1C1 gene 3’ end. IGV is used to

visualise the read frequency of KAP1 incubated samples compared to the input over the PSORS1C1

gene. MACS detects a peak of KAP1 binding in the APD cell line only, and no sign of binding is found

in the other 2 cell lines.
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7.4 Discussion

Data analysis of the ChIP-seq experiment was carried out using three different algorithms to ensure

that the correct conclusions were drawn. MACS and SPP have been noted to be reliable at finding

binding sites, however they are also predicted to miss many true sites due to their stringency

(Wilbanks and Facciotti 2010, Malone 2011). Peakseq has been shown to find the most peaks of

several algorithms compared using the same dataset, however it is likely that many of these are false

(Malone 2011). By using more than one algorithm to analyse ChIP-seq data, it is likely that a balance

can be struck between too-relaxed and too-stringent parameters for analysis.

7.4.1 ZFP57 ChIP-seq

The ChIP-seq experiment could not be used to analyse the binding of ZFP57 in the MHC homozygous

LCLs as no true peaks could be determined by any of the three algorithms used in the analysis.

Therefore, no new functional information for ZFP57 binding sites across the genome can be

determined. This shows that either the antibody against ZFP57 is not suitable for ChIP experiments

or the expression of ZFP57 is so low in LCLs that ChIP is insufficiently sensitive to detect with

confidence the presence of DNA binding sites. This could also be the case if ZFP57 binding is very

weak, and so is not preserved by the formaldehyde cross-linking reaction carried out prior to the

extraction of chromatin. There is also no alternative antibody currently available, especially one that

has been assayed for its effectiveness in ChIP experiments, so this also makes altering the

experiment to try to improve the outcome challenging. An antibody against ZFP57 could be raised;

however it is likely that functional protein would need to be used as the immunogenic peptide, to be

sure that the antibody raised could recognise the native protein when cross-linked to chromatin.

Further analysis of ZFP57 binding would therefore require many more experiments which are beyond

the scope of this thesis.

7.4.2 KAP1 ChIP-seq as a positive control in the study of ZFP57

The choice of KAP1 as a positive control was successful and it proved that the ChIP-seq experiment

itself was functioning as expected and that the analysis pipeline provided accurate and consistent
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results. As KAP1 binding sites were seen at many ZNF gene clusters it reinforces the idea of using

KAP1 as a co-factor when studying the binding of ZFP57 and this could be used in further study if this

becomes possible for ZFP57. The KAP1 ChIP-seq data has clearly shown peaks at known KAP1

binding sites on chromosome 19, also ZNF genes, and the data is comparable across the different

LCLs in many positions showing conservation of the binding sites and reproducibility. Two of these

sites were also identified as positive for KAP1 binding in the qPCR analysis carried out on the KAP1

ChIP samples before submission to sequencing showing that there is correlation between the results

determined by ChIP analysed by qPCR and by high throughput sequencing.

Intriguingly, a recent study has shown that KAP1 is likely to mediate the function of ZFP57 in

recruitment of DNA-methyltransferases in mice embryonic stem cells as mutant ZFP57 which lacked

the KAP1 interacting KRAB box was unable to maintain embryonic stem cell methylation patterns

(Zuo 2011). In a separate study also working in mouse embryonic stem cells, the maintenance of

methylation at imprinting control regions was shown to be reliant on functional ZFP57 as this is lost

when ZFP57 is deleted in engineered mouse embryonic stem cells. If KAP1 is deleted, using a drug-

induced knock-out in a different mouse embryonic stem cell line, then heterochromatin marks at the

imprinting control regions are lost (Quenneville 2011). The Quennville study also finds a six base-pair

binding consensus sequence for ZFP57, which would be interesting to compare to future work on

ZFP57 binding in human LCLs or primary tissue. The motif-binding section is found at the most

conserved part of the ZFP57 protein between mice and humans, and the six base-pair motif can be

found in both mice and humans, particularly at imprinting control regions.

7.4.3 KAP1 genome-wide binding

Chromosome 19 contains several large ZNF gene clusters and shows the densest co-incidence of

KAP1 binding sites detected across the whole genome. As chromosome 19 has been found to have

13 separate ZNF gene clusters, each containing up to 76 different ZNF genes this is perhaps

unsurprising (Tadepally 2008). ZNF clusters are found throughout the genome, with at least one

found on each chromosome and totalling a large number of human genes; for example there are 423

known KRAB ZNF genes, 384 of which lie in clusters while the remaining KRAB-ZNF genes are found
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alone (Huntley 2006). In total 65 KRAB-ZNF, SCAN-ZNF, and mixed gene clusters are found in the

human genome, but while ZNF genes are often found together in clusters, this does not mean that

they are co-regulated, in fact many genes within the ZNF clusters are in fact regulated separately

(Huntley 2006). This makes it even more likely that ZNF gene clusters would have several KAP1

binding sites, as it is likely that if KAP1 plays a role in their regulation it will be necessary to be able to

regulate each separately.

7.4.4 Differential KAP1 binding in the MHC

KAP1 was show to bind upstream of ZFP57 in the COX and APD lines, consistent with a role in

regulating expression of ZFP57. This could perhaps be with the eventual outcome of controlling

heterochromatin as has been previously suggested (Groner 2010) through ZFP57 expression, which

has itself been associated with DNA methylation pattern maintenance (Li 2008). Differential binding

at this location could be a result of underlying sequence variation between the lines, or as a feedback

mechanism due to the expression of ZFP57 itself affecting the KAP1 protein presence at the binding

site. Although sequence variation does occur under the predicted binding site in COX, there is no

difference between the APD and PGF lines, so this is unlikely to explain the differential binding

completely. It is perhaps most likely to be a combination of sequence variation and regulatory

feedback created by expression of ZFP57 itself, tying in with the earlier hypothesis that ZNF genes

may be subject to auto-regulation (O'Geen 2007).

Differential binding of KAP1 could be analysed more exhaustively in the three LCLs, particularly in

regard to the MHC where detailed sequence information is known for each cell line. This could be

particularly insightful in the Zinc finger gene cluster found within the extended MHC. There are 36

separate loci within the cluster, and this further subdivides into different classes of zinc-finger

proteins (Horton 2004). Several of these ZNF genes found within the class I of the MHC have

sequence information available from the MHC haplotype project in COX, PGF and APD (Horton 2008)

and so can be analysed in a sequence-specific manner. An initial analysis has shown differential

binding in the ZFP57 locus as well as TRIM31 and PSOR1C1.

TRIM31 showed differential binding of KAP1, with a detectable peak in the COX LCL only. This was
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associated with known variation between the COX sequence and the PGF reference sequence.

Expression levels of TRIM31 using the MHC array data (Figure 3.1) show low expression in the three

LCLs analysed (COX, QBL and PGF) though there is a slight increase in expression in the COX LCL

compared to the PGF LCL, implying that differential binding of KAP1 in this region could be affecting

the gene expression of TRIM31 (MHC custom array gene expression data for the APD LCL is not

available). Both TRIM31 and KAP1 up-regulation have been previously linked with gastric cancer

(Sugiura and Miyamoto 2008, Yokoe 2010), so the association between the two genes is interesting.

The PSORS1C1 gene showed differential KAP1 binding specific to the APD LCL. Detailed sequence

information was not available for the APD LCL at this location, however APD was the only LCL studied

to carry the HLA-C*06 haplotype, which has previously been associated with psoriasis susceptibility

(Liu 2008). This could be a possible mechanism of a difference between the HLA-C*06 haplotype

compared to possession of other particular haplotypes. Further analysis of expression of PSORS1C1

and KAP1 binding for individuals of diverse genetic backgrounds may help to determine if this

observation is specific to the HLA-C*06 haplotype. Modulation of KAP1 expression, for example using

siRNA, would help determine if KAP1 has a direct effect on expression of PSOR1C1 in the presence of

a specific genetic background.

7.4.5 Conclusion

In conclusion, although the immunoprecipitation of ZFP57 was not successful the promise of recent

studies in mice makes this an exciting area for further work and validates the choice of KAP1 as a

control for ZFP57 binding. ChIP-seq for KAP1 was informative, and identified known KAP1 binding

sites, as well as sites that could be specific to individual LCLs, particularly for TRIM31 where

differential binding was seen between the three LCLs analysed at a previously detected KAP1 binding

site.
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Chapter 8: General discussion

In this chapter, I will assess the overall findings of this thesis in the context of this field of research,

and identify areas of further experimentation and research that could be considered in the future.

8.1 MHC and disease

As one of the most variable and gene dense regions in the human genome, the MHC has been the

subject of great interest to geneticists. Combined with its long association with disease of different

types, this has lead to intensive study since its discovery more than 50 years ago (Dausset 1981). It

has been the region most often associated with complex disease traits when studied by GWAS. This

underlines previous findings of striking disease association by serological testing and candidate gene

association, for example the association of the HLA-B*27 allele with incidence of ankylosing

spondylitis (Brewerton 1973). Susceptibility to both autoimmune and infectious disease is

modulated by possession of particular MHC variants and haplotypes (Hill 2006, Fernando 2008b).

This can be at a structural level, for example modulation of binding sites in the classical MHC genes

leading to differential antigen binding or protein-protein interactions (Jones 2006). Another of the

ways in which these variants is thought to modulate disease susceptibility and incidence is through

modulation of gene expression of particular MHC genes. Therefore the study of gene expression in

the MHC and in particular, the role of ASE, in this context was a relevant and interesting research

question to address in this thesis.

8.2 ASE and the MHC

ASE has traditionally been difficult to study using array-based technology. Most arrays do not

discriminate between different alleles, and SNPs in probes of arrays has led to inaccurate gene

expression analysis (Kreil 2006, Alberts 2007). Other methodologies have relied upon the presence

of a marker SNP within the exons of the transcript of interest to define allelic origin. One way to

avoid this is by use of the HaploChIP technique (Knight 2005a); however this may not be suitable for

analysis of low expressed genes as the technique is dependent upon the cross-linking of RNA

polymerase to the DNA. The HaploChIP technique is also labour intensive, leading to low throughput
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of experiments.

The extreme polymorphism of the MHC has also meant that design of primers for gene expression

analysis by quantitative PCR is difficult and, in some genes, impossible to achieve without the

presence of confounding variants. A custom MHC array exploring expression variation was therefore

developed which included alternate allele probes (Vandiedonck 2011). This was applied to the study

of LCLs which were homozygous across the MHC and had been completely sequenced across this

region, allowing a direct comparison of ASE across three LCLs. These possessed ancestral haplotypes

that were previously associated with common autoimmune and complex disease (Price 1999,

Johansson 2003, Larsen and Alper 2004) meaning that analysis of their characteristic gene expression

may prove informative of the mechanisms of their disease association. An example of this was the

finding that HLA-DQB*06 was strongly associated with HLA-DQB1 expression, but not with the

expression of other genes in the region. As the ancestral extended haplotype HLA-A3-B7-Cw7-DR15

(PGF) carried this allele, it is possible that differential expression of HLA-DQB1 could play a role in the

disease susceptibility or protection seen to be associated with this haplotype. For other diseases

contrasting associations were seen, for example T1D. Here, a strongly protective effect against T1D

is reported for possession of the HLA-A3-B7-Cw7-DR15 haplotype (Larsen and Alper 2004) but the

HLA-DQB1 expression-associated SNPs include those that are reported to be associated with an

increased T1D risk by GWAS (WTCCC 2007). Other variants within the HLA-A3-B7-Cw7-DR15

haplotype may be more significant in determining the overall observed protective effect of this

haplotype in T1D.

Differential gene expression seen in this analysis was replicated in cohorts of healthy individuals.

Expression variability was therefore proven to be a replicable phenomenon seen in PBMCs in

addition to transformed LCLs. Using genotyping information, variation in gene expression was also

mapped as a quantitative trait. Classical HLA alleles for the volunteers were inferred from the

genotypes of the individuals, meaning that analysis could also focus on the association of classical

serologically defined types in addition to the association with individual SNPs.
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8.3 Genes and differential expression

While some of the genes that were selected for expression quantitative trait mapping, such as HCP5

and HLA-DQB2, did not show strong genetic association with variable expression levels (see Chapter

4), it was clear that the majority of genes analysed were influenced by genetic variation. In the case

of HLA-DQB2 for example, it should also be noted that the observed levels of expression were too

low to accurately measure using qPCR or standard microarray. For the other MHC genes that did

show evidence of strong genetic associations such as HLA-DQB1, ZFP57 and HLA-C (see Chapters 3

and 4) further fine-mapping of the associations could be carried out. Additional individuals could be

recruited to replicate the observed cis associations and increase the power to detect trans

associations. Imputation was used to further resolve the observed associations with genotyped

SNPs, for example leading to an additional 683 SNPs in cis identified as associated with ZFP57

expression when imputation was carried out on the locus. To further define associated variants,

Sanger sequencing of regions shown to be strongly associated with expression could be used to

define all variants in the locus and fine-map those likely to be associated. However, this approach

may be less relevant in the MHC, which has been extensively resequenced compared to other

genomic regions. A variety of approaches can then be used to help identify the causative SNP

including gel-shift assays to detect protein-DNA interactions or reporter-gene assays. The HaploChIP

assay could be particularly informative in proving a SNP directly affects the binding of a particular

candidate TF or RNA polymerase (Rebbeck 2004).

The ability to carry out the gene expression analysis in the healthy volunteer cohorts, described in

Chapters 3, 4 and 5, in primary cells showed that cell lines could be used to pinpoint interesting

biological phenomena that were also relevant in primary tissue. Examples of this were the striking

genetic associations to differential expression seen with the genes ZFP57 and HLA-DQB1 in particular.

The volunteer study used primarily a mixed PBMC population, but separation of B cells and

monocytes from these individuals by other members of the Knight lab also showed that eQTL

analysis may benefit from using populations of cells that are of one type only (Fairfax In Press). This

would allow identification of cell-type specific eQTLs and could help to further define disease



211

pathogenesis mechanisms when these were compared with disease associated SNPs identified by

GWAS or other studies. If clinical samples, for example from patients with autoimmune conditions,

could be used to map genetic variants associated with gene expression in the context of variants or

genes known to be associated with disease it could become a powerful tool for mechanistically

determining the pathogenesis of disease. It is likely that many instances of genetic variants that

modulate gene expression and impact on disease will be context specific and only found within

patient samples.

8.4 Haplotypic analysis

As previously described in Chapters 4 and 5, comparison between known HLA disease susceptibility

variants and gene expression associated with these different alleles could be used to pinpoint

functional genes that influence disease susceptibility. When comparing the GWAS catalogue of SNPs

marking regions associated with disease, or their proxies, to SNPs found to be associated with HLA-

DQB1 expression there were many overlapping significant SNPs. Several of these SNPs marked both

an association with disease known to be associated with this haplotype and with HLA-DQB1

expression. Thus it was hypothesised that for some diseases, the manner in which such susceptibility

arises could involve HLA-DQB1. The most striking example was the analysis showing that HLA-DQB1

expression variation was influenced by possession of several SNPs shown to be involved in leprosy

susceptibility. These SNPs were also associated with other HLA-DQ genes; the strength of association

was far higher with HLA-DQB1 expression (p values as low as 2.45x10
-54) thereby implicating HLA-

DQB1 in leprosy pathogenesis (Chapter 5).

While different MHC alleles have been historically associated with autoimmune disease, more

recently in the era of GWAS, high resolution mapping of disease susceptibility loci through SNP

markers has been possible (Hirschhorn and Daly 2005). Therefore, is it necessary to consider classical

HLA typing when investigating disease association or the mechanisms in which they function? As the

type gives information about differences relating to the binding specificities of the HLA molecules, it

may be that their association with disease gives a greater insight into function than SNP proxies that

are close by or in LD. This is particularly true when considering the high LD found in the MHC along
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with the profound structural variation, and the extensive sequence similarities found between

different loci in the region (Traherne 2008). Therefore, diseases where the MHC association has

been only partially characterised in particular may benefit from the combination of these

approaches. An example of this would be the uncertainty over the contribution of different HLA loci

in diseases such as psoriasis which has been further characterised by a combined approach

considering SNPs and HLA type (Nair 2006). Many autoimmune diseases have been found to share

associated loci, and so further integrated analysis may be useful in resolving the function of these loci

in different contexts (Cotsapas 2011). In the case of the psoriasis locus, HLA-C expression was shown

to be associated with disease-associated SNPs, while HCP5 expression was not found to change

according to genotype at these locations (Chapter 5).

Specific examples such as these show how knowledge of SNPs and HLA types can further aid the

elucidation of disease mechanism and fine-mapping of functional variants. It is also clear from this

type of analysis that GWAS can be effectively combined with functional eQTL studies in order to help

define modulated genes and candidates for further analysis. Associations of variants that are found

in common between disease and expression traits are particularly interesting, as they can be used to

infer how modulation of levels of a particular gene could be deleterious.

8.5 NGS technology and RNA-seq

In the last 10 years, the cost of sequencing a genome has dropped dramatically. The introduction of

massively parallel sequencing has allowed the development and widespread adoption of NGS. In the

future, the use of NGS for studies of the HLA region is an exciting possibility. RNA-seq will allow

more accurate measures of overall and allele-specific gene expression. Less normalisation is required

for RNA-seq than for microarray gene-expression analysis, and in theory absolute levels of gene

expression could be determined, making it particularly useful in comparison of disease to control

samples. As the depth of sequencing is the major limiting factor for determination of expression of

lowly expressed genes, high-depth RNA-sequencing will be invaluable in this analysis (Morin 2008).

The analysis of three biological replicates of an LCL (GM11830) using mRNA-seq showed that highly

expressed genes had highly reproducible detectable expression between replicates. Where a
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heterozygous SNP was found in a gene with over 50 reads per allele, the standard deviation of the

ratios of the two alleles was very small (0.0076-0.034). However, where read counts were lower, the

variability between replicates increased significantly, with the standard deviation between observed

ratios increasing to 0.22-0.25. This is unsurprising when considering previous studies that have

investigated ASE using RNA-seq. A proposed minimum read count of each alternate allele to detect

ASE without false positive results was suggested to be 50 reads (Heap 2010). This seemed to agree

with the results seen when the PGF and COX RNA was mixed to give five samples with different

mixed ratios of the two RNA samples. When a SNP was created by mixing these lines then analysed

across the five samples, the observed ratios between the two alleles were found to be significantly

associated with the expected ratios when the read count for both alleles was greater than 50.

While the initial results of the mRNA-seq experiment were encouraging, there were significant

analytical problems with genes in the MHC. Mapping using Stampy led to low coverage, as many

transcripts could not be unambiguously mapped and so were removed, particularly when the COX

single haplotype was used in mapping. It is unclear how accurate traditional mapping using either

one or all available reference sequences over the MHC will be, when samples that are dissimilar to

the available references are sequenced. Reference-free mapping is a promising technique for future

analysis of the MHC in RNA-seq data sets for this reason. The test example over an exon in HLA-B,

showed the correct trend in observed ratios between alleles of an raSNP in the five mixed RNA

samples. Further analysis will be required to determine the most appropriate method for mapping

and defining variants from RNA-seq data, especially in the MHC. This is likely to involve a

combination of both traditional mapping and reference-free mapping to ensure maximum detection

of variants and to avoid bias in the results.

8.6 ChIP-seq

A further important application of NGS has been the development of ChIP-seq, allowing higher

resolution of genome-wide TF binding or histone modifications compared with other techniques.

Although binding sites for ZFP57 could not be determined in our experiment, the power of the

approach was illustrated by the analysis of KAP1. It is likely that not only the quality of the ZFP57
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antibody, but also the extremely low expression of the gene itself contributed to the failure to find

binding sites. Generation of a new antibody may help to improve this, particularly if ZFP57 in its

native state were to be isolated and used as the antigen. Optimisation of the antibody and

incubation times, temperature, buffer and cross-linking could also be carried out to ensure optimum

experimental conditions. Additionally, use of material that has higher expression of ZFP57 could help

to ensure that enough material remains following the incubation with the antibody for successful

isolation of the DNA and amplification. Over-expression of cloned ZFP57 protein and then use of this

to analyse ZFP57 binding is a possibility, especially as a tag could be included for which there is

already a ChIP-optimised antibody. However, it is unclear whether the resulting data would have

biological relevance as ZFP57 expression is generally low, so such a strategy may introduce false

positives. As NGS technology continues to improve, it is likely that less starting material could lead to

successful analysis of TF binding as higher depth of sequencing can be achieved. In our analysis of

KAP1 binding we found no binding sites to be “saturated” and so it is likely that sequencing to a

higher depth would have uncovered further binding sites that did not reach a level of significance in

our study (Park 2009). As depth of sequencing improves it is likely that genes with very low

expression will become more viable targets for study.

The use of biological replicates in ChIP-seq studies has already been shown to be useful in minimising

the incidence of false positive prediction of binding sites and maximising the number of sites that can

be determined (Tuteja 2009). Multiple replicates will likely help to improve the resolution of the

binding sites, particularly in the case genes with low expression. Even if only small numbers of peaks

can be detected, if they are replicated in new samples (and preferably with a different antibody used

against the same TF) then there is a high chance that these are true binding sites. The ability to

compare ChIP-seq results with known binding partners of TFs will also hopefully lead to more

accurate findings when looking at binding patterns of low expressed genes. With the increasing

amount of data from the ENCODE project freely available (Rosenbloom 2011) it may be possible to

use the binding sites found in ChIP-seq studies to filter likely binding sites for known partners of

these TFs. This would rely on binding being consistent between different cell lines unless the same
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cells were used for the study. In the case of the use of primary cells in ChIP-seq, the pre-existence of

cell line data would be useful for comparison, and could be used to compare known strong binding

sites as a positive control.

The increase of ChIP-seq studies in comparison to ChIP-chip or other ChIP experiments allows not

only the detection of binding over the whole genome, but also allows interrogation of factors

previously difficult to determine on a large scale. These include allele-specific binding events and

binding of TFs in regions that are highly repetitive and tend to be masked in arrays (Park 2009). We

have shown that knowledge of the underlying genetic sequence can lead to identification of

sequence-specific binding events found between the MHC homozygous LCL lines studied. This

showed how use of the LCLs for which genetic information is becoming available in the 1000

genomes project (Pennisi 2010) could become extremely informative when applied with experiments

such as ChIP-seq.

Allele-specific ChIP-seq is beginning to be used, where sequence variation is taken into account.

Pipelines for the analysis have been set up, and so future experiments for either ZFP57 or KAP1

would not have to use homozygous LCLs to determine differential binding (Rozowsky 2011). Further

analysis of the data, or of new replicates of the ChIP-seq samples, could determine binding in a more

continuous manner, rather than purely looking for the presence or absence of a binding site. This

would help to more precisely define a binding motif, as the sequence variation under the peak could

be filtered by peak strength to find the optimum binding motif. This could also be achieved with

positions of known heterozygous SNPs under a binding site, looking for over-representation of one of

the alleles over the other.

8.7 Epigenetic analysis and chromatin profiling

Although not addressed in this thesis, epigenetic mechanisms have a significant impact on gene

expression (Pastinen 2004) and can be influenced by underlying genetic variation (Hellman and Chess

2010). DNA methylation and variable histone marks are known to lead to dramatic changes in DNA

structure and gene expression (Heintzman 2009). This is likely to affect the binding of TFs and RNA

polymerase, therefore it may also be important to take this into account when analysing ChIP-seq
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binding results and other regulatory analysis. Future experiments could analyse these differences in

DNA modification and structure, with a view to combining epigenetic analysis with genome-wide

sequence variation in the volunteer cohort. Alternatively, recruitment of a new cohort of related

samples, for example parent and child trios, could allow assessment of inherited epigenetic marks

that are not affected by sequence variation.

A number of techniques can be used to study chromatin and help focus efforts to resolve regulatory

genetic variants. Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE) allows the analysis

of nucleosome depleted chromatin, which reflects the chromatin found in a more open state. In

order to achieve this DNA is cross-linked, sonicated, and then extracted using phenol-chloroform

(Giresi 2007). The aqueous phase contains the nucleosome depleted DNA and this can then be

sequenced for genome-wide analysis. Likewise, DNA susceptible to digestion by DNase I is thought

to be nucleosome depleted and thus contain more active regulatory elements such as TF binding

sites and active promoters (Song and Crawford 2010). DNase I digested DNA can be analysed by

sequencing to define these hypersensitive sites. These techniques have been successfully used in 7

cell lines, showing shared FAIRE or DHSs to be close to promoters of CTCF binding sites while sites

found in only 1 cell line tended to be found away from these features. They were also found to

contain DNA binding motifs for TFs associated with cell type identity (Song 2011).

Global methylation patterns are likely to be different in patients suffering from a disease, whether

due to environmental or genetic reasons (Bell and Beck 2010), and this could be important to analyse

not only for the functional information it is likely to give, but also may be specific to prognosis, and so

could be used as a clinical tool. A genome-wide assessment of DNA methylation is currently possible

using whole-genome bisulphite sequencing (BS-seq), methylated DNA immunoprecipitation

sequencing (MeDIP-seq) or methyl-binding protein-sequencing (MBP-seq). However, although BS-

seq is the most accurate way of assessing global methylation, it is inefficient in terms of both time

and cost as it is difficult to align the bisulphite converted sequences to a reference. MeDIP- and

MBP-seq are both enrichment based, meaning that although they can clearly define highly

methylated sequences, they are biased and so cannot be used quantitatively (Li 2010).
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Ideally epigenetic changes such as chromatin modifications and DNA methylation, genetic variation,

gene expression and relevant TF binding would be assessed in the same samples to give the most

complete picture of function. This could then be used to discern the most likely mechanisms by

which a heritable variant may be acting. While this has not been possible in this work, it is clear that

as technology continues to improve and costs continue to drop, it may well soon be possible to begin

to assess more of these features together. In the case of ZFP57 for example, the ability to analyse

the differential methylation patterns over the whole genome would prove particularly informative

when combined with ZFP57 expression levels. Given ZFP57’s role in maintenance of methylation

patterns in development (Li 2008), it would also be interesting to compare how this changes in line

with different expression beyond development. FAIRE or methylation-seq could be extremely

informative in experiments such as these.

The combination of eQTL analysis, GWAS and other functional approaches such as DHS mapping and

ChIP-seq could be used in the future to define more precisely the genes of interest in disease and

their function. GWAS-identified regions of disease association can be compared to eQTL results,

particularly focussing on varied expression of TFs. ChIP-seq can then be carried out on the implicated

TFs in patient samples, and compared to results from healthy controls to detect binding that is

specifically found in the disease context alone.

8.8 Concluding remarks

The aim of this thesis was to analyse ASE in the context of the MHC, and to relate allele-specific

differences with the many autoimmune and other complex traits associated with genetic variation in

this region of the genome. Validation of differential expression determined by a custom array over

the MHC was carried out using qPCR for 10 genes in the MHC: ZFP57, HLA-DQA2, HLA-DQB2, HLA-

DQA1, HLA-DQB1, HLA-DPA1, HLA-DPB1, TNF and HLA-C. These genes all showed variable expression

in primary PBMCs enabling eQTL analysis; in the case of HLA-DQB2 expression was so low that often

it could not be quantified accurately, and therefore no eQTL analysis was performed. Many other

classical MHC genes would doubtless prove to also be differentially expressed and are known to be

associated with disease. However, as they were too polymorphic to be able to confidently assess
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using qPCR in the healthy volunteer cohorts they were not investigated in this study.

In the analysis of ZFP57, two new isoforms of the gene were described, and differential expression

was found in primary cells as well as the LCLs initially analysed. This is particularly interesting when

considering the generally accepted role of ZFP57 in maintenance of the methylation at imprinting

control centres in development. Expression of the ZFP57 gene in human immune-related cells may

have profound biological relevance to health and disease. A novel eQTL was defined for HLA-DQB1,

which helps to resolve previously reported associations of variants with leprosy. This also highlights

the manner in which eQTL studies can impact upon the findings of GWAS and other studies in terms

of discovering functional information. Analysis of HLA-C expression in conjunction with HCP5

expression has shown that associations found by GWAS investigating psoriasis susceptibility impact

on only HLA-C expression, clarifying the likely functional variation. HLA-C expression has also been

associated with HIV-1 progression, and eQTL analysis of HLA-C has described several SNPs that are

associated with differential expression, that have also been implicated in control of HIV-1 by GWAS,

thus supporting this observation.

A genome-wide analysis of KAP1 binding in LCLs has been presented together with an analysis of how

this may be modulated by underlying genetic variation in the MHC. In particular differential binding

of KAP1 upstream of ZFP57 was correlated to the gene expression level of ZFP57 in the LCLs

analysed. KAP1 was shown to have a particular association with ZNF genes, supporting its role as a

co-factor to many zinc finger DNA binding proteins. Initial findings of an experiment to investigate

the possibilities and limitations of mRNA-seq for analysing ASE have been presented. These

preliminary results show the promise of RNA-seq, especially when combined with genetic sequence

information, when considering several non-MHC genes such as GAPDH, NADK and NOTCH1.

However, low abundance transcripts are not so well defined, and the MHC presented several

problems with data mapping that could not simply be overcome by using a different mapping

technique of reference-free mapping. This highlights the technical difficulties of using NGS in the

MHC, due to the short reads that must be mapped to a reference sequence and the highly variable

nature of the MHC.
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While there are almost limitless possibilities for further work related to gene expression and the

MHC, trying to integrate NGS with the study of disease susceptibility in a disease context is perhaps

the most exciting. As the MHC has been so frequently associated with autoimmune disease, a

systemic autoimmune condition in which circulating immune cells play an important role would be

an ideal scenario for such work. Different immune-related cell types would be analysed with the aim

to define gene expression by RNA-seq according to genotype in affected patients thus avoiding any

SNP bias found in other methods for analysis of gene expression. This could then hopefully be used

to reveal both the genes and genetic variants involved in autoimmune disease susceptibility and the

cells that may be the most important in disease pathogenesis.
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Appendix

A.1 Primer sequences:

Primer Amplicon (bp) Sequence Tm ˚C location Gene 

ZFP57-A 83 GTCAGGTTTCTAGAAGCAGGGTAG 59.85 Exon 1-2 ZFP57

ZFP57-B TCACCAGCTGCCATTGTTTA 60.26 Exon 2 ZFP57

ZFP57-C 128 GGTAGATAGCCCCAGGAAGG 59.92 Exon 2 ZFP57

ZFP57-D AGCAATCTCTAGGTTCGATTGG 59.75 Exon 2-3 ZFP57

ZFP57-E 96 GAAGAAGAAGCCAGTCACCTTT 59.03 Exon 3-4 ZFP57

ZFP57-F TCCTGGTAAAGGACCCTCTG 59.13 Exon 4 ZFP57

ZFP57-G 99 ACATCTGTGGCCAGAATCTTTC 60.5 Exon 4-5 ZFP57

ZFP57-H TGTGTTTGGGAGATGGACAA 59.94 Exon 5 ZFP57

ZFP57-I 62 GCCTTTCAGAAGGCAAGAAG 59.19 Exon 5-6 ZFP57

ZFP57-J CCCCTCATCTCTCAGACTGG 59.79 Exon 6 ZFP57

ZFP57-K 129 AGACCCTGTGCCCCTAAATC 60.33 Exon 1 ZFP57

ZFP57-F or 615 TCCTGGTAAAGGACCCTCTG 59.13 Exon 4 ZFP57

ZFP57-L 95 CGTCAGAAGCCAGTCACCTT 60.44 Exon 1-4 ZFP57

GAPDHF 87 TCGACAGTCAGCCGCATCT 63.19 Exon 1 GAPDH

GAPDHR CCGTTGACTCCGACCTTCA 62.24 Exon 2 GAPDH

B-Act F 106 CCAGCCTTCCTTCCTGGGC 66.5 Exon 4-5 B-ACTIN

B-Act R TGTGTTGGCGTACAGGTCTTTGC 66.6 Exon 5 B-ACTIN

MOG-A 70 CCAGCTATGCAGGGCAGT 59.97 Exon 1 MOG

MOG-B ACTTCATCCCCGACCAGAG 60.06 Exon 1-2 MOG

MOG-C 108 CTGGAGTGCTGGTTCTCCTC 59.99 Exon 4 MOG

MOG-D CTGCTCGAAGTTTTCCTCTCA 59.74 Exon 4-5 MOG

TNF -A 104 AGCCCATGTTGTAGCAAACC 60 Exon 3-4 TNF

TNF-B GCTGGTTATCTCTCAGCTCCA 59.59 Exon 4 TNF

HLA-DPB1-A 100 CTGTCACCGTGGAGTGGAA 60.73 Exon 3-4 HLA-DPB1

HLA-DPB1-B AGATGATGAGCCCCAGCAC 61.22 Exon 4 HLA-DPB1

HLA-DQB2-A 107 AAGGACTTCTTGGAGCAGGA 59.01 Exon 2 HLA-DQB2

HLA-DQB2-B GTCACTGTGGGCTCCACTT 58.66 Exon 2-3 HLA-DQB2

HLA-DQA2-A 81 CCAATGAGGTTCCTGAGGTC 59.51 Exon 2-3 HLA-DQA2

HLA-DQA2-B CCACAAGACAGATGAGGGTGT 60.02 Exon 3 HLA-DQA2

HLA-DQA1-A 118 GCTGCTACCAATGAGGTTCC 59.7 Exon 2 HLA-DQA1

HLA-DQA1-B TGATGTTGACCACAGGAGGA 60.09 Exon 2-3 HLA-DQA1

HLA-DPA1-A 109 CGCCCTGAAGACAGAATGTT 60.25 Exon 1 HLA-DPA1

HLA-DPA1-B ACACATGGTCCGCCTTGAT 61.37 Exon 1-2 HLA-DPA1

HLA-DQB1-A 127 AGGCGCTGGCTGTGAC 59.62 Exon 5 HLA-DQB1

HLA-DQB1-B TGCTTCTCTTGAGCAGTCTGA 59.02 Exon 5 HLA-DQB1

HLA-C-A 69 GAGGAAGAGCTCAGGTGGAA 59.53 Exon 8 HLA-C

HLA-C-B GAGCCCTGGGCACTGTT 59.77 Exon 6-7 HLA-C

BTN3A2-A 76 CAGGACCCCTTCTTCAGGA 60.18 Exon 5-6 BTN3A2

BTN3A2-B GAAGCAGCAGCAAGATAGGC 60.26 Exon 6 BTN3A2

HCP5-A 86 GTTGCGGGTCATGGAGTC 60.05 Exon 1 HCP5

HCP5-B TGTAATTGTAATCTGCCCAGGTC 60.25 Exon 1-2 HCP5

Table A.1 Primer sequences used in real-time qPCR gene expression analysis
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Primer Amplicon (bp) Sequence Tm ˚C location Gene 

ZFP57-5'-RACE NA ATGCATGCGTCTGTGATAGC 60.24 Exon 6 ZFP57

ZFP57-3'-RACE NA GTCAGGTTTCTAGAAGCAGGGTAG 59.85 Exon1-2 ZFP57

Table A.2 Primers sequences for RACE PCR

Primer Amplicon (bp) Sequence Tm ˚C location Gene 

ZFP57-NotI-F 1577 GCGGCCGCGAGAAGATGTTTGAACAGCTGAAG 80.1 Exon 2 ZFP57

ZFP57 KpnI-R GGTACCGGCCATTTATTTATGTTTCAAG 66.3 Exon 6 ZFP57

Table A.3 Primer sequences used for cloning

Primer Amplicon (bp) Sequence Tm ˚C location Gene 

rs2269423-F 146 CGCCAATTGTAGAGCAGTCA 60.01 Exon 1 AGPAT1

rs2269423-R CTTGACGGAAAATGGTGGTT 59.83 Intron 1-2 AGPAT1

rs9264942-F 280 ATTCAGTTTGGGGCCTGG 60.86 35kb Upstream HLA-C

rs9264942-R GATAGGAGGAAGGGGACCTG 59.89 35kb Upstream HLA-C

M13-F variable TGTAAAACGACGGCCAGT 53.6 NA NA

M13-R CAGGAAACAGCTATGACC 53.8 NA NA

Table A.4 Primer sequences for Sanger sequencing

Primer Amplicon (bp) Sequence Tm ˚C location Gene 

ZNF556-AF 73 CCCGTGTGGTTAAGTTTCTCACA 63.4 Intron 1-2 ZNF556

ZNF556-AR GGGCTAAGCCCTGGAATCC 63.1 Intron 1-2 ZNF556

ZNF556-BF 60 CAAGACCCGCTCCTTCCA 62.3 Intron 1-2 ZNF556

ZNF556-BR AAATTGTTCTGGGTGGGAGAAA 61.9 Intron 1-2 ZNF556

ZNF556-CF 61 GGCAGACTGCAGGATCTTGTG 63.3 Intron 1-2 ZNF556

ZNF556-CR CACAGCACTGCGGAACTGA 62.3 Intron 1-2 ZNF556

ZNF556-DF 88 CTTTCTTTGCAGATGCCTTCCT 62.1 Intron 2-
3/Exon 3

ZNF556

ZNF556-DR GAAATAGACCCACTGGCTTTAAGC 61.6 Intron 2-
3/Exon 3

ZNF556

ZNF556-EF 68 AAGACGGTACGAATGCAGTCAGT 62.3 Exon 4 ZNF556

ZNF556-ER TTTTGTGCCTTATCAGGGATGA 61.7 Exon 4 ZNF556

ZNF554-DF 97 CCAAAACTCTGTACCCGTTAAATTC 61.2 Intron 4-5 ZNF554

ZNF554-DR AGGGTAGGCAAATCCATAGAGATG 61.8 Intron 4-5 ZNF554

ZNF554-EF 65 CACTTTCCCCAGCACAAACC 62.8 Exon 5 ZNF554

ZNF554-ER AAAAAGTAAATACCCCGTCCATGA 61.8 Exon 5 ZNF554

ZNF554-FF 62 AAGCTTGGCATCCGATTCAG 62.6 Exon 6 ZNF554

ZNF554-FR AAGGTCTCCGATCTGCATATCC 61.7 Exon 6 ZNF554

ZNF554-GF 68 CACTACGTCCAGTAAGCTCCAGACT 62.3 Exon 6 ZNF554

ZNF554-GR ATCCCATCCATGACAGCATTC 62 Exon 6 ZNF554

18S-F 201 GGGAATCAGGGTTCGATTCC 62.8 Unknown Unknown

18S-R CCAGACTTGCCCTCCAATGG 65.1 Unknown Unknown

Table A.5 Primer sequences for KAP1 ChIP positive control (Groner 2010) and the 18S normalising
primer set (De Gobbi 2006).
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SNP forward primer reverse primer extension primer

rs17843603 ACGTTGGATGAITGTTAATCAGGAA
ATGGG

ACGTTGGATGGCTTGCCAAGGAACTGC
TIT

AGGTCCTGIATTAAATTCAGTTT

rs9273410 ACGTTGGATGGGIAAGTCACATCIAT
CAAG

ACGTTGGATGGCTTCCTTTGIACCATGA
AC

CCTATTTGGGITTCTATCATTTAG
A

rs9273440 ACGTTGGATGCTTGAGGTGACCCAG
CIAAC

ACGTTGGATGGAACCATGAATGATGCI
AC

AGTGTCTTTTCAAGGTACAA

rs3134970 ACGTTGGATGTCCTTTGTTGGGCAT
CTTTT

ACGTTGGATGGATATTCAAAACATCTG
AGG

TGGGCATCTTTTAATTTTTATGA
AG

rs3135006 ACGTTGGATGCTGCACAGAAICIGAT
CCAA

ACGTTGGATGGTACAATCIITGGCTTCA
GG

AGATCIAAATTGTATTTATAGTA
GTC

Table A.6: Primers for sequenom MassArray genotyping of HLA-DQB1 associated SNPs in a leprosy
cohort

A.2 Cycling conditions

qPCR

Cell line gene expression

95˚C for 3 minutes and then 30 seconds at 95˚C, 30 seconds at 61.5˚C, 30 seconds at 72˚C, for 50 
cycles, and then 1 minute at 95˚C, 1 minute at 55˚C and 10 minutes at 80˚C. 

Volunteer cohort gene expression

95˚C for 3 minutes and then 10 seconds at 95˚C, 15 seconds at 61.5˚C, 20 seconds at 72˚C, for 50 
cycles, and then 1 minute at 95˚C, 1 minute at 55˚C and 10 minutes at 80˚C. 

RACE PCR (touchdown PCR)

94˚C for 2 minutes and then; (94˚C for 30 seconds then 72˚C for 2 minutes) repeated for 5 cycles 
followed by (94˚C for 30 seconds then 70˚C, 2 minutes) repeated for 5 cycles followed by (94˚C for 30 
seconds, then 65˚C for 30 seconds, then 68˚C for 2 minutes) repeated for 25 cycles, reducing the 
annealing temperature by 1˚C every 5 cycles, finally 68˚C for 10 minutes. 

gDNA amplification for sequencing

94˚C for 2 minutes and then; (94˚C for 30 seconds, then 60˚C for 30 seconds, then 72˚C for 1 minute) 
repeated for 30 cycles finishing with 10 minutes at 72˚C. 

Sanger sequencing PCR

96˚C for 10 seconds followed by 50˚C for 5 seconds followed by 60˚C for 4 minutes, all repeated for 
25 cycles.
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A.3 Supplementary data: Chapter 4

A.3.1 BTN3A2 and ZFP57 expression associated SNPs

SNP BTN3A2 p value Rank in BTN3A2
association

ZFP57 p value rank in ZFP57
association

rs2517911 1.04x10
-7

1 2.32x10
-25

25

rs1736922 1.04x10
-7

2 2.32x10
-25

26

rs1628578 1.04x10
-7

3 2.32x10
-25

27

rs1632962 1.75x10
-7

4 8.21x10
-28

24

rs13198716 4.02x10
-7

5 1.04x10
-7

426

rs9258122 6.02x10
-7

6 3.72x10
-31

15

rs13207082 6.91x10
-7

7 1.16x10
-7

421

rs3129066 7.51x10
-7

8 5.76x10
-31

16

rs2107203 7.51x10
-7

9 5.76x10
-31

17

rs3129055 7.51x10
-7

10 5.76x10
-31

18

rs375984 8.09x10
-6 1.08x10

-41
1

rs2535238 8.09x10
-6 1.08x10

-41
2

rs2747421 8.09x10
-6 1.08x10

-41
3

rs387642 6.56x10
-6 2.05x10

-41
4

rs2747429 6.24x10
-6 6.57x10

-41
5

rs3117289 7.21x10
-6 3.36x10

-38
6

rs3129073 7.21x10
-6 3.36x10

-38
7

rs29228 1.29x10
-5 1.37x10

-37
8

Table A.7: SNPs associated with both ZFP57 and BTN3A2 expression. The table shows the most
associated SNPs with BTN3A2 expression and their p values of association with both BTN3A2 and
ZFP57 expression, followed by the most associated SNPs with ZFP57 expression and their p values of
association with both BTN3A2 and ZFP57 expression.

A.3.2 SNPs predicted to affect splicing in ZFP57

Figure A.1: Schematic showing positions of splice factor binding sites associated with sequence
variation in the COX haplotype. Red arrows indicate deletions in QBL/PGF compared with the splice
factor binding site seen in COX, while purple arrows show the splice factor binding sites that contain
a SNP when comparing COX to QBL/ PGF.
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Splice Factor Number of new binding sites Number at unique location

SC35 13 13

SF2/ASF 10 9

SF2/ASF (IgM-BRCA1 28 16

SRp40 9 8

SRp55 23 4

Table A.8: Splice factors with binding sites at SNPs in ZFP57. The numbers of binding sites for each
splice factor that are created by a SNP are shown. Where the same SNP creates more than one
binding site for a particular splice factor, the result is pooled to give the number at a unique location.

A.3.3 Volunteer cohort validation and QC data

Figure A.2: Power calculations for eQTL analysis based on an additive model that assumes the
marker and causal SNP are in perfect LD. i) To detect cis-eQTL associations, a sample size of 300
individuals is estimated to have more than 80% power to detect an expression-associated SNP
explaining 10% of the variance in mRNA levels of a given gene. This assumes a significance threshold
of 1x10-5, calculated from empirical thresholds based on published datasets (Stranger 2007). This
threshold is the mean of all per-gene significance thresholds corresponding to the 0.001 tail of the
permutation p-value distribution derived from 10K permutations for a given gene. i) To detect trans-
eQTL associations, a genome-wide significance threshold of 5x10-8 is selected based on effective
number of independent tests that would be performed using a genome-wide SNP panel. Power to
detect trans-eQTLs is lower than for cis-acting variants, but a sample size of 300 will have
approximately 80% power to detect an expression-associated SNP explaining 15% of the variance in
mRNA levels of a given gene (Personal communication, Barbara Stranger).



Figure A.3: Flow cytometry analysis of monocytes isolat
negative selection with a non
rationale of using positive selection to sort particular cell types from PBMCs can be seen with the
marked increase in cell purity demonstrated by positive selection. B) Negative selection of
monocytes results in a more heterogeneous population and preserves dead cells and debris. C)
PBMC control of unsorted cells.

Figure A.4: MDS analysis of the volunteer cohort popul
stratification in the volunteer cohort was analysed using MDS analysis comparing with the published
HapMap populations. CEU (Utah residents with Northern and Western European ancestry from the
CEPH collection), TSI (Toscani in Italia), CHB (Han Chinese in Beijing), YRI (Yoruba in Ibadan, Nigeria),
and GIH (Gujarati Indians in Houston, Texas) were analysed using pairwise identity by state (IBS)
distance and autosomal SNPs that are not on same
black, CEU in red, TSI in green, CHB in blue, YRI in light blue, and GIH in pink.

Figure A.3: Flow cytometry analysis of monocytes isolated from PBMCs through either positive or
negative selection with a non-sorted PBMC mixture control (Courtesy of Seiko Makino).
rationale of using positive selection to sort particular cell types from PBMCs can be seen with the

ll purity demonstrated by positive selection. B) Negative selection of
monocytes results in a more heterogeneous population and preserves dead cells and debris. C)
PBMC control of unsorted cells.

Figure A.4: MDS analysis of the volunteer cohort population (courtesy Seiko Makino).
stratification in the volunteer cohort was analysed using MDS analysis comparing with the published
HapMap populations. CEU (Utah residents with Northern and Western European ancestry from the

oscani in Italia), CHB (Han Chinese in Beijing), YRI (Yoruba in Ibadan, Nigeria),
and GIH (Gujarati Indians in Houston, Texas) were analysed using pairwise identity by state (IBS)
distance and autosomal SNPs that are not on same LD (R2<0.2). The volunteer
black, CEU in red, TSI in green, CHB in blue, YRI in light blue, and GIH in pink.
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sorted PBMC mixture control (Courtesy of Seiko Makino). A) The

rationale of using positive selection to sort particular cell types from PBMCs can be seen with the
ll purity demonstrated by positive selection. B) Negative selection of

monocytes results in a more heterogeneous population and preserves dead cells and debris. C)

ation (courtesy Seiko Makino). Genetic
stratification in the volunteer cohort was analysed using MDS analysis comparing with the published
HapMap populations. CEU (Utah residents with Northern and Western European ancestry from the

oscani in Italia), CHB (Han Chinese in Beijing), YRI (Yoruba in Ibadan, Nigeria),
and GIH (Gujarati Indians in Houston, Texas) were analysed using pairwise identity by state (IBS)

<0.2). The volunteer cohort is shown in
black, CEU in red, TSI in green, CHB in blue, YRI in light blue, and GIH in pink.
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A.3.4 HLA Type imputation QC

As described in Chapter 3, HLA type imputation was performed by Stephen Leslie and Alexander
Dilthey following a previously published method (Leslie 2008).

The 2-digit HLA types called were validated using 4 criteria; sensitivity, i.e. the proportion of true calls
for each allele, specificity, i.e. is an allele called even when not present (false positive), R2, the
correlation between the known and imputed alleles and PPV, proportion of accuracy of the imputed
allele call. Generally specificity is good, as there are many different alleles. The HLA type was said to
be called confidently when R2 was greater than 0.7, showing high correlation. This was the case for
all imputed 2-digit HLA types. PPV is the best indicator of accuracy, and this was visualised as shown
below in the example plot for HLA-DR 2-digit and 4-digit type. As the 4-digit types were less
accurate, particularly for HLA-DRB imputation, the 2-digit types were used to analyse HLA type effect
on gene expression in the new healthy volunteer cohort. The frequency of all the HLA alleles at each
locus was compared to the training data, and in general frequencies remained similar between the
healthy volunteer cohort and the training data. QC plots for HLA-DRB and HLA-C are shown below,
confirming the performance of the imputation in relation to the number of available training alleles.
A plot for HLA-DRB also confirms the greater sensitivity and performance of the imputation of 2-digit
alleles, compared to 4-digit alleles, especially in the case of HLA-DRB. This supports the decision to
use 2-digit HLA-type information to assess effects of alleles in the MHC on gene expression.
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Figure A.5: HLA-DRB allele imputation QC. Frequencies of each HLA-DRB allele are shown for the
training data set and the healthy volunteers. The proportion of accurate calls made when carrying
out imputation of HLA-DRB 2-digit and 4-digit types is shown (PPV plots). Green bars indicate correct
calls, while red bars indicate incorrect calls. Orange bars show where an allele was not called. HLA-
DRB 4-digit types show the highest levels of incorrect or uncalled alleles across the 6 loci, however
when the HLA-DRB 2-digit type is imputed the alleles are predicted with high accuracy.



228

Figure A.6: HLA-C allele imputation QC. Frequencies of each HLA-C allele are shown for the training
data set and the healthy volunteers. The proportion of accurate calls made when carrying out
imputation of HLA-C 2-digit and 4-digit types is shown (PPV plots). Green bars indicate correct calls,
while red bars indicate incorrect calls. Orange bars show where an allele was not called. In contrast
to the HLA-DRB 4-digit calls, HLA-C imputation tends to be quite accurate, with only the HLA-C*0802
allele incorrectly called several times. 2-digit imputation for HLA-C shows high accuracy across all
alleles.
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A.4 Supplementary data: Chapter 5

A.4.1 Haplotype reconstruction over HLA-DQB1 associated SNPs

Figure A.7: Haplotype reconstruction in an Indian control cohort (Courtesy of Dr Tom Parks). LD is
calculated using the Confidence Intervals method, colours of the squares indicate D’/LOD

relationships where bright red is D’ = 1 and LOD  2, and numbers indicated within then are the r2

value x 100. The GCC haplotype of SNPs rs17843603, rs9273410 and rs9273440 can be seen on the
left-hand side. rs107843603 was found to be in near direct linkage with rs11071630 (r2 = 0.92, D’ =
0.98).

A.4.2 HCP5 expression and eQTL analysis

Figure A.8: Manhattan Plot showing the association of SNPs with HCP5 expression. HCP5
expression in 288 healthy volunteer PBMC samples was determined using qPCR and normalised to
ACTB. Genotyping of gDNA was performed using the Illumina Infinium high-density genotyping bead
arrays and association analysis was performed using PLINK.

No association was seen at a genome-wide significance threshold between genetic variation and
HCP5 expression. HCP5 may either effect the HIV-1 and psoriasis susceptibility at the protein level or
may be an artefact of the HLA-B*57 haplotype or there may be a further unidentified possibility;
however, it is hard to conclusively determine the functional mechanism for this association.
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A.5 Supplementary data: Chapter 7

Figure A.9: Sonication of LCL chromatin. LCLs PGF, COX and APD are sonicated for 18 cycles (30
seconds on, 30 seconds off) using the Bioruptor sonication system. A sample of chromatin is taken
and the cross-links reversed before the DNA is phenol: chloroform extracted and analysed on an
agarose gel to assess the fragment size. Lane 1 shows 1kb+ ladder and size of fragments is indicated
(bp); 6 lanes of sonicated LCL chromatin show 2 biological replicates of each LCL.
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