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Abstract

Genome wide association studies (GWAS) have revolutionized our ap-
proach to mapping genetic determinants of complex human diseases.
However, even with success from recent studies, we have typically
been able to explain only a fraction of the trait heritability. GWAS
are typically analysed by testing for the marginal effects of single vari-
ants. Consequently, it has been suggested that gene-gene interactions

might contribute to the “missing heritability” of complex diseases.

GWAS incorporating interaction effects have not been routinely ap-
plied because of statistical and computational challenges relating to
the number of tests performed, genome-wide. To overcome this issue,
I have developed novel methodology to allow rapid testing of pair-
wise interactions in GWAS of complex traits, implemented in the
IntRapid software. Simulations demonstrated that the power of this
approach was equivalent to computationally demanding exhaustive
searches of the genome, but required only a fraction of the comput-
ing time. Application of IntRapid to GWAS of a range of complex
human traits undertaken by the Wellcome Trust Case Control Con-
sortium (WTCCC) identified several interaction effects at nominal
significance, which warrant further investigation in independent stud-
ies.

In an attempt to fine-map the identified interacting loci, I undertook
imputation of the WTCCC genotype data up to the 1000 Genomes
Project reference panel (Phase 1 integrated release, March 2012) in
the neighbourhood of the lead SNPs. I modified the IntRapid software

to take account of imputed genotypes, and identified stronger signals



of interaction after imputation at the majority of loci, where the lead
SNP often had moved by hundreds of kilobases.

The X-chromosome is often overlooked in GWAS of complex human
traits, primarily because of the difference in the distribution of geno-
types in males and females. I have extended IntRapid to allow for
interactions with the X chromosome by considering males and fe-
males separately, and combining effect estimates across the sexes in
a fixed-effects meta-analysis. Application to genotype data from the
WTCCC failed to identify any strong signals of association with the
X-chromosome, despite known epidemiological differences between the

sexes for the traits considered.

The novel methods developed as part of this doctoral work enable
a user friendly, computationally efficient and powerful way of imple-
menting genome-wide gene-gene interaction studies. Further work
would be required to allow for more complex interaction modelling and
deal with the associated computational burden, particularly when us-
ing “next-generation” sequencing (NGS) data which includes a much
larger set of SNPs. However, IntRapid is demonstrably efficient in
exhaustively searching for pairwise interactions in GWAS of complex
traits, potentially leading to novel insights into the genetic architec-

ture and biology of human disease.
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Chapter 1

Introduction

Genome wide association studies (GWAS) have successfully mapped many genes
associated with a variety of complex diseases [Barrett et al., 2008, Wellcome Trust
Case Control Consortium, 2007, Wellcome Trust Case Control Consortium and
Australo-Anglo-American Spondylitis Consortium (TASC), 2007]. These care-
fully designed studies have made significant contributions to our understanding
of the genetics of complex diseases. Recently conducted large scale meta-analyses
(where multiple independent GWAS are combined in a statistically rigorous way)
involving thousands of individuals have uncovered several moderate to small sized
effects for a variety of complex traits [Barrett et al., 2009, Cooper et al., 2008,
Lohmueller et al., 2003, Zeggini et al., 2008]. Further, expanding existing datasets
via imputation with respect to dense reference panels like the HapMap [1000
Genomes Project Consortium, 2010, 2012, The International HapMap Consor-
tium, 2003, 2005, 2007] has improved the chances of identifying additional signals.
These efforts have helped improve power and coverage of GWAS. However, the
primary analysis performed on GWAS usually pertains to tests for single variant
effects, otherwise known as main effects. Depending on the sample size, single

variant analysis is typically able to identify only those common variants which



have at least a moderate sized marginal (i.e. genotypes at the variant have differ-
ent disease risk or mean trait values). For most complex traits, even with all of
these signals put together, we are still only able to explain a small fraction of the
estimated “heritability” [Manolio, 2010, Manolio et al., 2009] (i.e. the amount of
variance in the trait that is explained by genetic factors).

One possible explanation for this gap in our understanding is interaction be-
tween genes, whereby the effect of one is modified by another. It has been sug-
gested that looking for pairwise and other higher order statistical interactions
could be a potential way forward to try to understand the genetic framework
underlying complex diseases. It has been demonstrated that two or multi-gene
interactions exist in several different species [Albrechtsen et al., 2007, Coffey et al.,
2004, Flint and Mackay, 2009, Zee et al., 2002]. When these interaction pathways
are combined with environmental factors, the disease risk or distribution of the
quantitative trait changes. However, Coffey et al. [2004] could not cross-validate
the initially detected interaction signals for risk of myocardial infarction in hu-
mans. They emphasise the need for well validated interaction signals, given the
risk of finding signals which in reality do not exist (i.e. false positive signals).
Several obesity related gene-gene interactions have been identified in mice [Stone
et al., 2006, Stylianou et al., 2006, Warden et al., 2004]. Yu et al. [2008] produced
a database of all reported interactions in Drosophila. Dong et al. [2003] and Dong
et al. [2005] have reported the existence of gene-gene interactions related to ex-
treme obesity in humans. Strange et al. [2010] found evidence of interaction
between the HLA-C and FRAP1 loci in psoriasis. The signal was replicated in
independent samples.

The interplay between genes, often termed “epistasis”, could mean the alter-



ation (suppression or magnification) of the action of one gene in the presence
or absence of another [Cordell, 2002]. It is possible that some of these interac-
tions could have very small or no marginal effects at all. It has been suggested
[Carlborg and Haley, 2004, Williams et al., 2004] that similar signals could exist
in humans and thus could help in explaining a larger proportion of the genetic
contribution to phenotypic variance, which remains unexplained at this stage.

However, so far, gene-gene interactions have not been routinely evaluated at
a genome wide level in humans. Besides the lack of statistical power in most
GWAS datasets, even a two locus exhaustive scan poses a massive computational
burden. These problems may have restricted researchers from considering this as
an avenue for exploring further genetic complexities. However, with substantially
cheaper genotyping costs, and merging of several big studies (meta-analyses),
we now have larger sample sizes than ever, with some present day studies having
sample sizes of more than 250, 000 individuals [Heard-Costa et al., 2009, Lindgren
et al., 2009]. We also have more dense genotyping arrays (often with more than
1 million markers) leading to better coverage of genetic variation. With better
computational power and availability of sophisticated computing clusters, we are
now able to run complex statistical algorithms on datasets larger than ever. But
the sheer increase in sample size comes with several statistical challenges.

This thesis aims to look into new methods to scan for gene-gene interactions
on a genome wide scale. The new methods need to be computationally efficient
so they can be implemented on ever larger datasets and perform exhaustive in-
teraction scans. The methods will also be implemented in user friendly software
and made freely available to the wider research community. Simulation studies

will also need to be performed at each stage to compare the power achieved with



1.1 Mendelian and complex genetic diseases

such new methods, compared to more traditional methods.

This chapter gives a brief introduction to issues arising from present day
approaches to identify genetic markers which affect common complex disorders.
It also includes a discussion of some advanced modelling techniques in the field.
It includes a brief overview of GWAS, its development over the years and its

success in finding disease associated genetic markers in the human genome.

1.1 Mendelian and complex genetic diseases

Genetics has come a long way since the theories of discrete inheritance suggested
by Gregor Mendel [Hutchinson et al., 2005] in the mid-nineteenth century. From
what started as an observation of traits through generations, genetics has now
been transformed into a much wider subject group, with much more detailed
knowledge of the physical basis of inheritance. The discrete units of inheritance
noted by Mendel would be analogous to the present day idea of genes. Although
it started with the Mendelian theory of inheritance, modern genetics perhaps
owes its beginning to the discovery of the double helical structure by Watson and
Crick [Watson and Crick, 2003]. It is only after their discovery of the structure of
Deoxyribonucleic acid (DNA) in 1953 that we started making real inroads into the
detailed framework of the human genome. More recently, with the completion
of the Human Genome Project, and massive improvements in the efficiency of
genotyping technology, we were able to genotype several hundreds of thousands
of genetic variants over thousands of individuals [Greenhalgh, 2005, Platzer, 2006].
It has also been pointed out that, more often than not, inherited traits are not

transmitted as discrete units as Mendel had described. Much rather they are
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passed on as a complex genetic network, most of which we are yet to unravel. It
seems likely that common complex diseases are triggered by several genes acting
together in different parts of the genome and even interact with each other and the
environment at different levels of complexity. Here, interaction between multiple
genes could be defined as the phenomenon under which the presence of these
genes causes an amplified or suppressed effect on the phenotype, compared to the
otherwise expected additive effect. Thus a significant interaction effect between
multiple genes could be tracked measuring the deviation from the sum of the
independent effects in question (Refer to Chapter 2 for further details).

In Mendelian disorders, such as sickle-cell anaemia [Christensen and Murray,
2007], Tay-Sachs disease, cystic fibrosis and xeroderma pigmentosa, disease status
is typically determined by independent single gene mutations which are passed
on from one generation to another as discrete genetic units. However, complex
diseases can be caused by hundreds of variants, and many of these may work
together in a complex manner. The approach in single gene disorders relies on
a strong association between the phenotype and the genetic variant in question,
besides a detailed knowledge of the mode of inheritance of the genes in question
[Hamosh et al., 2005].

For Mendelian diseases, mutations are “highly penetrant”, i.e. have a high
probability of resulting in affection in a carrier, depending on the mode of inher-
itance. In complex diseases, the traits are quite often affected by different sets
of genes in different biological ‘pathways’. Usually, most genes have a moder-
ate to small sized effect, so that each individual disease causing mutation has
only a small probability of resulting in affection in a carrier. It thus requires

huge sample sizes to successfully map them. The levels of penetrance also differ
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based on environmental interactions and other epigenetic causes i.e., effects over
and above the effect of underlying DNA sequences. For example, it is common
knowledge that smoking is associated with cancer. However, if an individual had
genes associated with cancer, besides being a regular smoker, he/she might have
a magnified probability of developing the disease. This is referred to as “gene-
environment” interaction. Many complex diseases may be heterogeneous, such
that affected individuals may have very different underlying genetic make-up.
Studies like those of Barrett et al. [2008], Scott et al. [2007], Wellcome Trust
Case Control Consortium [2007] are some of the many studies performed recently
to track down the multiple variants associated with complex diseases. A de-
tailed map of disease linked (or associated) variants is still unavailable for all
complex diseases. Much of the heritability of major complex traits remains un-
explained. Consequently, it has been proposed that, the more complex gene-gene
or gene-environment interactions need to be investigated for all diseases. Method
development for understanding genetic interactions have seen rapid progress in
recent years and there is now more interest that ever to understand the more
complex patterns in the human genome.

Modern techniques, like high-throughput genotyping, have brought down the
costs of assaying genetic variation in humans. With more precise methods to
read data, we are now able to have very small error rates at the order of millions
of variants from many thousands of individuals. Moreover, advanced statistical
algorithms, better computing power, and much larger sample sizes have enabled
us to identify some of these moderate or small effects with very low false positive
rates and, adequate levels of power for marginal effects. We are now in a situation

where we know the amounts of data will increase exponentially from here onwards,



1.2 Structure of the Human Genome

but the kind of statistical tools we have are quite limited, and certainly not

equipped to decipher more complex statistical relationships in the datasets.

1.2 Structure of the Human Genome

Human beings, like many multicellular organisms, are made of billions of small
units of life called cells. A cell is the basic structural and functional unit of any
living organism. FEukaryotic cells hold membrane enclosed organelle called the
nucleus. The nucleus contains multiple long linear dioxyribonucleic acid (DNA)
molecules along with proteins, ribonucleic acid (RNA) molecules, and surrounding
structures to form chromosomes. Humans have 23 pairs of chromosomes, out of
which 22 pairs are autosomal and the remaining two form the sex chromosomes

- XY for men and XX for women.

1.2.1 Polymorphism

There are four different nucleotide bases found in DNA, which are adenine (A),
guanine (G), cytosine (C), and thymine (T). These hold the key to inherited
human traits and diseases. At a particular site, or a short interval of sites, the
base might vary between individuals, so it is referred to as polymorphic (also
known as polymorphism) [Hartl and Clark, 2007]. Each base observed at the
site is referred to as an allele, and for a single nucleotide site, or base pair
(bp), the polymorphism is referred to as a Single Nucleotide Polymorphism
(short form is SNP - pronounced ‘snip’). Human beings inherently have a very
low mutation rate (1078 per base pair per generation), and hence most SNPs in

humans are diallelic. Most polymorphisms in a human are SNPs and analysis of
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this type of variation is the foundation of association studies.
Locus (plural loci) is a specific site in the genome. Because SNPs are typically
di-allelic, humans usually have three possible genotypes at a locus. These three

genotypes are the combinations of the two possible alleles at the site.

1.2.2 Haplotype vs Genotype data

A haplotype can be defined as a set of variants or polymorphisms in the same
strand of a chromosome that are inherited together from the same parent. It
can be a combination of alleles or a set of SNPs on the same chromosome [Hartl
et al., 1997]. For a pair of di-allelic SNPs in a population there can be up to
four possible haplotypes. However, there can be ten possible haplotype pairs for
any diploid individual. A pair of haplotypes is referred to as diplotypes. For
example, let us assume that in one particular location for alleles A and G, we have
possible genotypes AA, AG and GG, and at a neighbouring location for alleles
C and T, we have possible genotypes CC, C'T" and TT. This could mean that
for an individual there could be ten possible assignments at the two loci (Table:

1.1). However, it is not possible determine the phase of the double heterozygote.

AA AG GG
CC | AC/AC AC/GC GC/GC
CT | AC/AT | AC/GT or AT/GC | GC/GT
TT | AT/AT AT/GT GT/GT

Table 1.1: Possible diplotypes
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1.2.3 Linkage Disequilibrium

The closer a pair of loci are, the higher their probability of being inherited together
[Hartl and Clark, 2007]. The two alleles of a given genotype are inherited from
the two parents. For variants that are located close to each other, the alleles are
in gametic phase and hence are usually transmitted together. For loci which are
further away from each other it is more likely that recombination events could
split up the alleles during meiosis. Based, on this principle, the recombination
rate () is defined as the probability of recombination between two loci.

Since blocks of SNPs that are close to each other are typically inherited to-
gether, the genotypes within an individual are statistically correlated at these
variants. This allows us to select only a few SNPs from a block, and yet repre-
sent a majority of the genetic variation contained in the region. If the SNPs were
inherited completely at random, for a given SNP, we would expect the haplotype
frequency to be equal to the product of the constituent allele frequencies. Any
deviation from this equilibrium is used to represent correlation between SNPs.

This is also known as linkage disequilibrium (LD).

Mathematical definition Let p;; denote the population proportion of ¢j hap-
lotypes in a population, while p; and p; denote the marginal allele proportions,
which could be assumed to be constant over generations. Under linkage equi-
librium, population haplotype proportions are constant over time, and using the
definition of statistical independence, it is equal to the product of the constituent

allele proportions:

DPij = Di.P.j, for Z,] =0&1 (11)
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Deviation from this equilibrium state is referred to as LD. There are several

popular measures of LD.

1. The difference between each haplotype proportion and its value under link-

age equilibrium:

Dij = Pij — PiDPj (1-2)

can be estimated by replacing the population proportions with the corre-

sponding sample proportions. When both loci are diallelic,

DOO :Dll :_DOI = _D10-

2. D;; has several limitations as a measure of LD. In particular, the range of
possible values of D;; depends on the allele proportions. For example, in

the diallelic case we have

—D~ < D;; < D" where,

D™ = min{pypo,p1.p.1}

D+

min{po.p.1, P1.P.0}
Thus, a value of D;; that arises for one pair of loci may be impossible at

another pair given their allele proportions, making cross-locus comparisons

difficult. To overcome this problem we can use,

10



1.2 Structure of the Human Genome

o _ ) Dia/D* i Dy 20

Y

(13)
Dl‘j/Di if Dij <0

which can take any value between -1 and 1, irrespective of the allele pro-

portions.

3. D?j can be scaled to obtain the squared correlation coefficient which in this

context is usually called r%:

r2 — (pz'j - pi.p.j)Q .
“ pi.p.j(l_pz’.>(1_p.j)

(1.4)

A value of 1 for r? represents perfectly correlated SNPs where only two possible
haplotypes exist. A value of 1 for D’ corresponds to “complete LD” when only

three of the four possible haplotypes between a pair of SNPs.

Importance of studying LD The study of LD plays a central role in several
aspects of genetics. Its importance has been long recognized, primarily because
of the information it provides regarding the inheritance of haplotypes and hence
identification of disease genes.

LD enables design of efficient GWAS genotyping arrays by allowing genotyping
of only a subset of variants, and yet make inferences about correlated SNPs
(refer to 1.4.1 for details). The International HapMap Project [The International
HapMap Consortium, 2003, 2005, 2007] and more recently the 1000 Genomes
Project [1000 Genomes Project Consortium, 2010, 2012] have played key roles
in studying LD structure in multiple populations from different ethnic groups,

and has also helped in providing easy access to such information online. These
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reference panels of human genetic variation have enabled researchers to work

towards the identification of disease associated genes, as described below.

1.3 Association Analysis

For most complex diseases, many variants are believed to influence the disease
phenotype. Linkage studies focussing on the inheritance of genetic variants with
disease in families, have had limited success in identifying loci for complex dis-
eases [Gulcher et al., 2001]. Association studies may be more powerful when
the disease is multi-factorial and the genetic effect of each locus is small [Long
and Langley, 1999, Risch and Merikangas, 1996, Schork et al., 1998, Tu and
Whittemore, 1999]. Association studies typically use independent samples from
a homogeneous population, collecting cases and controls for a binary disease phe-
notype. This makes it much easier for association studies to collect reasonable
sample sizes since large families with multiple affected members needed for linkage
analysis are not required.

In an association analysis, genotype frequencies are tested for correlation with
a disease trait, which is already known to be genetic. However early association
studies focused on variants in pre-specified “candidate” genes of interest. How-
ever, these methods had limited success in finding variants which explained vari-
ability in complex traits. Quite often, these studies were not very well designed.
For example, they had small sample sizes, the cases and controls were not well
matched for demographic features or potential confounding factors, the results
were not properly adjusted for multiple comparisons, or were obtained from het-

erogeneous populations, and sometimes the candidate genes were not definitive
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[Cardon and Bell, 2001].

For binary traits where, for example, individuals can be characterised as ‘af-
fected’ or ‘unaffected’, it is typical to make use of a ‘case-control’ design. With
cheaper genotyping costs, we can now afford to genotype millions of variants
across the genome of thousands of individuals, enabling us to implement asso-
ciation studies on large sample sizes. Further, the coverage and power of these
studies could be increased by accounting for the LD between genotyped and non-
genotyped SNPs. Information from standard SNP reference panels [The Inter-
national HapMap Consortium, 2003] can be used to expand the datasets so they
contain information on many more variants than were typed in the study. This
process, also known as imputation [Halperin and Stephan, 2009, Howie et al.,
2009], enables the inclusion of SNPs which were otherwise not present in the
genotyping chip of the study (further details in Chapter 5). With better study
design and quality control approaches, GWAS have proved to be more powerful
than candidate gene based association studies. The next section explains GWAS

in greater detail.

1.4 Genome Wide Association Studies

GWAS have established themselves as the most popular means of exploring the
human genome for variants contributing effects to complex human traits. How-
ever, this involves a whole range of statistical procedures to optimize the power
of study. Before testing for association with the trait many statistical quality
control measures are carried out. This minimizes the chance of coming across

false positive associations due to poor quality genotyping or study design.
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1.4.1 Study Design : Choice of SNPs

A popular hypothesis is that genetic effects of complex diseases may be embedded
in commonly varying SNPs - defined to have minor allele frequency (MAF) of at
least 5%. This hypothesis has led us to investigate complex trait associations by
genotyping only the commonly varying SNPs. The SNPs used for a study in a
given population, would depend on the choice of the product used to genotype
variants. As some modern studies have more than a million SNPs, it is quite
likely that a common causal variant will be in high LD with one included on the
genotyping chip used. This is often called the ‘common disease, common variant’
hypothesis.

Most modern genotyping chips can contain hundreds of thousands of com-
monly varying SNPs, which covers a majority of the common variation in the
human genome because of the structure of LD. Information about LD values
across the genome helps us identify regions where a higher density of SNPs need
to be genotyped to capture variation. The Hap Map Project [The International
HapMap Consortium, 2003] has a detailed scan of SNPs which represent blocks
of the genome with high LD, also known as tagSNPs [Botstein and Risch, 2003].
There are selections of tagSNPs for different populations and these are quite of-
ten used to design genotyping chips for large scale GWAS. This acts as a massive
cost saving technique [Daly et al., 2001, Gabriel et al., 2002, Patil et al., 2001],
as well as increasing the possibility of covering the ‘causal’ SNP in the analysis,
assuming it is common. The process of selection and prioritization of tag SNPs is
key to a successful association study [Carlson et al., 2004, Ke and Cardon, 2003,

Meng et al., 2003, Stram et al., 2003, Weale et al., 2003].
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1.4.2 Study Design : Choice of samples

For any GWAS, it is vital to make sure that all individuals are unrelated and come
from the same population. Besides the genotype data, information on possible
confounding variables are also collected. These include variables like genotyping
batch, ethnicity, non-genetic risk factors. These potentially secondary variables
are used in downstream analysis to ensure the genetic signals are not owing
to confounding factors. Further, for case-control studies, samples should be as
homogeneous as possible to improve statistical power of the study - both in terms

of ancestry and phenotype.

1.4.3 Statistical Quality Control

The key to a successful GWAS is to ensure statistical quality control (QC) of the
genotype data is conducted robustly and genotypes or individuals are removed
when the quality is not acceptable [Turner et al., 2011, Weale, 2010]. Genotyping
error can create noise in the data, which might cloud downstream analyses and
result in false positive or false negative association signals. Thus, the interpre-
tation of the study results would be severely compromised if the initial quality

control is not carried out effectively.

1.4.3.1 SNP Quality Control

Marker Genotyping Call Rate: Genotype calling forms a fundamental
process to determine the genotypes of a given variant in a sample of individuals
and are typically estimated by plotting the signal intensities of the two alleles.

For looking at large number of variants, efficient calling algorithms are required to
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determine genotypes. There are a variety of genotype calling algorithms [Marchini
and Howie, 2008] available, and quite often the choice is dependent on the nature
of the genotyping chip used. The output usually gives a probability for each
of the three possible genotypes at a given variant for each individual. For the
calling algorithm Chiamo [Marchini and Howie, 2008], a genotype is “called” if the
probability of the most likely genotype, is at least 90%, and a missing genotype
otherwise.

SNPs with high levels of missingness are more likely to have occurred in
situations where an automated algorithm struggles to make a definitive decision
above genotype calls. SNPs with large rates of missingness often reflect poor
quality DNA or difficulties in genotype calling because of other technical issues.
The threshold for missingness will vary from one study to another. The Wellcome
Trust Case Control Consortium (WTCCC) used a missing rate of 5% [Wellcome
Trust Case Control Consortium, 2007]. The choice of threshold is usually made
by considering the distribution of missing genotype rates across SNPs to identify
clear outliers in the distribution.

For disease phenotypes, missingness rates of all SNPs are typically compared
between the cases and controls and those with a significant difference are elimi-

nated from the study [Clayton et al., 2005].

Deviations from HWE: Hardy Weinberg equilibrium (HWE) is a theoret-
ical idea stating that, under random mating, the overall allele and genotype
frequencies in a population remain constant. Any substantial deviations from
this equilibrium can be indicative of genotyping error [Teo et al., 2007]. However,

under a recessive disease model, and in particular for Mendelian diseases, one
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might genuinely expect significant deviations from the HWE. Hence very strin-
gent thresholds (p-values have to be very small) are used to judge significance for
deviation from HWE. Several different procedures have been proposed to measure
HWE, however in principle it can be tested by comparing the genotype and allele

frequencies in a sample, typically by means of an exact test.

Minor Allele Frequency (MAF): In association studies, common SNPs
tend to have relatively smaller false positive error rates than rare SNPs [Gorlov
et al., 2008, Moskvina et al., 2006, Tabangin et al., 2009]. For low MAF (less than
5% or 1% for most studies depending on sample size), the power to detect any
associated signals would typically be very low under the common disease, common
variant hypothesis. This has prompted standard QC procedures to exclude SNPs

with low MAF from downstream analysis.

1.4.3.2 Sample Quality Control

Sample Genotyping Call Rate: = When a large fraction of genotype calls
for a sample are missing, it reflects poor quality DNA [Turner et al., 2011]. This
could lead to noisy data in the genotype calling process. Thus samples with low
genotyping call rate are eliminated from downstream analysis. As with SNP QC,
the threshold further varies from one study to another, depending on the geno-
typing platform used, quality of DNA samples, and other human or equipment
errors. The appropriate threshold for sample call rate will vary from one study
to another. In the WTCCC study 250 samples with more than 3% missingness

across all SNPs were removed [Wellcome Trust Case Control Consortium, 2007].
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Heterozygosity:  Cross sample contamination or poor quality DNA can lead
to higher levels of heterozygous genotypes than expected. Since poor quality DNA
affects both heterozygosity and missingness, a usual practice plots these param-
eters against each other. The appropriate threshold will vary from one study
to another and will depend on the allele frequencies of SNPs on the genotyping
array. The WTCCC removed six samples with heterozygosity of more than 30%
and another three with heterozygosity of less than 23% [Wellcome Trust Case

Control Consortium, 2007].

Relatedness: A design for large scale association studies requires the samples
to be unrelated to each other. However, at times, unknowingly, the sample ends
up including relatives or perhaps erroneously includes the same DNA sample of
the same person twice. The extent of alleles shared between every pair of individ-
uals can be calculated, a measure referred to as Identity-by-State (IBS). Given
IBS information for a homogeneous sample, extent of DNA shared between pairs
of individuals can be calculated genome-wide, also known as Identity-by-Descent
(IBD). Siblings are expected to have an IBD of around 50% and identical twins
and duplicated samples should have an IBD of nearly 100% (allowing for geno-
typing error). When a pair of related individuals are identified, the sample with

the highest rate of missingness is typically removed from downstream analysis.

Population Substructure: Population substructure is observed when sub-
sets of the sample exhibit systematic differences in their population ancestry
and phenotype of interest. It is critical to account for these differences to avoid

spurious associations [Cardon and Palmer, 2003]. This can be achieved by en-
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suring the samples come from a homogeneous population. Self reported ancestry
can be matched against genetically inferred ancestry to ensure homogeneity. Of-
ten combining data from multiple sites in a joint analysis can lead to population
stratification if both allele frequencies and phenotypes differ significantly between
groups.

Statistical methods have been developed to account for population stratifica-
tion in GWAS. Genomic Control estimates an ‘inflation’ factor and corrects all
test statistic estimates downwards [Devlin and Roeder, 1999]. Structured asso-
ciation uses genotype data to infer population structure and conducts association
tests in each sub-sample [Falush et al., 2003, 2007, Pritchard et al., 2000]. It is also
used to detect outliers in an otherwise homogeneous sample which can then be
eliminated from further analysis. The algorithm was implemented in a software
called STRUCTURE (pritchardlab.stanford.edu/structure.html).

The risk of false positive signals caused by confounding population stratifica-
tion increases with large sample sizes [Marchini et al., 2004]. The EIGENSTRAT
approach was developed to overcome these concerns [Patterson et al., 2006, Price
et al., 2006]. It uses principal component analysis (PCA) to explicitly detect and
adjust for population structure for very large data sets in a computationally effi-
cient manner. PCA reduces a set of correlated variables to independent variables,
called principal components (PC), such that the first PC captures as much of the
variance as possible and the subsequent PCs capture the most variance possible
subject to a orthogonality condition with the preceding PCs. Adjusting for PCs
as covariates in downstream association analyses can thus be used to adjust for

population substructure.
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1.5 Testing marginal effects in GWAS

1.5.1 Case-control design

In a case-control design, a null hypothesis of no association (or complete indepen-
dence) between the genotypes of a given SNP and the disease status of individuals
is tested. For a sample of n individuals, with ny cases and ns controls, a single
SNP with three genotypes (for example AA, AG and GG) could be considered.
If, n;; were the number of genotypes, j, observed for a phenotype, i (phenotype
1 being cases and 2 being controls), then Table 1.2 gives the contingency table

for the SNP in question.

Table 1.2: Contingency table for Score Tests

. Genotypes
Disease Status A ‘ AG ‘ glé ‘ Total
Case Ni1 | M2 | N3 | T,
Control No1 | Nag | Nag | Na.
Total niy |ng | ng |n

1.5.1.1 Genotypic test of independence

Under assumptions of complete independence between the disease status and

genotypes, the expected frequencies are calculated (£;;).

B, = 2l (1.5)

(%) n
The following statistic, equation (1.6), is then used to test for the extent of

deviation from this null expectation:
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X%T—l)(c—l) = Z Z %—EU)Q (1.6)
i=1 j=1 v

where, X(zr—l)(c—l) is the test statistic, n;; are the observed frequencies or n;;,
E;; are the expected frequencies under a null hypothesis of no association, r
and c¢ stand for the number of rows (two for a case-control design) and columns
(three for diallelic genotypes) respectively. The number of degrees of freedom is

calculated as (r — 1)(c — 1).
For a simple test of association, when there are three genotypes (three columns)
and a binary phenotype (two rows) the degrees of freedom is two. When the geno-

type counts are small, and the asymptotic assumptions of a chi-squared test of

association are not valid, one may use a Fisher’s exact test [Agresti, 2007].

1.5.1.2 Allelic test of independence

It is typical to assume a linear relationship between the number of minor alleles
in a genotype and disease risk (or more precisely log-risk). Under this model, a
2 x 2 contingency table is created for the case-control status of a disease against
the alleles (A and G say). We may create the following contingency table for the

disease status against the allele counts.

Table 1.3: Contingency table for a pair of alleles

: Alleles
Disease status A ‘ G
Cases w |z
Controls y |z

where (from table 1.2),
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w = 27211 -+ N9,
T = 2n13+ Nia,
Yy = 2n91 + nao,

Z = 2N93+ Nog

A chi-squared test of independence may then be applied on this table (as
described in 1.5.1.1). An assessment of the direction and magnitude of the effect
of the SNP on disease risk can be provided by the odds ratio (OR) which, for a
2 x 2 table of this kind, is calculated as follows.

L wXz

= 1.
OR="—— (1.7)

and the corresponding variance would be,

Var(log(OR)) = (% + i + 5 + %) (1.8)

This method, however, requires an assumption of HWE in cases and controls
and ‘double counts’ individuals by focussing on alleles. A more appropriate ap-
proach, under a linear model in the allelic log-OR (Vg = 2 X U 4¢), is performed
by means of the Cochran-Armitage trend test. Unlike the allelic association test
the Cochran-Armitage trend test remains unbiased when there is significant de-

viance from the HWE [Guedj et al., 2008].
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1.5.1.3 Cochran-Armitage Trend Test

The Cochran-Armitage trend test is a method to detect association between two
categorical variables which have 2 and k categories respectively [Freidlin et al.,
2009]. A cross-tabulation results in a 2 x k table. The test is particularly useful
if there are reasons to believe the existence of an ordinal trend in the k categories
of the second variable.

In this case, k represents the number of genotypes (k = 3) and we assume
the presence of each additional ‘causal’ allele in the genotype results in a linear

increase of log-OR. Using notation from Table 1.2, the test statistic is,

3
T= Z ti(nlml_ — ngingl), (19)

i=1
where t; are weights depending on the nature of underlying assumption. We

would use ¢t = (0,1, 2) for an additive model [Sasieni, 1997].

Under the null hypothesis of no association,

7—— 1 N1 (1.10)

/ Var(T')

where,

3 2 3
=1

i=1 j=i+1
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1.5.1.4 Generalized linear models

A more flexible approach for testing association is to make use of a generalized
linear modelling (GLM) framework which, in the context of a binary trait, models

the logarithm of the odds of disease as a linear function of the genotypes (equation

(1.12)). Specifically,

g<y) = 60 + Bz‘hxz‘h + BDl'IDl (112)

where, g(y) is the link function for the disease phenotype (logistic for a case
control design), 84, and Bp, correspond to the “additive” and “dominance” ef-
fects of the SNP. The terms x4, and zp, are indicator variables representing the
genotype of the individual summarized in Table 1.4. Typically, we focus on the
additive component and assume (p, = 0. The resulting test is equivalent to a
Cochran-Armitage trend test and is usually used for single variant analysis of
GWAS. The association test is performed by comparing model (1.12) with a null
model, where 54, and Bp; are zero. Under the null hypothesis, twice the dif-
ference in the log-likelihoods of these two models has a chi-squared distribution,

with degrees of freedom equal to the number of parameters set to zero.

Table 1.4: Additive and dominance coding for genotypes

Genotype | Additive Component | Dominance Component
T A,y Tp,
AA 0 0
AG 1 1
GG 2 0

The flexibility of modelling offered by logistic regression can be used to ac-

count for confounding factors, such as gender and age, by including them as
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covariates in equation 1.12. In the presence of population substructure, PCs

from EIGENSTRAT can be used as covariates to account for the stratification.

1.5.2 Quantitative trait design

When the phenotype is continuous in nature, an ANOVA or a linear regression
framework could be used. The ANOVA, like the x? test used for case control
designs, checks for deviation from a state of no association (or complete indepen-
dence) between the SNP and the phenotype (in this case the mean trait values
of each genotype will be equal). When the alleles are, however, assumed to be
acting additively, we assume a linear relationship between the number of alleles
in the genotype and the trait. This assumption reduces the degrees of freedom of
the test to one, making it more powerful when the assumption of additive effect
of the alleles holds. A suitable transformation of the continuous phenotype may
be required, to have a resultant variable following normality. In this case, the

link function g(y) (from equation 1.12) is identity.

1.5.3 Software for GWAS

The afore described statistical tests could be performed in standard statistical
software such as R, Matlab and SAS. However, specialist software, such as PLINK
and SNPTEST, has been designed that allow for quality control and handling of
large data sets. PLINK and SNPTEST are freely available and widely used by
the statistical genetics community. Many well established methods in statistical
genetics are readily available in these packages and it helps many researchers

focus on the analysis and the biological implications of the results, rather than
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programming.

1.5.4 Imputation

Most modern genotyping arrays contain in the order of 500,000 to one million
SNPs, and cover more than 80% of the common variation found in European
ancestry populations [Spencer et al.; 2009]. However, this coverage could be
improved by using more detailed genotyping reference panels like HapMap or
1000 Genomes. SNPs not present in the genotyping chip could be imputed by
exploiting the LD between ‘observed’ and ‘non-observed’ SNPs in more dense
reference panels. Details of this method are described in [Howie et al., 2009]. This
improves the coverage of the study and increases the chances of finding signals
which, owing to LD, would have been too weak to find otherwise. Software like
MACH and IMPUTE are available to carry out genotypic imputations on the scale
of the whole genome, and work seamlessly with reference panels from HapMap
and the 1000 Genomes Project [1000 Genomes Project Consortium, 2012, The
International HapMap Consortium, 2007]. One might either threshold imputed
probabilities at 90% (say) to decide on the most likely genotype at an imputed
location or compute the expected number of minor alleles at a given location using
imputation probabilities. Imputation will be discussed in much greater detail in

Chapter 5.

1.5.5 Significance threshold and Multiple Testing

A statistical test is typically considered ‘significant’ if the p-value is less than 0.05.

This significance threshold ,«, is the probability of observing a false positive
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given the data, in this case 1/20. If, however, multiple (n) independent tests
are carried out in the same dataset, the number of expected false positives is
a xn. In the GWAS context, for a genotyping chip with a million independent or
weakly correlated markers, and hence a million statistical tests, the expected false
positives are around 50,000, at a 5% significance threshold. To correct for this,
one may use the Bonferroni’s correction where the usual significance threshold
of 5% is divided by the number of tests performed to yield a new much lower
a level. The Bonferroni test is conservative because it does not take account of
correlation between tests due to LD. Hence, other methods have been suggested,
including the permutation test which can be computationally demanding [Pe’er
et al., 2008]. A wide range of analytical and empirical approaches have been used
to determine the appropriate level of significance for GWAS of common variants.
Most approaches point to a significant threshold of the order of p < 5 x 107® and
this is now widely accepted as the “gold standard” threshold for genome-wide
significance [Pe’er et al., 2008].

Once an association study is conducted with due precautions, signals should
ideally be replicated in different samples from the same population (or in other).
In order to get the most out of existing data sets one might combine them together
in a statistically sound manner to identify genetic signals with a relatively small
effect size.

However, individual level genotype data are typically not available to re-
searchers interested in conducting combined analysis. However, meta-analysis can
be used to combine association summary statistics (log OR, variance, p-value)
across studies, without the need to exchange individual level data. Summaries

of approaches to perform meta-analysis are provided by Evangelou and loannidis
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[2013], Han and Eskin [2012]. Meta-analysis has also been enabled in the context
of GWAS through imputation, allowing studies typed with different genotyping

arrays to be combined at the same set of SNPs in a reference panel.

1.6 Success and Potential

GWAS have successfully uncovered many novel loci which hold association with
complex diseases including Crohn’s, type 2 diabetes and macular degeneration
[Barrett et al., 2008, 2009, Neale et al., 2010, Scott et al., 2007]. It has helped us
obtain insights into the biological pathways of these diseases, a key objective of
conducting these studies. Even when we are not completely sure of the precise
functional role of the discovered variants, with more and more data coming in,
and with systematic investigations into the underlying biological pathways, we
should be able to understand the complex pathophysiology much better. With
cheaper genotyping and larger arrays, we now have larger sample sizes and better
coverage of common SNPs than ever before. Furthermore, with reference panels
from the 1000 Genomes Project, we are able to impute more than 30 million
variants genome wide including many at much lower frequency. This has helped
us in discovering many loci, each with moderate effects on disease, and is expected

to increase the amount of variance explained in the phenotype [Morris et al., 2012].

1.7 Limitations of GWAS

Despite the promise that GWAS bring, there are limitations to this approach

[Ward and Kellis, 2012]. First phenotypes are not always very well defined. This
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ambiguity would naturally collude any findings achieved in downstream analyses.
Once we are able to decide on a coherent definition of the phenotype, there are
issues of multiple possibilities of underlying genetics for the same phenotype.

The thousands of discovered and replicated disease variants have very modest
effects and account for a very small fraction of the observed phenotypic variance
or estimated ‘heritability’ [Manolio et al., 2009]. Thus these loci are not very
useful for disease risk prediction.

Most discovered loci are characterised by common variants with association
signals mapping to hundreds of kb because of LD. This makes fine mapping and
discovery of the specific causal variant in each locus difficult. Most of the identi-
fied loci are non-coding and many are quite far from discovered genes. Thanks to
LD it is impossible to be sure about the exact variant which is ‘causal’ and we can
only be imprecise about its likely location. This makes downstream functional
analysis somewhat difficult [Cooper and Shendure, 2011].

GWAS are not designed to evaluate the impact of low-frequency and rare
genetic variation on complex traits. Some evidence has been produced to show
that rare variants and functional variations could have a role to play in explaining
phenotypic variance [Cirulli and Goldstein, 2010]. This issue is certainly being
addressed at the moment, with studies like the 1000 Genomes Project, large-scale
whole-genome and whole exome sequencing projects in process. There have been
other studies to show that copy number variants may also be able to explain
significant amounts of the ‘missing heritability’.

GWAS analyses have typically focussed on simple, single variant tests of as-
sociation. It is likely that the actual genetic make up of these diseases is very

complex and so far we have been over simplifying our hypothesis. It is probably
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quite unrealistic to assume that there would be marginal effects of genes and,
in general, little or no statistical interaction between them. In the presence of
statistical interaction, the sum of the effects of individual genes on the phenotype
is diminished or magnified (further details in Chapter 2). One of the major rea-
sons why we have explained so little of the phenotypic variance could be because
we typically do not account for interactions. As described earlier, evidence from
animal models suggest that higher order interactions of genes could explain more
of the variance. Quite often, even when there are no marginal effects for some
genes, they may still have interaction effects. In other words, functions of some
genes can be triggered by another gene, which could possibly lie in a completely
different part of the genome. There could also be environmental effects, which
could silence genes and hence have a massive effect on the phenotype. Thus, more
complex statistical methods are required to model gene-gene or gene-environment

interactions, multiple causal variants at the same locus (conditional analysis), etc.

1.8 Aims of thesis

This thesis highlights the importance of studying gene-gene interactions in GWAS
and suggests methods to make such studies computationally feasible without com-
promising on statistical power, allowing for imputed genotype data and analysis
of SNPs on chromosome X.

Chapter 2 introduces the concept of epistasis. It explains the different kinds of
epistatic models one could expect. It then moves on to consider the link between
statistical interaction of genes and epistasis. After explaining the different ways of

identifying significant statistical interactions, it discusses existing methods, and
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their advantages and limitations.

Chapter 3 introduces two tests for identifying statistical interaction between
genetic variants. The first one assumes independence of the alleles at a SNP
and thus each variant is represented by the number of ‘minor’ alleles present
under an additive model. This is also known as the additive test of interaction.
The second test of interaction does not assume independence of the alleles and
considers the three genotypes as distinct categories. This is called the general
test for interaction. This chapter compares the performance of these two tests by
simulation by considering various scenarios underlying interaction models, MAF
and effect sizes.

Chapter 4 describes a novel algorithm that was designed to scan for gene-
gene interactions on the scale of the whole genome. It then briefly describes
software that was developed to implement this novel algorithm. Simulations
were performed to optimise the performance of the algorithm, and the method was
applied to GWAS data for seven diseases studied by the WTCCC [Wellcome Trust
Case Control Consortium, 2007], as well as obesity. The diseases are described
and the significant interaction results discussed.

Chapter 5 discusses the role of imputation in GWAS and gene-gene interaction
studies. It discusses in some details the methods involved to impute data for a
genome wide interaction scan. It then discusses the results obtained and the
fine-mapping of regions by using imputed data. It also discusses the presence of
multiple signals in the HLA region of Chromosome 6 for Rheumatoid Arthritis
and Type 1 diabetes.

Chapter 6 discusses the complexities in studying the sex chromosomes, and

develops a novel way of modelling interactions with SNPs on the X-Chromosome
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by combining estimates from males and females in a fixed-effects meta-analysis.
This algorithm is then applied to the seven WTCCC diseases resulting in an inter-
action scan of chromosome X with each autosomal chromosome and interactions
within chromosome X.

Chapter 7 provides an overall summary of findings from all chapters and links
them to the original objectives. It then discusses limitations of methods used and

possible solutions. The chapter concludes with possible future research proposals.
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Chapter 2

Gene-gene Interactions

2.1 Introduction

Epistasis is the phenomenon under which the action of one gene is suppressed
by another gene. Knowledge of biochemistry and physiological genetics suggests
that epistasis, in some form or the other, definitely exists [Wright, 1980]. An
example of epistasis where the resultant phenotypes are obvious is the coat colour
of Labrador Retrievers. It is known that fur colour is a polygenic trait, and
is controlled by two different genes, or four different alleles. While one of the
genes controls fur colour, the other (epistatic gene) controls the expression of
the former. If an offspring receives at least one dominant allele (Black or “B”)
from the epistatic gene, then the fur colour is influenced by the dominant allele
of the former gene. The colour corresponds to the recessive allele (Brown or “b”)
otherwise. However, if the offspring receives homozygous recessive alleles (“ee”)
from the epistatic gene, then irrespective of alleles passed on from the first gene,

the coat colour is golden (Figure: 2.1).
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B- E- By B B- e bb ee

Figure 2.1: Epistasis causing change in fur colour in the Labrador breed of dog.
Here “B” stands for black, “b” stands for chocolate, “E” stands for ability to
express coat colour and “e” stands for inability to express dark coat colour.
The precise understanding of epistasis differs from one subject field to an-
other. William Bateson [William and Gregor, 1909] described epistasis as the
phenomenon which might be responsible for distortions from Mendelian segre-
gation ratios. Soon after, Sir Ronald Fisher [Fisher, 1918] described epistasis as
deviations from linear statistical models. Thus, it started being understood as a
phenomenon where one gene masks the effect of another [Phillips, 2008]. In more
modern times, with growing efforts to track epistatic effects, scientists often look
for statistical interactions and assume that it would imitate a real epistatic effect.
However in reality, quite often this is probably not true [Moore, 2005]. Biological
epistasis might not necessarily be traced using statistical interactions. The rela-
tionship between these two is not completely understood as yet [Cordell, 2002].
There have been some studies pertaining to this, but these have been more widely
investigated in smaller and simpler organisms like yeast [Tyler et al., 2009], where

conversion of the different epistatic pathways are more understandable.
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Biologically, epistasis is plausible because, quite often, this can be imagined
to be an alternative pathway to buffer against sudden mutations [Moore and
Williams, 2005]. This gives the species a certain amount of genetic stability and,
as explained later, the phenomenon also makes the underlying genetic design more
compact and versatile. Concepts like canalization and stabilizing selection, intro-
duced in evolutionary and developmental biology, help in explaining how epistasis
fits into the wider genetic architecture. Canalization was defined by Waddington
[Waddington, 1942] as a concept where genetic buffering leads to some stability in
complex developmental procedures in biological systems. In evolutionary biology
[Gibson and Wagner, 2000], canalization is a procedure that stabilizes phenotypes
against the forces of natural selection. Thus, even when there might be a few mu-
tations over several generations, the response of the complex biological pathways
would remain the same, and thus the phenotypes would not show substantial
changes. This is enabled by the presence of several dormant biological pathways,
which are activated when rare mutations or other adverse environmental effects
occur. Theoretical models suggest [Bryant and Meffert, 1993, Bryant et al., 1986,
Carson and Templeton, 1984, Goodnight, 1987, 1988, Tachida and Cockerham,
1989, Wade, 1992] that, in the presence of epistasis, population bottlenecks and
subdivision expose hidden networks which favour selection and hence allow rapid
adaptation to environmental changes. This ensures stability of the phenotypic
characteristics of a species and overall success in the natural selection process.
These inter-dependencies can be studied more easily in lower or simpler organisms
like yeast [Segre et al., 2005].

Moore [2005], Moore and Williams [2005] explain the difference between ge-

netical, biological and statistical epistasis, as reproduced in Figure 2.2. Genetical
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2.1 Introduction

and biological epistasis (jointly called physiological epistasis) occur at the level
of an individual. Physiological epistasis is a genotypic phenomenon, completely
independent of population parameters. Statistical epistasis, on the other hand, is
a population phenomenon, being dependent on the allele frequencies at the given
SNPs. Further, deviations from statistical epistasis are associated with only the
interaction genetic variance component, whereas physiological epistasis also con-
tributes to the additive or dominance (main effects) genetic variance components
[Cheverud and Routman, 1995, Crow and Kimura, 1970]. If, however, the vari-
ation between these two kinds of epistasis is very small, or absent, in a given
population, statistical epistasis cannot be observed. Hence it is essential that
all signals of statistical epistasis are replicated and then the potential functional
pathways are validated by laboratory based methods.

The merger of Mendelian and Darwinian theories created a new dawn for evo-
lutionary biology. Modern genetics is perhaps experiencing the beginning of a
new age, with the merger of biotechnology and population genetics. Producing
massive datasets is now substantially cheaper than ever before, and this is only
set to get cheaper, resulting in ever bigger datasets and slowly reaching a stage
with genome wide sequenced datasets. So far, this has only been possible for
much smaller organisms. Oliveri and Davidson’s [Oliveri and Davidson, 2004]
work on sea urchins, providing a gene network model for embryonic specifica-
tions provides some insight into the process of canalization, and hence epistasis.
Segre et al. [2005]’s study on yeast is perhaps a start to a new age, in terms
of systems-level analysis of epistasis. It was shown that modifications in genes
of one functional group affected genes in another. The perturbation of respi-

ratory genes was shown to aggravate glycolysis. These results challenge existing
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notions that epistasis usually pervades in genes of similar functional groups. Sim-
ilar studies in multiple model organisms would provide a much better platform
for future system level analysis in humans. It is perceivable, at this point, that
more fine scale scans of the human genome, combined with detailed information
from transcription networks, other biochemical pathways, and physiological sys-
tems, alongside environmental information, could all be described by complex
mathematical functions to describe the pathways affecting disease phenotypes.
However, experiments have shown that the effects of epistasis might not be
straight forward to identify in humans [Barker, 1979, Cheverud and Routman,
1995, Crow, 1987, 1979, Hedrick et al., 1978, Simmons and Crow, 1977]. Tra-
ditional techniques, such as family designs, have proved mostly unsuccessful in
trying to discern complex biological pathways involving epistasis [Falconer and
Mackay, 1996]. Despite suggestions of complex two-locus theoretical models
[Hastings, 1982, 1985, Karlin et al., 1970, 1975, Lewontin and Kojima, 1960],
and the promise of an explanation of phenotypic variance, the understanding of
the relationship between epistasis and phenotypes remains mostly incomplete.
It has been pointed out that epistasis could, indeed, account for a substan-
tial proportion of unexplained phenotypic variance [Carlborg and Haley, 2004,
Williams et al., 2004]. There has been plenty of evidence in recent years to
demonstrate the existence of two-locus or multi-locus epistasis in different species
[Albrechtsen et al., 2007, Coffey et al., 2004, Zee et al., 2002]. A proper under-
standing of these mechanisms seems vital in the next phase of GWAS. Not only
should this help in explaining missing heritability, but it should take us ever
closer to understanding the biological pathways of underlying complex diseases,

and hence speed up the process of the translation of these findings into clinical
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practice.

With increasing sample sizes, recent studies have uncovered some of the first
significant gene-gene interaction signals for human diseases [Hughes et al., 2012,
Strange et al., 2010]. In the case of psoriasis, evidence points to an interaction
between variants mapping to HLA-C and ERAPI. The former plays an impor-
tant role in MHC class 1 peptide processing and ERAP1 variants only affected
psoriasis susceptibility in the presence of the HLA-C risk allele.

This chapter introduces two popular tests of statistical interaction between a
pair of SNPs: the additive-additive and the ‘general” test. The former assumes
independence of the alleles within a SNP, whereas the latter does not. This leads
to differences in statistical power between the two tests under different models
of epistasis. Following this, I discuss existing strategies to identify gene-gene
interactions. However, most existing strategies either have sub-optimal statistical
power, or lack computational efficiency to be implemented on a genome wide
level, and in particular for exhaustive scans. We have then discussed the need for
interaction scans on the scale of the whole genome and the challenges in achieving

this.

2.2 Challenges and strategies for gene-gene in-
teraction testing

One major challenge in scanning for epistatic effects genome-wide is the sheer
amount of computational power required for all pair-wise combinations of SNPs.

Even if we were not to scan for higher order interactions, we may still have to
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perform almost squared amounts more than a regular main effects scan. Thus,
for 100 SNPs, we would have to perform 9900 regressions and for a million SNPs
we would have to perform close to 10'? regressions. Thus, a whole genome scan
for only two locus interactions would be a significant computational task. Thus,
alternative approaches appear necessary and have been proposed by several pa-
pers including Wu et al. [2010], Yang et al. [1999], Zhang et al. [2010a,b]. A
systematic comparison of some more realistic approaches has been carried out in
Cordell [2009].

A second challenge is correction for multiple testing - in a two locus scan of
one million SNPs we perform 10'? regressions, for which we need to control the
type 1 error rate. One approach is to make use of a Bonferroni correction, which
would correspond to a genome-wide significance threshold of p < 5 x 107, The
Bonferroni correction is extremely conservative, since it assumes all tests to be
independent which is unlikely to be true here because: (i) genotypes at some
SNPs will be correlated because of LD; and (ii) each SNP is involved in multiple
interaction tests with other SNPs. Alternatively, permutations can be used to de-
termine the empirical distribution of test statistics [Chapman and Clayton, 2007],

although this is computationally infeasible for gene-gene interaction studies.

2.2.1 Generalised Linear models (GLM)

Testing for interaction involving two or more variants can be implemented in a
variety of methods. Regression models tend to be a widely used tool for this and
have advantages in terms of being able to specify the interaction model in various

forms. The nature of the response function is different depending on whether the
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phenotype is continuous or binary (as discussed in Chapter 1).

2.2.1.1 Additive-additive interaction test

In the case of an additive-additive interaction test, the following GLM could be

used to model two locus interactions, equation (2.1).

9(y) = Bo + Barxar + Bastaz + Baras®aiTas (2.1)

where, g(y) is the linear predictor for the disease phenotype, y, 41 and x4
are the coded additive genotypes of the two SNPs as defined in 1.5.1.4, and the
Bs are the corresponding regression coefficients. In the absence of any interaction

effects, equation (2.1) would be reduced to a main effects model, equation (2.2).

9(y) = Bo + Barzar + BazTas (2.2)

The log-likelihood of the main effects model (2.2) can be compared against
that of the interaction model (2.1), resulting in a one degree of freedom chi-

squared test of the additive-additive interaction component.

2.2.1.2 General interaction test

The general interaction test allows for deviations from additivity both within and
between variants. Thus for a two-locus test, there would be four interaction terms

in the saturated model.
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9(y) = Po+ Ba,xa, + Bp,xp, + Ba,Ta, + BT, + Bay4,T4,T A,

+ Ba Dy A, TDy + By AsTDy T A, + BDyDyT Dy T Dy (2.3)

In this expression, x 41 and x 4o correspond to the additive main effects of the
SNPs as defined in section 2.2.1.1, and xp, and xp, correspond to dominance
main effects. Here, when the genotype is homozygous zp, = —0.5, and when the
genotype is heterozygous xp, = 0.5. The parameters 34, and Bp, are the coeffi-
cients of the additive and dominance main effects respectively, and B4, 4,, B4,D,,
Bp, 4, and Bp, p, are the coefficients corresponding to the different interaction ef-
fects ("additive x additive”, “dominance x additive”, “dominance x additive”,
“dominance x dominance”) respectively. In the absence of any interaction ef-
fects, equation(2.3) would be reduced to a main effects model. The saturated
model would then be tested against a model with only main effects and of the

form (2.4).

9(y) = Bo + Ba,xa, + Bp,Tp, + Ba,xa, + Bp,7p, (2.4)

The log-likelihood of the mean effects model (2.4) can be compared to that
of the interaction model (2.3), resulting in a four degree of freedom chi-squared

test of interaction, encompassing additive and dominance effects.

2.2.1.3 Case only study

A powerful way to conduct interaction studies is a “case only” approach [Piegorsch

et al., 1994, Weinberg and Umbach, 2000, Yang et al., 1999]. This method works
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on the principle that the interaction term in a GLM would correspond to the
relationship between the phenotype and relevant explanatory variables within
the population represented by cases. Thus, a case only test of interaction is
conducted by testing a null hypothesis of no association between genotypes or
alleles at the two loci (for a two-locus interaction). This test can be conducted
by applying a chi-squared test of association to the genotypes (for a four degrees
of freedom test, equivalent to the general interaction test) or alleles (for a one
degree of freedom test, equivalent to the additive-additive interaction test). A
logistic or multinomial regression model could also be used in a GLM setting.

A key assumption of this method is that of no correlation between the geno-
types in the population. Thus, if the genotype variables are close to each other
(and thus have strong LD), or are correlated for any other reason, a case only
interaction test is not appropriate. One could conduct a correlation of genotypes
in the general population and then select pairs of SNPs where a case-only or
case-control approach is more suitable. However, [Mukherjee et al., 2008] points
out that such a strategy is likely to give biased results.

Zhao et al. [2006] suggest a method where the difference between the inter-
locus allelic association between cases and controls is used to test for interaction.
This was initially suggested by [Hoh and Ott, 2003]. Zhao et al. [2006] showed
this method is more powerful than a four degrees of freedom interaction test in
a logistic regression. It is likely that the power difference could be explained by
the difference in the degrees of freedom of the tests. Mukherjee and Chatterjee
[2008], Mukherjee et al. [2008] proposed an empirical Bayes procedure which
uses a weighted average of the case-control and case-only statistics to test for

interaction. This test benefits from the higher statistical power of a case-only
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test of interaction. Further, it takes into account information from the controls

enabling estimation of marginal effects.

2.2.1.4 Testing for association allowing for interaction

Some researchers have focussed on studying trait associations after accounting
for interaction between variants or with environmental factors. This test has
been hypothesised as a joint test in Kraft et al. [2007]. However, if no statisti-
cally significant interaction effects exist then this strategy will be less powerful
than a traditional single variant test of association. Kraft et al. [2007] demon-
strated this strategy is optimal for testing single variant associations compared
to many realistic theoretical models. However, a case-only analysis can be more
powerful for interaction testing [Piegorsch et al., 1994, Weinberg and Umbach,
2000, Yang et al., 1999]. Chapman and Clayton [2007] suggested a “hybrid”
strategy which combined a case-control main effects model with a case-only in-
teraction model. This strategy assumes the existence of a factor which would
interact with the locus of interest. In the absence of such a factor, an average
over all likely interactions is used. Ferreira [2010], Ferreira and Marchini [2011]
suggests a bayesian approach to conduct such an analysis implemented in the BIA
software (www.stats.ox.ac.uk/~marchini/software/gwas/bia.html). An al-
ternative to averaging over all models was suggested by Chapman and Clayton
[2007], where the joint test was conducted on a set of potentially interacting
loci and the maximum of the computed values was tested using a permutation
method. However, given the computational burden, such methods are likely to
need large computational resources (and probably infeasible) on the scale of the

whole-genome.
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2.2.1.5 Two stage two locus methods

Marchini et al. [2005] describe methods to identify epistatic effects on a genome
wide scale. They further show the feasibility of such studies for up to a few
hundred thousand SNPs at a time, and demonstrate that, when interaction effects
truly exist, such studies are more powerful, even after correcting for multiple
testing, than traditional approaches that look for main effects only.

However, Marchini et al. [2005] only looked into a few of the many possible
epistatic effects, as pointed out by Evans et al. [2006]. All of the models con-
sidered had a strong marginal effect, thus ruling out the possibility of looking
for interacting loci with very small marginal effects. In such situations, single
locus scans would not be very successful and an exhaustive search for all possible
interactions would be required. Evans et al. [2006] compare the performance of
three different strategies for GWAS, using a wide range of epistatic models from

Hallgrmsdttir and Yuster [2008]. The three approaches compared are:

e Main effects only scan. Ignores interactions, reducing computational
burden. However, in the presence of interactions without marginal effects,

this approach turns out to be the least powerful.

e Exhaustive scan. An exhaustive scan will consider all two locus interac-
tions and can be computationally expensive for a modern GWAS. Further,
given the large number of tests that will have to be performed, multiple
testing corrections can reduce statistical power. This strategy is however

the most powerful method in the presence of interactions.

e Two stage scan. This method scans for the main effects at stage one and

then checks for interactions between the significant main effects at stage
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two. Thus it misses out on interactions where the main effects are too weak
to be detected. This method is not as powerful as the exhaustive scan, but
is substantially more efficient computationally. It has a further advantage
of conducting far fewer tests, and thus the multiple comparison correction

has less impact on the statistical power.

Depending on the underlying epistatic model, the two-stage scan could be
almost as powerful as the exhaustive scan. However, in the absence of strong

marginal effects, the exhaustive two-locus scan will be most powerful.

2.2.1.6 Higher-order interactions

It is straight forward to extend the GLM to allow for higher-order interaction
terms. However, an exhaustive search would involve searching through all possi-
ble higher order interactions. This would increase the number of tests exponen-
tially and also increase the computational time. Since even a two-way exhaustive
interaction scan poses substantial computational burden, identifying higher or-
der interactions would be impractical in a genome wide setting. Hence, two stage
strategies have been suggested by multiple researchers [Hoh et al., 2000, Marchini
et al., 2005, Millstein et al., 2009]. Here all loci which pass a single locus signifi-
cance threshold are passed on to a second stage where higher order interactions
are scanned. However, if a locus does not have a significant main effect, it would
be dropped from interaction analysis, and would be missed in the second stage.

Besides the two-stage methods, some machine learning strategies are available
which reduce the dimensionality of the problem without restricting loci with non-
significant marginal effects. Algorithms like ReliefF and random forests will be

discussed in section 2.2.2. Existing biological insights could also be used to reduce
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the search space for interactions. Bochdanovits et al. [2008] used information
from co-adapting mammalian loci to look for interacting SNPs in humans. Emily
et al. [2009] used their existing knowledge of biological networks to reduce the
number of interactions by a factor of 107 in analysing genotype data from WTCCC

[Wellcome Trust Case Control Consortium, 2007].

2.2.1.7 Other approaches

Yang et al. [2008] suggested a partitioning method using chi-squared values from
the approach of Zhao et al. [2006]. In the absence of marginal effects this method
was more powerful than a GLM. Chanda et al. [2007], Dong et al. [2007], Kang
et al. [2008], Moore et al. [2006] suggest entropy and information theory based
methods are equivalent to GLM based methods given their conditional probability
statements, but are not necessarily better performing [Zwick, 2004].

Ljungberg et al. [2004] introduces a global optimisation algorithm DIRECT
which is able to test for two or three quantitative trait loci (QTL). Authors
have suggested this is more efficient than traditional exhaustive search routines.
Struchalin et al. [2010] proposes a variance heterogeneity analysis to identify
potentially interacting loci. The algorithm has been implemented in an R package
called "VariABEL’ [Struchalin et al., 2012]. An application of this method can

be found in Par et al. [2010].

2.2.2 Data mining and related methods

Traditional regression modelling has limitations in exploring non-linear patterns
or higher order interactions, owing to sparseness in limited sample sizes [McKin-

ney et al., 2006, Moore and Williams, 2002, Ritchie et al., 2001]. Machine learning
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or data mining methods often perform better than traditional linear models in
such situations. Rather than scanning through all possible interactions, data min-
ing approaches can step through possible models in a computationally efficient
way. In many cases, the two approaches can be equivalent and cross-validation
is commonly used in both methods to avoid over-fitting problems.

Data mining methods can struggle with incomplete data or imbalanced case-
control designs [Velez et al., 2007]. Further, in the presence of collinearity (cor-
related predictor variables - for example, LD between SNPs) many data mining
methods can overestimate the amount of variance explained in the phenotype.
Traditional regression methods have been able to address these issues in many
ways, one of them being penalised regression [Copas, 1983, Hastie et al., 2005].
Applications of such methods in genetics can be found in Lee and Silvapulle [1988]
and [Le Cessie and Van Houwelingen, 1992], where penalised logistic regression
was used. Efron et al. [2004] applied least-angle regression to identify gene-gene

interactions for a case-control design.

2.2.2.1 Recursive partitioning methods

Recursive partitioning approaches have been demonstrated to work as an alter-
native to traditional regression methods in deciphering disease linked marginal
or interaction effects [Culverhouse et al., 2004, Nelson et al., 2001, Zhang et al.,
2000]. They are a hybrid of classification and regression trees [Breiman, 1993].
These methods map genotypes to the disease phenotypes using graphical tools,
for example, an inverse tree like structure. Each node of such a tree would repre-
sent a genotype, and further sub-branches would report genotypes at other SNPs

which maximise the split between the proportion of cases and controls. Each
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branch of a tree is split, based on how well the predictor variable is able to max-
imise a difference metric (gini-coefficient for example) of the cases and controls
[Bastone et al., 2005, Breiman, 1993]. The path created by each branch represents
a set of genotypes which best explains the differences between cases and controls
at the “mother” node. The recursive splitting is stopped when no further gains
in the difference metric is observed, when all individuals in a node belong to the
same disease status (all cases or all controls), or when a threshold of the difference
metric is achieved. In the interest of having a parsimonious model, it is sensible
to prune the tree at this stage. This can be achieved by penalising every extra
branch split, or thresholding the number of splits desired.

With the introduction of an “ensemble” of trees, substantial improvements
can be noticed. Random forest methods have been designed for this purpose
[Breiman, 2001], and have been applied with success in some genetic studies
[Bureau et al., 2005, Lunetta et al., 2004]. The main advantage of random forests
is the ability to generate a hierarchical structure of SNPs, categorised by the
amount of impact they have. This helps understand multi-way relationships
better than more traditional non-data mining methods.

Random forests can be implemented as a fast algorithm with built-in parallel
computational capabilities. In weighing the relative importance of SNPs, random
sets of predictors are allocated to each branch, and many such branches (trees) can
be computed in parallel. The final outcome of the analysis will almost certainly
depend on the size of allocations, extent of parallel processing and the nature of
the statistical test used to classify SNPs. To examine the sensitivity of the above
choices, the analysis should be run several times and the differences of each run

should be evaluated carefully.
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These methods do not explicitly account for interaction, but possible interac-
tions are included within SNPs included in each branch. Thus, in essence, they
search for associations after accounting for interactions. However, given that the
initial partition is performed on main effects, and subsequent partitions are con-
ditional on previous main effects, interactions without large marginal effects are

likely to be missed [McKinney et al., 2009].

2.2.2.2 Multifactor Dimensionality Reduction method

Inspired by a previously suggested method in Nelson et al. [2001], Ritchie et al.
[2001] suggested a multi-factor dimensionality reduction (MDR) procedure, which
identifies combinations of multiple loci and environmental factors that together
affect a given disease phenotype. They suggest a method to identify a subset of
SNPs, combinations of which would influence the disease phenotype. The MDR
method does not assume the presence of any underlying standard theoretical
distributions or inheritance models, and could be used for both case-control or
family design studies. The procedure was able to show reasonable power in picking
up two locus interactions in a relatively small simulated dataset. Application to
a real life sporadic breast cancer dataset revealed a four locus interaction effect,
although this has not been replicated.

However, Ritchie et al. [2001] use a binary classification of genotypes based on
the ratio of phenotype values between the cases and controls. This immediately
takes away a lot of information offered by the variance of genotypes. If the
“spread” of cases and controls in a subset is similar to that in the entire sample,
or perhaps if the number of cases or controls is quite small for the subset, the

possibility of having multiple false positive or negative results cannot be ruled out.
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2.2 Challenges and strategies for gene-gene interaction testing

To try to resolve this issue, Chung et al. [2007] propose a new “odds ratio” based
approach to the MDR, referred to as OR-MDR. This makes sure that, rather
than a binary classification of risk, there is a sequence of multi-locus combination
groups, each with an attached quantitative risk factor, from the highest to the
lowest risk groups. This method also provides a confidence interval, thereby
assuring the level of statistical uncertainty in the respective risk groups. However,
for relatively small samples, or perhaps for some loci with low allele frequencies,
there could be some empty cells, which cannot be allocated to a risk group.

Lee et al. [2007] suggest a log linear model based modification(LM-MDR) to
the above algorithm to estimate frequencies of the missing cells. A saturated
form of this model is a special case and is equivalent to the MDR and OR-MDR
methods. The unsaturated model always has less mean square error than the
saturated model. Even if there were some extra bias, a smaller variance value
makes it preferable compared to the saturated model or the MDR method. When
there is high-order epistasis, both of these methods have similar levels of power.
However, the LM-MDR works better in all other cases. This algorithm may still
have problems for estimating cell frequencies when multiple loci are considered
together. It has also not been tested in really large datasets, and it remains to

be seen whether it is computationally feasible to run with millions of SNPs.

2.2.2.3 ReliefF, Tuned ReliefF and evaporative cooling

Tuned ReliefF [Moore and White, 2007], and its predecessor ReliefF [Moore et al.,
2006], are filtering algorithms which compute distance metrics between individu-
als, using genome wide genetic similarity, within and across the phenotype classes.

For a given predictor variable (here a SNP), the difference in value (number of
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2.2 Challenges and strategies for gene-gene interaction testing

alleles) between pairs of individuals are weighted negatively and positively, for
within and across phenotype groups, respectively. These measures are used to
construct an importance measure for the variable. This method can be scaled for
large numbers of variables and individuals. However, ReliefF is likely to be less
powerful in presence of large numbers of genetic variants which do not explain the
phenotype [McKinney et al., 2009]. This has prompted the development of “evap-
orative cooling” [McKinney et al., 2007, 2009], which combines the strengths of

ReliefFF and random forest methods.

2.2.3 Bayesian model selection approaches

A range of bayesian techniques have been developed to identify associated loci,
and interactions between them, which together best predict complex phenotypes
[Gelman et al., 2003]. Bayesian methods differ from frequentist (non-bayesian)
methods by hypothesising a prior distribution for the parameters to be estimated.
In a frequentist setting, the absence of a prior equates to hypothesising a “uni-
form” prior, which can be a compromise on statistical power if some information
is already available on the distribution of the parameter in question. The product
of the prior distribution and the likelihood of the data enables the deduction of the
posterior distribution. If the posterior distribution does not belong to the same
family as the prior distribution (not conjugate prior) then Markov Chain Monte
Carlo (MCMC) based approach can be implemented to estimate the parameters
of the posterior distribution, but can be computationally expensive.

A Bayesian version of stepwise regression was proposed by Lunn et al. [2006]

and implemented in the software WinBUGS [Lunn et al., 2000]. The method

52



2.3 Chapter Summary

was designed for main effects identification, but can be extended to look for
interactions. However, owing to computational limitations, this process is only
able to look at a few hundred loci in each run. This makes it less scalable for

large scale interaction scans.

2.2.3.1 Bayesian epistasis association mapping

Bayesian epistasis association mapping (BEAM) is an MCMC approach designed
to detect interacting and non-interacting loci associated with a phenotype [Zhang
and Liu, 2007]. This method classifies all SNPs into three groups: those with no
association with the phenotype, those with main effect associations, and those
which are part of a model with interacting alleles. Given the prior distribution
of group membership of markers, and the prior for regression parameters given
group membership, a posterior distribution is generated for the parameter which
are estimated using an MCMC algorithm.

BEAM is unable to handle large sample sizes (5000 and above), and the
large numbers of SNPs (500k-1000k) that are commonly used in modern GWAS.
Further, LD between multiple variants is not accounted for, suggesting a subset
of all SNPs found in a modern genotyping array should be used such that they

are independent of each other.

2.3 Chapter Summary

This chapter introduced the concept of epistasis and elaborated on its relationship
with statistical gene-gene interaction. It then established the need for studying

statistical interactions and the challenges in doing so. A wide range of meth-
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2.3 Chapter Summary

ods are available to conduct gene-gene interactions, many of which have been
discussed. These methods very often involve a trade off between computational
burden and statistical power. There are several limitations in scanning for inter-
action signals in modern GWAS datasets, some of which have been discussed.
The following chapter discusses “Coverage and Power of gene-gene interaction
tests”. It compares the performance of a general genotypic interaction test against
an additive-additive interaction test in a GLM framework using simulated data.

It further discusses the impact of considering LD in these simulations.
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Chapter 3

Coverage and Power of gene-gene

interaction tests

3.1 Introduction

GWAS have been able to successfully identify hundreds of loci which are associ-
ated with diseases including Crohn’s disease and type 2 diabetes. However, when
the main effects of SNPs at these loci are used to explain the phenotypic variance,
it only explains a small fraction of heritability. Regression models, accounting
for interaction effects, might identify additional loci and increase the amount of
explained phenotypic variance. However, at present there are formidable statis-
tical and computational challenges with performing such studies. A systematic
approach to deal with these issues and account for interaction effects seems essen-
tial. Analysing the power and relative efficiencies of different tests under varying
models is a required first step, and is the challenge addressed in this chapter.

The power of a test is defined as the probability of detecting an effect, given
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3.1 Introduction

that it actually exists, at a pre-determined significance threshold. Formally, it is
defined as the probability of rejecting the null hypothesis, when the alternative
hypothesis is true.

Depending on the nature of the test used and the underlying model relating
genotypes to phenotype, the power of an interaction test can be affected by various
factors. In general, we would like to optimize the power by controlling as many
of these factors as possible. For a given significance threshold, power depends
on sample size, the size of the genetic effect in question, allele frequencies, and
properties of the statistical test, amongst other factors. In present day GWAS,
given the huge sample sizes and carefully developed quality control methods, we
have been able to achieve very good levels of power to detect main effects for
common variants. However, even with their large sample sizes, it is not clear that
the same will be true for genome-wide interaction scans.

In this chapter, I carry out detailed simulations to study the impact of genetic
effect size, MAF, and underlying interaction models, on the power to detect inter-
actions between SNPs with statistical tests in a GLM framework [Bhattacharya
and Morris, 2009]. In the process of a genome wide scan for the main effects, the
most powerful approach is to perform additive tests, unless there is extreme dom-
inance [Wellcome Trust Case Control Consortium, 2007]. However for two-locus
interaction models, it still remains to be seen what is the most efficient approach,
and whether the decision would change under varying conditions. This should
eventually help in understanding the strategy which would aid power optimization

to detect interactions when performing a genome wide scan.
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3.2 Models of interaction

3.2 Models of interaction

The nature in which SNPs at loci marginally affect the phenotype in question
can be assumed to be of two kinds. If the effect of the heterozygous genotype
is exactly between the two homozygotes, the effect is “additive”. However, any
deviation from this state of ‘additivity’ is referred to as “dominance”.

I have considered a number of theoretical models of two-locus interaction:
“simple additive”, “simple dominant”, “additive-additive”, “dominance-dominance”,
“pure additive”, “pure dominance” and “recessive-recessive”. The “simple addi-
tive” and “simple dominant” models exhibit additive and dominance main effects
across the two loci but no interaction. The “additive-additive” model exhibits
interaction such that presence of each additional “causal allele” causes a lin-
ear increase in the phenotype. The magnification of the phenotypic effect is
proportional to the total number of “causal alleles” present at both loci. The
“dominance-dominance” model exhibits interaction such that presence of one or
two “causal alleles” magnify the impact on the phenotype. There is no linear
relationship between the number of “causal alleles” and the phenotype. The
“pure-additive” and “pure-dominance” models have no marginal effects and ex-
hibit a magnification of phenotypic effect on the additive and dominance scales
respectively. The “recessive-recessive” model exhibits a dominance effect at both
loci. When one of the loci contains a recessive allele, the phenotype of the other

locus is hidden.
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3.2 Models of interaction

3.2.1 Data Simulation

Datasets were simulated for various combinations of MAF, proportion genetic
variance (\) explained by the pair of SNPs, and the underlying interaction models.
Interaction models in Table 3.1 were adopted from Marchini et al. [2005], Evans
et al. [2006] and Hallgrmsdttir and Yuster [2008]. I further assumed that the two

‘causal’ SNPs are not in LD with each other.

Table 3.1: Theoretical models of interaction between two loci. For a given model
and combination of genotypes, the mean of the corresponding quantitative phe-
notypic trait are represented in the matrices (as explained in Table 3.2).

Locus B
Interaction Model Locus A | BB Bb bb
AA +2 +1 40
Simple additive no epistasis (additive main effects) Aa +1 40 -1
aa +0 -1 -2
AA +2 +2 40
Simple dominant no epistasis (dominance main effects) | Aa +2 +2 40
aa +0 40 -2
AA +3 +1 -1
Additive-additive epistasis Aa +1 40 -1
aa -1 -1 -1
AA +3 +3 -1
Dominant-dominant epistasis Aa +3 +3 -1
aa -1 -1 -1
AA +1 40 -1
Pure additive epistasis Aa +0 40 +0
aa -1 +0 +1
AA +1 -2 +1
Pure dominance epistasis Aa -2 44 -2
aa +1 -2 41
AA +3 -1 -1
Recessive-recessive epistasis Aa -1 -1 -1
aa -1 -1 -1

For given allele frequencies, genotypes at two SNPs were simulated under

o8



3.2 Models of interaction

HWE for 1000 individuals. In order to simulate a continuous trait, the popu-
lation trait mean for each combination of genotypes was specified (Table 3.1).
Underlying interaction models of different kinds (Table 3.1) can each be repre-
sented by Table 3.2.

Table 3.2: Mean phenotypic responses for combination of genotypes
Locus 2

BB Bb bb

AA | taaBB  1AABb  [hAAb

Aa HAaBB  HAaBb  MAabb

aa HaaBB  HaaBb  Haabb

Locus 1

The following relationships were used to calculate the overall mean phenotype,

M= Z Z fAifBj/h'j (3.1)

i={AA,Aa,aa} j={BB,Bb,bb}
where, f4, is the population frequency of genotype ¢ at locus A and, [, is
the population frequency of genotype j at locus B. For a given A and genetic
2

variance (0Z), the environmental variance (0%) could be calculated using the

following relationships. Genetic variance is given by,

o4 = Z Z(fAifBj X (pij — p1)?) (3.2)

Total Variance = og, + 0%, (3.3)

If X is the proportion of the total variance that is genetic, it follows that,

2
p— (3.4)

2 2
oo +0g

29



3.2 Models of interaction

1—A
= og = oz LY

(3.5)

Now, the continuous trait was simulated for each individual, given their sim-
ulated genotypes at the pair of SNPs. For a mean, pj, (Table 3.2) and variance,

o2, the phenotypic trait is simulated from a normal distribution,

yi ~ N, 03) (3.6)

This process was repeated 10,000 times for each combination of interaction

model, MAF (0.05 - 0.50), and A (0.01 - 0.05).

3.2.2 Incorporating LD

To incorporate LD, a marker SNP is generated based on the genotypes at an
assumed causal variant, for a given r? between them. To enable this, the following

probabilities needed to be calculated,

P(MaAMa|AA) = P(Ma|A)? (3.7)
P(Mamg|AA) = 2 x P(Ma|A) x P(mg]A) (3.8)
P(mgme|AA) = P(m,|A)° (3.9)

where, for example, P(M4|A) is the probability of having allele M4 at the

marker SNP, given the allele at the causal variant is A.
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3.2 Models of interaction

P(Ma]A) = %, (3.10)
P(Mala) = PO ;f;ﬂA)P(A) (3.11)
P(ma|A) = 1— P(M4|A) (3.12)
P(mgla) = 1— P(Mjyla) (3.13)

P(M4|A) is related to r? by the following,

7”2 _ {P<MAA) — P(MA)P<A)}2 (3 14)
P(Ma)P(A)(1 = P(M))(1 = P(A)) '

If we assume that the MAF at the causal variant and SNP are the same, and
we assume that alleles M, and A are positively correlated with each other, it

follows that:

{P(MaA) = P(Ma)P(A)}

= 3.15
VP (Ma)P(A)(1 = P(Ma))(1 - P(A))} (319)
Using P(My) = P(A),
_ {P(M4]A) — P(A)}
r= (- P(A) (3.16)
and hence that,
P(M4|A) = P(A)+r x (1 - P(A)) (3.17)

To incorporate LD, we can thus simulate genotypes at the marker SNP, con-

ditional on the simulated genotypes at the causal variant. For an r? value of 0,
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3.3 Results

the marker SNP and causal variant are independent, and we would expect power
equal to the type-I error rate. Conversely, for an r? value of 1, the causal variant
and marker SNP are completely correlated, and we would expect power equal to

that achieved for the causal variant itself.

3.2.3 Tests for interaction

An additive and a general interaction test were performed on the causal variants
and marker SNPs of each of the simulated datasets (tests are described in section
2.2.1.1 and section 2.2.1.2). The p-values corresponding to the interaction regres-
sion coefficients were recorded and considered significant for values less than the
traditional threshold of 0.05 (which is used here purely to compare tests).
Power was calculated using sets of 10, 000 p-values for the additive and general

interaction tests.

Number of p —values < «

power = (3.18)

Number of replicates

where, « is the significance threshold (= 0.05 here).

3.3 Results

Figure 3.1(a) plots power of an additive-additive and general interaction test of
the causal variants against A\, when the MAF at one locus is 0.2, MAF at other
locus is 0.5 and the underlying epistasis model is “pure additive”(Table 3.1).
In this case, the additive-additive interaction test is uniformly more powerful

than a general interaction test, which is not surprising given that this model of
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epistasis does not incorporate dominance. Figure 3.1(b) plots the power of an
additive-additive and general interaction test against A, when the MAF at one
locus is 0.1, MAF at the other locus is 0.5 and the underlying model is “pure
dominance” (Table 3.1). In this case, the general interaction test is uniformly
more powerful than an additive-additive interaction test, suggesting additional
degrees of freedom are required here to allow for dominance. Figure 3.1(c) plots
the power of an additive-additive and general interaction test against the MAF of
one locus, when the MAF at the other locus is fixed at 0.1, X is fixed at 2%, and
the underlying model is “pure additive” (Table 3.1). Here, the additive-additive
test seems more powerful across the range of A. Figure 3.1(d) plots the power of
an additive-additive and general interaction test against the MAF of one locus,
when MAF at the other is fixed at 0.05, A is fixed at 2% and the underlying
model is “pure dominance” (Table 3.1). In this case, the general interaction test
is almost always more powerful than an additive-additive interaction test unless
the MAF at both loci are very close to 0. In this scenario, the rare homozygous
genotypes are sparse, and dominance effects are difficult to estimate.

In general, there was an appreciation of power with an increase of MAF or \.
As expected, the additive-additive interaction test was more powerful when the
interaction in the underlying model did not include a substantial deviation from
additive-additive effects. The power of the general interaction test far exceeded
that of the additive-additive interaction test when the underlying model incor-
porated significant deviations from additivity. However, the “pure-interaction”
models considered in Figure 3.1 do not have marginal effects, and it is not clear
how likely they are to occur in reality. Figure 3.2 considers more ‘“realistic”

interaction models that incorporate some marginal effects.
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Figure 3.1: Power of additive-additive and general interaction tests against MAF
and A for “pure additive” and “pure dominance” theoretical interaction models.

Figure 3.2(a) plots power of an additive-additive and general interaction test

against A\, when the MAF at locus is 0.05, MAF at other locus is 0.2 and the

underlying model is “dominant-dominant” (Table 3.1). Here the additive-additive
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Model = Dominant — dominant,
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Figure 3.2: Power of additive-additive and general interaction tests against MAF
and A for “dominant-dominant” and “additive-additive” theoretical interaction

models.

interaction test is marginally more powerful than the general interaction test.

Figure 3.2(b) plots power of an additive-additive and general interaction test

against A\, when the MAF at one locus is 0.1, MAF at other locus is 0.5 and the
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underlying model is “additive-additive” (Table 3.1). Here the additive-additive
interaction test is consistently more powerful than the general interaction test.
Figure 3.2(c) plots the power of an additive-additive and general interaction test
against the MAF at one locus, when MAF at other locus is fixed at 0.3, the A
is fixed at 2% and the underlying model is “dominant-dominant” (Table 3.1). In
this case, the additive-additive interaction test is almost always more powerful
than a general interaction test, unless the MAF were close to 0.5. In such a case,
the general interaction test is slightly more powerful than an additive-additive
interaction test. Figure 3.2(d) plots the power of an additive-additive and general
interaction test against the MAF at one locus, when MAF at other locus is fixed
at 0.4, the X\ is fixed at 2% and the underlying model is “additive-additive”
(Table 3.1). In this case, the additive-additive interaction test is consistently

more powerful than a general interaction test.

Model = Recessive - recessive, Model = Recessive - recessive,
MAF at locus A =0.1 and MAF at locus B =0.5 MAF at locus A = 0.2, Proportion Genetic Variance = 0.02
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Figure 3.3: Power of additive-additive and general interaction tests against MAF
and A\ for a theoretical “recessive-recessive” interaction model.
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Figure 3.3(a) plots power of an additive-additive and general interaction test
against A\, when the MAF at one locus is 0.1, MAF at the other locus is 0.5 and the
underlying model is “recessive-recessive” (Table 3.1). Here the general interaction
test is substantially more powerful than the additive-additive interaction test.
Figure 3.3(b) plots the power of an additive-additive and general interaction test
against the MAF at one locus, when MAF at the other locus is fixed at 0.2, the
A is fixed at 2% and the underlying model is “recessive-recessive” (Table 3.1). In
this case, the additive-additive interaction test is almost always more powerful
than a general interaction test, unless the MAF were lesser than 10%.

Figures 3.4(a) and 3.4(b) plot the false positive rates of an additive-additive
and general interaction tests against A when the MAF at both loci is 0.3 and the
underlying models are “simple additive” or “simple dominant” respectively (Table
3.1). The additive-additive interaction test and general interaction test have the
same power and are equal to around 5%. Figures 3.4(c) and 3.4(d) plot the false
positive rare of an additive-additive and general interaction test against the MAF
at both loci, when the X is fixed at 2% and the underlying models are “simple
additive” and “simple dominant” respectively (Table 3.1). The additive-additive
interaction test and general interaction test have false positive rates similar to
the chosen « of the statistical tests (5%).

Next, I considered the impact of LD between causal variants and tested marker
SNPs. I focussed on cases where either one of the two interaction tests had
reached a statistical power greater than 90% and in particular cases where any
of the tests was significantly more powerful than the other. I have considered
specific combinations of MAF and ) for five theoretical models of epistasis.

Figure 3.5(a) plots the power of an additive-additive interaction test and a
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Figure 3.4: False positive rate (FPR) of additive-additive and general interaction
tests against MAF and A for theoretical “simple additive” and “simple dominant”
interaction models. These models have no epistasis and only have additive main
effects and dominance main effects respectively.

general interaction test against LD values (r?) of one of the loci, while fixing the

r? at the other loci (at 0.8). The MAF considered is 0.05 at both loci, A = 2%
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Figure 3.5: Impact of LD: Power against LD (r?), for specific cases of MAF and
A where either of the tests have achieved a reasonably large statistical power. We
have particularly focussed on cases where the general interaction test appeared
to be significantly more powerful than the additive-additive interaction test.

and an underlying “additive-additive” model. It shows that, unless the r? is very

low (< 0.1) the additive-additive interaction test performs better than the general
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interaction test.

Figure 3.5(b) plots the power of an additive-additive interaction test and a
general interaction test against LD values (r?) of one of the loci, while fixing the
r? at the other loci (at 0.8). The MAF considered is 0.05 at both loci, A = 2% and
an underlying “dominant-dominant” model. Similar to the “additive-additive”
model, unless the r? is very low (< 0.1) the additive-additive interaction test is
more powerful than the general interaction test.

Figure 3.5(c) plots the power of an additive-additive interaction test and a
general interaction test against LD values (r?) of one of the loci, while fixing the
r? at the other loci (at 0.8). The MAF considered is 0.5 at both loci, A = 2% and
an underlying “pure additive” model. The additive-additive interaction model is
uniformly more powerful than the general interaction test here.

Figure 3.5(d) plots the power of an additive-additive interaction test and a
general interaction test against LD values (r?) of one of the loci, while fixing the
r? at the other loci (at 0.8). The MAF considered is 0.1 at both loci, A = 2% and
an underlying “pure dominance” model. It shows that the general interaction
test is more powerful than the additive-additive interaction test only when the
r? values are more than around 0.7 (in this case), otherwise the additive-additive
interaction test is more powerful. Thus, if the causal SNPs are in strong LD with
the causal variants, and the underlying model deviated from additive-additive
interaction, the general interaction test would be more powerful.

Figure 3.6 plots the power of an additive-additive interaction test and a general
interaction test against LD values (r?) of one of the loci, while fixing the r? at
the other loci (at 0.8). The MAF considered is 0.2 at both loci, A = 2% and

an underlying “recessive-recessive” model. Here, the general interaction test is
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Model = Recessive - recessive,
Allele frequency of locus A and locus B = 0.2,
LD at locus A= 0.8, Proportion Genetic variance = 0.02
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Figure 3.6: Impact of LD in a “recessive-recessive” model: Power against
LD (r?), for MAF of 0.02 at both loci and A of 2%. Here, the general interaction
is significantly more powerful.

uniformly more powerful than the additive-additive interaction test for a wide
range of r? values.

I inspected several thousand different plots in total, taking into account all
combinations of the 7 models, 10 different MAF at the two loci and 10 different
values of A. On top of this, we also considered 10 different values of LD(measured
by r2) for 5 different theoretical models. Irrespective of the underlying A or MAF,
as the r? between the causal variant and marker SNP gets lower, the power to

detect deviations from additivity is reduced. In general, for more “realistic”
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interaction models i.e. those incorporating some degree of additivity within and
across loci, the additive-additive interaction test was more powerful than the
general interaction test. For situations where the general interaction test was
more powerful, the differences in power between the tests were minimal and the
difference reduced as LD decreases. We may thus conclude that, even when
there is substantial deviation from additive-additive interaction, as LD decreases
between causal variants and markers SNPs, the general interaction test becomes

less powerful than the additive-additive interaction test.

3.4 Discussion

An additive-additive interaction model is a trade off between fitting a smaller
number of parameters against fitting the more detailed model in the general
interaction test. From the simulations, we notice that, in the case of a “additive-
additive”, “pure additive” or “dominant-dominant” interaction model, the additive-
additive interaction test was more powerful than the general interaction test for al-
most all realistic conditions (Figure 3.1(a), 3.1(c), 3.2(a), 3.2(b), 3.2(c) & 3.2(d)).
In other words, as long as there were some marginal effects, and the deviation from
additive-additive interaction was not substantial, the additive-additive interaction
test was more powerful than the general interaction test. The additive-additive
model also appears to be more effective when the MAF is quite low, because of
sparsity of the minor alleles and hence difficulties in estimating dominance effects.
However, in the case of “pure dominance” and “recessive-recessive” models, a
general interaction test is substantially more powerful than an additive-additive

interaction test (Figure 3.1(b), 3.1(d), 3.3(a) & 3.3(b)). The difference was more
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pronounced for lower values of A\ and higher 7?2 values. The difference in power
between the dominance and additive-additive interaction tests were more pro-
nounced for certain combinations of MAF values. The strength of the general
interaction test seems to disappear if LD is incorporated into the simulations,
at least for the “pure dominance” model . With a decrease in LD between the
causal variants and the genotyped marker, the additive-additive interaction test
becomes more powerful than the general interaction test because dominance ef-
fects appear more additive, a phenomenon which has been well established for
marginal effects [Spencer et al., 2009]. The “recessive-recessive” model is the
only model where the additive-additive interaction test is less powerful than the
general interaction test even with the introduction of LD. However, the former
test is more powerful across a wider range of theoretical models.

The additive-additive interaction test picks up very little or no signal in ex-
treme interaction models. However, it is not clear how likely these models are to
exist in reality. Furthermore, as LD between the causal variant and marker SNP
weakens, the interaction effect appears to look more additive-additive in nature.

These simulations were performed assuming a quantitative disease trait, how-
ever for large sample sizes we should find similar principles hold for case-control
studies as well. These simulations used a sample of 1000 individuals, however
modern GWAS use much larger samples and hence we are unlikely to find a

reduction in power for even a case-control design.
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3.5 Chapter Summary

My simulations suggest that the additive-additive interaction test is generally
more powerful than the general interaction test over a range of realistic mod-
els. The next chapter develops a computationally efficient approach to perform
additive-additive interaction tests and applies it to a genome wide scan for seven
common complex disorders from the WTCCC [Wellcome Trust Case Control
Consortium, 2007], and obesity. The ideal approach is to conduct an exhaustive
two-locus scan, but this will pose a serious computational challenge with large
numbers of SNPs. In order to address such issues, I propose to apply a novel two

stage algorithm called “IntRapid”.
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Chapter 4

Genome wide scan for gene-gene

interactions

4.1 Introduction

There has been no universal agreement on the best way to test for gene-gene
interactions on a genome wide scale [Cordell, 2009]. As described in Chapter 2,
a wide variety of methods have been proposed, including the use of dimension
reduction methods [Ritchie et al.; 2001], and MCMC based approaches [Yi et al.,
2005]. Each has their own short comings, and we are perhaps far from developing
a convincing approach to conduct genome wide scans for statistical interactions
on a routine basis. One of the biggest challenges is that of a computational nature,
particularly for the large sample sizes required to detect the modest interaction
effects for complex traits and the large numbers of SNPs considered in GWAS. In
this chapter, I develop a computationally efficient approach to test for additive-

additive interactions on the scale of the whole genome [Bhattacharya et al., 2011].
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4.2 Rapid interaction testing

In response to the severe computational burden of fitting regression models for
all possible pairs of SNPs in a genome-wide scan, a faster and cruder method to
remove some of these combinations is essential. The PLINK software includes
a “fast-epistasis” algorithm which scans for gene-gene interactions in a compu-
tationally efficient manner [Purcell et al., 2007]. However, it has a number of

shortcomings which need addressing.

e The test is quite crude in the sense, it does not take into account the
underlying LD between a pair of SNPs and thereby on its own is not

reliable for an interaction test.

e The PLINK website states a traditional GLM based approach and the “fast-
epistasis” method generates “similar results”. However, as I have demon-
strated later, this is hardly the case. The “fast-epistasis” method generates
very many false-positive results and results in a serious compromise on

statistical power.

e The PLINK recommends using a 'reasonably liberal” threshold to screen
for pairs of SNPs before applying a formal GLM. However, no formalised
threshold has been suggested for the first stage and as such the impact on

statistical power and computational demand is not thoroughly discussed.
o “Fast-epistasis” only works on case-control designs.

e Covariates cannot be adjusted for.
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e PLINK reads entire datasets into memory and for large datasets this is

memory heavy and very often unworkable.

e If the volume of desired output is large PLINK would struggle or fail

owing to the way it has been written.

e [t is not easy to run a PLINK epistasis scan in parallel. There is no
seamless way to split a very large dataset and despatch them to remote

nodes.

e Thanks to many inefficiencies in the code it is not as efficient as it could

be.

I have tried to address all of the above limitations in my algorithm, Intrapid
which is a two-stage approach. Stage 1 uses the rapid, but crude, “fast-epistasis”
approach to identify pairs of SNPs for more detailed investigation in stage 2 by
means of an additive model in a GLM framework (as described in section 4.2.2). I
have performed simulations to formalise a threshold for stage 1 of the analysis to
optimise statistical power, which also saves vast amounts of computational time.
It can work with binary or quantitative traits and covariates can be accounted
for quite easily. There is the option of not loading the entire dataset in memory
and this allows the software to work on the dataset even when it is larger than
the memory available. Similarly, is the output is very large it can write it as and
when is ready, rather than save everything for the end. Intrapid has been written
to access parts of a very large dataset very quickly, split it (if necessary) and then
work with it in a remote node to minimise network and memory load. Profiling

the code helped identify some key inefficiencies in the existing algorithm. I have
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used some mapping methods to speed up the computation. This has increased
the efficiency by around ten fold (more details in 4.3).

I thus implement a two step approach, where stage 1 is used to prune down
the total number of interaction pathways which need to be investigated in a
computationally efficient manner. Stage 2 implements a traditional GLM using
pairs of SNPs selected in stage 1 as its explanatory variables. The method does

not require a lot of memory and can easily be run in parallel.

4.2.1 Stage 1

The PLINK “fast epistasis” method is applicable to case-control studies. For a
quantitative trait, I use the median of the phenotype to dichotomize individuals
as “pseudo-cases” and “pseudo-controls”. However, if there are covariates to be
accounted for, I fit a GLM with the covariates and extract the residuals to use it
as a “pseudo-phenotype”.

Specifically, pseudo case control status is given by,

0 if ¥i < Ymed,
L ¥ > Ymed

where, 9,,.q is the median of the quantitative trait and y; is the phenotype of
the " individual.

For a sample of n individuals, and a given pair of SNPs, let us assume that the
first has three genotypes (AA, Aa and aa) and the second has three genotypes
(BB, Bb and bb). If, n;;; were the number of individuals with ij genotype at the
first SNP and kl genotype at the second SNP, then Table 4.1 gives the contingency

table for the pair of SNPs in question.
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Table 4.1: Contingency table for a pair of SNPs

SNP 1
NP 2
5 AX  [Aa  [aa | Totl
BB NAABB | MAaBB | MaaBB | M..BB
Bb NAABb | MAaBb | MaaBb | M..Bb
bb NAAby | MAabb | Taabb | T.bb
Total | nga. NAq.2 | Naa. n

The genotype frequency table, 4.1, may then be transformed into an allele

frequency table (4.2),

Table 4.2: Contingency table for a pair of alleles

Locus 1

Locus 2 N ‘ A

B w | x

b y |z

where,

w = 4ngaB + 2N4aBB + 21448y + N AaBb,
T = 4NgeBB + 2N4aBB + 2NaaBb + NAABS,
y = 4Anaaw + 2n a0 + 204486 + NAaaBs,
Z = Angepb + 2N aabh + 2MaaBb + N AGBb

The odds ratio (OR) for a 2 x 2 table of this kind is then calculated separately

for the cases and controls.

w X z

OR =
T Xy

and the corresponding variance could be estimated by,
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Var(log(OR)) = (% + é + ?% + %) (4.2)

However, [Ueki and Cordell, 2012] points out the above estimate (equation

4.2) is strictly speaking incorrect and results in a more conservative test. The

true asymptotic variance is in fact slightly smaller. For the sake of simplicity I

have continued to use the variance estimate in equation 4.2, particularly because
the differences are very small.

If OR for the cases is OR.4.s and that for the controls is OR.ontrois, the

statistic used for testing differences between the ORs is,

_ log(ORcaseS> - log(ORcontmlS)
V' Var(1og(OReuses)) + Var(log(OReontrols))

(4.3)

Under a model of no interaction between the SNPs, we should expect the same
distribution of alleles at the two SNPs with respect to phenotype, and hence no
difference in the OR between cases and controls. The Z-statistic thus provides a

test of interaction between the two SNPs.

4.2.2 Stage 2

Pairs of SNPs are chosen from stage 1 using a p-value threshold (a«gaprp) and
carried forward to more detailed testing in stage 2. The choice of agraprp de-
termines the number of interactions performed in stage 2. Choosing a stringent
threshold minimises computational burden, but may miss ‘true’ interactions not
identified in the rapid testing stage. A GLM assuming an underlying additive
model was applied to these pairs of SNPs (equation 2.1) as described in section

2.2.1.1. A maximum likelihood ratio test was performed to compute the p-value
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corresponding to the interaction term.

4.3 Software development

One objective was to develop software which could be easily distributed to re-
searchers and used with standard desktop PCs. Many research groups do not
have access to large scale computing facilities, meaning that implementation of
an exhaustive interaction scan is infeasible. A massive reduction in computing
time and temporary memory requirements would enable researchers to conduct
such analysis on their regular laptops or desktops in a reasonable amount of time.
I designed and programmed the ‘IntRapid’ software to implement the computa-
tionally efficient two-stage approach described in section 4.2. It has managed to
address a lot of the computational issues present in PLINK.

C++ was chosen as the language to write the program. Standard regression
routines were used from the GNU scientific libraries. A program was created
which could convert standard format files into that needed for the software. The
converter also allows some basic quality control filters, including removal of SNPs
with low MAF. In the case of quantitative traits, the converter further allows
adjustment of the phenotype for covariates, the residuals from which are used
in stage 1 analysis. Creating the contingency table for stage 1 (as described
in section 4.2.1) appeared to be particularly time consuming when I profiled
the code. In order to speed up the process, I created empty matrices and the
genotypic data (number of minor alleles in each location) were used as the matrix
indices to increment the cell counts. This made a dramatic difference to the speed

of computation.
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The regression scan was designed to be exhaustive in nature. However, given
the large size of possible datasets, I created a map index of each large file to allow
splitting, extraction and loading (map and split feature) of small sections of the
dataset for analysis, and then store the output files for each section. This feature
is not available in PLINK and makes a radical difference to the efficiency of data
extraction from very large files. The 'map and split feature’ is uses a triangular
grid to decide on dividing computational tasks and later accumulating outputs.
The software is able to make the processes memory efficient and irrespective of
the size of data provided the program should work seamlessly. When parallel
computing resources are available, 'IntRapid’ is able to run the entire routine in
parallel with minimal human interaction. Once the analysis is complete, the files
are merged using a simple routine, which results in the final output.

The process of breaking up the analysis is done carefully and with the objective
of optimizing computation time. While loading too much data in one go would
slow the process down, loading too little would mean the connection to read data
would be opened several times and thereby reduce the overall progress of the
analysis. No real effort was made to alter the default buffer mechanism of the
system. By assuming a RAM capability of about 2GB, the number of divisions
of the dataset would be noted. Two of all the possible combinations of these
chunks would be taken at a time and an index of jobs would then be formed.
This process is then fired off in a grid format. This optimizes the time of analysis
given the hardware of the computer. Some of the parameters could be defined by
the user, depending on the hardware systems of the computer in use. In absence
of an auto-grid engine a separate BASH or R script is required to fire the jobs

using PBS. The software is publicly available and can be freely downloaded from
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http://www.well.ox.ac.uk/INTRAPID/.

4.4 Simulations

A detailed simulation study was carried out to compare the power of “IntRapid”
and a traditional exhaustive GLM for testing interaction between SNPs in a
quantitative trait GWAS. Two interacting loci were simulated for 5000 individuals
in each dataset. The p-values corresponding to the additive-additive interaction
effect of the GLM were compared to a nominal threshold of p < 0.05 to evaluate
significance. I generated 1000 replicates of data for a given combination of model
parameters; epistatic model, causal allele frequency (CAF) and interaction effect
size (€).

I considered various theoretical epistatic models, “pure additive”, “additive-
additive”, “dominant-dominant” and “recessive-recessive”, for the simulations (as
described in Chapter 3). Each model was parametrized in terms of CAF at the
two causal SNPs, denoted by ¢; and ¢, and the interaction component (¢). For a
given model, these components were used to obtain the population trait values,
denoted by g, (Table 4.3) for each genotype combination jk.

The genotypes (G;; and Gj2) were generated based on the respective allele
frequency distributions and assuming HWE. For each population trait mean, /i
(Table 4.3) and the assumed common environmental variance (0% = 1), cor-
responding trait values were generated from a normal distribution. For each
dataset, stage 1 of the “IntRapid” method was applied and for various levels of
cut-off p-values (agaprp), pairs of SNPs were selected for more detailed analysis

in stage 2. When agaprp = 1, the “IntRapid” method is equivalent to an ex-
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4.4 Simulations

Table 4.3: Population mean trait values of theoretical epistasis models

Interaction Models: SNP 2
SNP 1 MM | Mm | mm
Pure additive MM oo = € to1 =0 fo2 = —€
Mm 10 =0 p1r =0 f12 =0
mim Moo = —€ p21 =0 Moo = €
Additive-additive MM | pogo=€¢—1 | pg1 = —0.5 fo2 = —€
Mm | p19 = —0.5 w11 =0 12 = 0.5
mm 20 = —€ po1 = 0.5 | pop =1+ ¢
Dominant-dominant MM foo =0 fo1 =0 o2 =0
Mm f10 =0 pi1 = € f12 = €
mm 20 = 0 f21 = € oo = €
Recessive-recessive MM foo =0 fo1 =0 o2 =0
Mm p10 =0 p11 =0 p12 =0
mm pi20 = 0 21 =0 oo = €

haustive linear regression search since all pairs of SNPs are carried forward for
detailed analysis in the GLM. The number of pairs of SNPs which were selected
for stage 2 and thereby the computation time could thus be controlled by chang-
ing agaprp. The p-values corresponding to the interaction term in the GLM,
performed in stage 2, were then compared against a nominal threshold of 107,
Power was calculated as the proportion of SNP pairs which are significant at this
threshold.

Figure 4.1(a) and 4.1(b) show that, for an “additive-additive” model, a max-
imum cut-off p-value of araprp = 107 in stage 1 results in very little or no
loss in power, compared to an exhaustive GLM. The results were very similar for
a “dominant-dominant” model (Figure 4.2(a) and 4.2(b)), “pure additive” or a
“recessive-recessive” model.

However, when the interaction effect is quite low, the resulting power would

be quite low irrespective of the method used. However, for all moderate sized
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Figure 4.1: Additive-additive model: Power levels for various cut off p-values
in stage 1 of “IntRapid”. Power at a nominal significance threshold of the in-
teraction p-value pgry < 10719 of the rapid interaction testing strategy for
an additive-additive two-locus model of association, with causal allele frequency
(CAF) of 50% at one SNP and 10% or 50% at the other. Power is presented as a
function of the additive-additive interaction component for a range of thresholds,
aprapID, for carrying forward pairs of SNPs from the rapid testing stage to the
GLM analysis framework. 85
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Figure 4.2: Dominant-dominant model: Power levels for various cut off p-
values in stage 1 of “IntRapid”. Power at a nominal significance threshold of the
interaction p-value pery < 10719, of the rapid interaction testing strategy for
an additive-additive two-locus model of association, with causal allele frequency
(CAF) of 50% at one SNP and 10% or 50% at the other. Power is presented as a
function of the additive-additive interaction component for a range of thresholds,
arapip, for carrying forward pairs of SNPs from the rapid testing stage to the
GLM analysis framework. 36
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interaction effects, a cut-off p-value of araprp = 107* in stage 1 would make
the results almost equivalent to the exhaustive GLM scans, irrespective of the

underlying theoretical epistatic model.

4.5 Application to GWAS data from the WTCCC

The WTCCC was set up to take advantage of the improvement in genotyping
technology to help understand the genetic architecture of seven common complex
diseases. Genotypic data were collected from more than 500, 000 sites of common
genetic variation (using the Affymetrix 500k chip) in approximately 2000 cases
of each disease and 3000 shared controls from the 1958 British Birth Cohort and
National Blood Service (Table 4.4).

For the 2000 T2D cases, body mass index (BMI) was also available to us
(through collaboration with Prof Mark McCarthy). BMI is measured as the ratio
of weight (in kilograms) and the square of height (in metres). Excess BMI, for
example BM T > 30, can be indicative of obesity which is a medical condition
where excessive deposition of body fat leads to increased health problems and
the likelihood of a reduced life expectancy. It is a growing problem worldwide
and perhaps particularly so in developed countries. The causes of obesity are
typically a combination of sedentary lifestyle, excessive intake of high calorie
food and genetic susceptibility. Obesity is often seen to be associated with other

common diseases such as type 2 diabetes and hypertension.
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Table 4.4: Disease cohorts, their abbreviations and calculated heritability in the
WTCCC study

Disease Cohorts with abbreviations Heritability in %
Bipolar disorder (BD) 80 - 90 [Craddock et al., 2005]
Coronary heart disease (CHD) 34 - 53 [Katzmarzyk et al., 2000]
Hypertension (HT) 31 - 68 [Jiet al., 2011]
Crohn’s disease (IBD) 50 - 60 [Sofaer, 1993]
Rheumatoid arthritis (RA) 53 - 65 [MacGregor et al., 2000]
Type 1 diabetes (T1D) 72 - 88 [Hyttinen et al., 2003]
Type 2 diabetes (T2D) 26 [Poulsen et al., 1999
Control Cohorts
1958 Birth Cohort (58C) -
UK Blood Service (UKBS) -
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4.5 Application to GWAS data from the WTCCC

4.5.1 Quality Control

In order to minimize the probability of finding false positives, I had to implement
strict quality control (QC) measures. I employed the same set of quality control
filters as published in the methods section of the WTCCC paper [Wellcome Trust
Case Control Consortium, 2007]. This ensured the minimization of false positive

signals in the final results. Specific details of the QC process are as follows:

High missing data rate per individual indicates low DNA quality. Thus,

individuals with missing data rates of > 3% were removed.

e Excessive heterozygosity suggests DNA contamination. Samples with het-

erozygosity rates of > 30% or < 23% were removed.

e Individuals with discrepancies between WTCCC information and external
identifying criteria, such as genotypes from another experiment, blood types

or incorrect disease status were removed.

e Individuals with non-European ancestry, as detected by means of multi-

dimensionality scaling, were removed.
e Duplicate or apparent related samples were removed.

e SNPs with a study wide missing rate of > 5% were removed. The threshold

was > 1% when the MAF was < 5%.
e SNPs with deviation of more than 1% from HWE were removed.

e SNPs with MAF of less than 5% were removed from further analysis to

avoid potential problems with sparse two-locus genotype counts.
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Table 4.6 reports the sample size and number of SNPs used for each of the eight

interaction scans. After filtering for individuals with large fractions of missing

SNPs, missing phenotypes and many other quality control measures, the remain-

ing sample size was short of 2000 for all diseases. Around 350k SNPs were left

for most diseases after all standard quality filtering processes. Table 4.6 further

reports the break up of the sample size into cases and controls and males and

females.

4.5.2 Implementation of interaction scans using IntRapid

I have applied the “IntRapid” software to the seven diseases and BMI.

Table 4.5: Time required to complete analysis on the Type 2 diabetes and Obesity
(as measured by BMI) samples depending on threshold p-value at stage 1 of the

“IntRapid” method.

T2D
araprp Threshold 107! 1072 1073 1074 107°
Time(secs) | 2.06 x 107 | 3.54 x 105 | 1.88 x 10° | 1.72 x 10% | 1.70 x 10°
# regressions | 7.66 x 109 | 7.45 x 10% | 7.18 x 107 | 6.89 x 10° | 6.60 x 10°
BMI
apraprp Threshold 1071 1072 1073 1074 107
Time(secs) | 1.21 x 107 | 2.44 x 10% | 1.52 x 10° | 1.43 x 10® | 1.42 x 108
# regressions | 4.31 x 10 | 4.14 x 10® | 4.05 x 107 | 3.88 x 10° | 3.69 x 10°

Using a significance threshold of 107 for agaprp would reduce computation
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time substantially (as detailed in Table 4.5). This holds true because of the small
fraction of SNP pairs which are carried over to Stage 2 of the process. Since only
a small fraction of the initial 75 billion regression models is actually computed,

there is approximately a 1000 times reduction in computation time.

4.5.3 Results

4.5.3.1 Disease phenotypes

Table 4.6: Sample sizes and number of SNPs used in the seven diseases

Diseases | Sample Size | Cases | Controls | Males | Females | Number of SNPs
BD 4806 1868 2938 2143 2663 357739
CHD 4864 1926 2938 2963 1901 357649
HT 4890 1952 2938 2126 2764 357640
IBD 4686 1748 2938 2221 2465 357898
RA 4798 1860 2938 1916 2882 357611
T1D 4901 1963 2938 2444 2457 357748
T2D 4862 1924 2938 2564 2298 357775

Informed by previous simulations (section 4.4), I imposed a stage 1 significance
threshold of agaprp < 107* for carrying forward pairs of SNPs in the more
detailed GLM framework. No pairs of SNPs met a Bonferroni correction for
multiple testing of all pairs of SNPs passing QC filters (approximately P < 7x10'3
depending on the disease). Table 4.7 presents lead SNPs for each disease at

each pair of loci demonstrating strong evidence for interaction (P < 107'°) in
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4.5 Application to GWAS data from the WTCCC

the second-stage GLM, together with p-values from the first stage rapid test.
Also presented are P-values for each SNP from a marginal single-locus test of
association from a GLM incorporating only an additive effect. The majority of
SNPs show no evidence of marginal association with disease, and hence would not
have been discovered through single-locus GWAS analysis under the assumption
of an additive effect in the log-odds ratio (hence were not previously reported by
the WTCCC).

The strongest signal of interaction in BD appeared between rs10510819 on
Chromosome 3 and rs4299909 on Chromosome 7, mapping near AQP1 (Table
4.7). Neither of these loci have been previously implicated in BD.

I selected all cases where the stage 2 p-value was lesser than or equal to 10—6
and plotted the -log10 p-values from Stage 1 (Figure 4.3) and Stage 2 (Figure 4.4)
across the genome. As can be noticed, the Stage 1 -log10 p-value result in several
false-positive signals. The red line corresponds to the approximate Bonferroni
corrected threshold of 107! and the blue line corresponds to a nominal threshold
of 1071% that I have used in this thesis.

When [ performed a ’smoothScatter’ plot using package ’graphics’ in R, the
levels of agreement between -logl0 p-values appeared to be quite strong for all
stage-2 p-values which are lesser than 1078 (Figure 4.5(a)). A plot of all -log10 p-
values show that the amount of linear agreement continues to be strong (Figure
4.5(b)), however several outliers can now be noticed. The Pearson’s product
moment correlation are around 0.52 and 0.89 in the two cases respectively.

I also considered the upper tail of a qgplot to illustrate the genome wide
distribution of stage 2 -logl0 p-values (Figure 4.6). It appears our test may have

been a little conservative, but there are no signals which substantially deviate
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Figure 4.3: Genome wide plot of interaction p-values from Stage 1 of IntRapid
in BD.
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Figure 4.4: Genome wide plot of interaction p-values from a GLM in BD.
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4.5 Application to GWAS data from the WTCCC

Stage-1 vs stage-2 -log10 p-values

Stage-2 p-values
9.0 9.5
!

8.5

Stage 1 p-values

(a) Plot of -log10 p-values in cases where p-values at Stage-
2 are lesser than 1078

Stage-1 vs stage-2 -log10 p-values

10
|

Stage-2 -log10 p-values
4
-‘i.

T T T T
5 10 15 20

Stage 1 -log10 p-values

(b) Plot for all -logl0 p-values at Stage-1 and Stage-2 of
Intrapid

Figure 4.5: Plot shows the -log10 p-values in Stage-1 and Stage-2 mostly agree at
the smaller end of the spectrum. The level of agreement is much lower in a plot
for all -logl0 p-values. The horizontal line in plot (b) helps identify cases where
the stage-1 p-values were large but the stage-2 p-values were lower than 1074,
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4.5 Application to GWAS data from the WTCCC

from the diagonal.

Quantile—quantile plot of interaction p—values for BD

Observed -logso(p)

8
Expected —logyo(p)

Figure 4.6: QQ plot of -log10 p-values from stage 2 of applying IntRapid to the
WTCCC dataset of BD

The strongest signal identified for CHD was between rs11170276 in chromo-
some 12 and rs273763 in chromosome 18. Once again, no previous association
with CHD has been reported for these loci. Two interaction effects were identified

for HT that satisfied the nominal threshold of 1071°. The first one was between
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4.5 Application to GWAS data from the WTCCC

r$9521017 of chromosome 13 and rs17292844 of chromosome 20. The former lies
in a neighbourhood of the MY 016 gene and the latter is close to the C200r f133
gene. The second interaction for HT was between rs12492072 in chromosome 3
and rs34965037 in chromosome 7. The latter maps near the PEX1 gene. To my
knowledge these loci have not been implicated for HT previously.

Four interaction effects were identified for IBD. These included interactions
with the genes PTPRD in chromosome 9 and TACC2 in chromosome 10. All
four of the signals in RA mapped to the MHC region of chromosome 6. The
closest genes to the lead SNPs were SEEK1, HCG27 and NOTCH4. The SNP
mapping to NOTCH4 also demonstrated genome-wide significant evidence of
marginal association with RA. Nine interaction effects were identified for T1D.
Five of these mapped the MHC region of chromosome 6. The closest genes were
LOC346147, ZNF192 and GABBR]1.

The strongest signal of interaction with T2D was detected between a pair of
proximal SNPs in the ZFAT gene. The SNPs are only weakly correlated with each
other (r? = 0.062 and D' = 1.000 in CEU 1000 Genomes Project pilot data), and
this interaction could represent a haplotype effect where the risk alleles have a
synergistic effect when in cis, for example. The ZF AT gene encodes a protein
that likely functions as a transcriptional regulator involved in apoptosis, but has
not been previously implicated in T2D or other metabolic traits. The second
strongest signal of interaction with T2D was detected between a pair of SNPs
in the OBSC gene and flanking the CLU gene, respectively. These genes have
not been previously implicated in T2D. However, both genes are involved in
carbohydrate and lipid metabolic process and in apoptosis, and thus might be

reasonable candidates for interaction within related functional pathways.
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4.5 Application to GWAS data from the WTCCC

4.5.3.2 Quantitative trait - BMI

The quantitative trait was dichotomized at the median (=30.94) of the BMI val-
ues for stage 1 of the analysis. In stage 2 of the analysis, the phenotype is log
transformed (to meet assumptions of normality) and then adjusted for possible
confounding factors of gender and age. Using a rapid interaction testing thresh-
old of apasr < 107*, 7.14 million pairs of SNPs in total were carried forward
for consideration in the more computationally intensive GLM framework. This
analysis took 127 hours of computing time on a dedicated processor, compared
to an expected 4,826 hours to test for the interaction between all pairs of SNPs
in the GLM framework.

After Bonferroni correction, the significance threshold was calculated to be
7.1 x 10713, There were no signals which satisfied this conservative threshold. In
general, the signals of interaction were much weaker for BMI than for the binary
disease traits, reflecting smaller sample size.

Table 4.8 presents lead SNPs at each pair of loci demonstrating strong ev-
idence for interaction (P < 1071°) in the second-stage GLM, together with P-
values from the first-stage rapid test. P-values for each SNP from a marginal
single-locus test of association from a GLM incorporating only an additive main
effect are also presented. None of these SNPs shows evidence of marginal associ-
ation with BMI (adjusted for age and sex), and thus none would have been dis-
covered through single-locus GWAS analysis. The loci corresponding to strongest
signals of pair-wise interaction have not been previously implicated in obesity or

other metabolic traits.
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4.6 Summary

4.6 Summary

One of the key challenges addressed in this chapter has been that of a computa-
tional nature. Computing several billions of interaction models, without compro-
mising on statistical power in a feasible amount of time, is a significant challenge.
A two stage algorithm, as described in this chapter, was able to address this
issue to a huge extent. However, an efficient implementation of the “IntRapid”
algorithm, so that it can be run in parallel and only consume limited amounts of
memory was another part of the challenge.

Simulations demonstrated that for a stage 1 cut off p-value of 10~* there was
limited or no loss in statistical power, under assumptions of an additive-additive
interaction model. Stage 2 of this process had to fit only a small fraction of the
initial billions of interaction models. The software “IntRapid” that was developed
was able to run the entire process in parallel and thus enabled me to obtain the
final interaction signals for a given disease in just a few hours.

The interaction signals reported satisfied a nominal significance level of 10719,
This is larger than the Bonferroni multiple testing correction adjusted p-value of
around 107!3. However, contrary to Bonferroni correction assumption of inde-
pendence between multiple tests, interaction signals are likely to be correlated
with each other given the underlying LLD. One interesting aspect of these signals
is their lack of main effects. When the marginal p-values are inspected closely,
only 4 of the 52 SNPs involved in interaction signals would have been detected
by single locus scans. If non-exhaustive strategies were adopted, as suggested by
[Evans et al., 2006], only 6 of the 26 interaction signals reported would have been

identified. This provides further evidence for the need for an exhaustive scan of
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4.6 Summary

interaction scans.

A closer look at the neighbourhood of these identified SNPs show the existence
of previously identified genes in the interaction effects. For T1D and RA in
particular, several interaction effects were identified in the “gene rich” HLA region
of Chromosome 6.

We have been able to identify several potentially important interaction effects
for multiple common complex disorders in this chapter. However, given the lim-
ited coverage of the 500K Affymetrix chips, used by the WTCCC, the ‘causal’
SNP may not have been included in the analysis so far. However, we could take
advantage of the 1000 Genomes Project data and impute several more million
SNPs and thereby increase the likelihood of including the ‘causal’ variant itself.
In the next chapter, I extend the rapid interaction approach to allow for imputed
genotype data. I impute the WTCCC GWAS up to reference panels from the
1000 Genomes Project across loci identified from the directly typed data alone,

to allow for fine-mapping of interaction effects.
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Chapter 5

Interaction between Imputed

signals

5.1 Introduction

In chapter 4, potentially interesting gene-gene interaction signals were identified
for multiple common complex disorders. These signals did not meet the Bon-
ferroni multiple test corrected p-value (107'3), but were lower than a nominal
threshold of 1071°. One strategy to improve power and refine localisation of
causal variants is the imputation of ‘interesting’ loci up to high density refer-
ence panel, followed by a detailed interaction scan in these regions [Marchini and
Howie, 2010).

Most modern genotyping chips include up to a million variants, which cover
most of the common genetic variation in the genome. Imputation of SNPs based
on publicly available detailed phased reference panels, like the HapMap project

[The International HapMap Consortium, 2003, 2005] or 1000 Genomes Project
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5.2 Imputation

[1000 Genomes Project Consortium, 2010, 2012], help predict genotypes at loca-
tions not directly typed on existing chips. This “fills in” the variants which are
not typed directly on GWAS chips and can help with fine-scale mapping. In this
chapter, I make use of imputation to fine map loci identified from my analysis of
GWAS for seven diseases from the WTCCC. Imputation provides a probability
distribution of the genotype calls at each untyped SNP. This is typically con-
verted to an “expected” genotype which reflects the uncertainty in the evaluated
genotype. To implement an interaction scan on imputed data, the “IntRapid”

method and the “IntRapid” were modified, as described in this chapter.

5.2 Imputation

Most genotyping chips used for GWAS include around 500, 000 to 1 million SNPs.
There are publicly available reference panels like the HapMap or 1000 Genomes
Project which contain a much denser set of SNPs for several global populations
and different ethnic groups. Each population has a unique correlation structure
(LD) between the SNPs. Genotypic imputation takes advantage of this LD struc-
ture and reference panels to predict genotypes which were not initially typed in
the sample. Subject to imputation quality, this increases coverage and power
of the study. For a fixed reference panel, the typed SNPs affect the quality of
imputation and the success of the study. Imputation is also useful in the meta-
analyses of GWAS conducted using different genotyping chips. This allows for the
inclusion of the reference panel SNPs in all studies and thereby boosts statistical
power [Barrett et al., 2008, Zeggini et al., 2008].

There are a wide range of methods available for imputation, including IM-
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PUTE [Howie et al., 2009, Marchini et al., 2007], MACH [Li and Abecasis, 2006],
fastPHASE/BIMBAM [Scheet and Stephens, 2006, Servin and Stephens, 2007],
PLINK [Purcell et al., 2007], TUNA [Nicolae, 2006], WHAP [Zaitlen et al., 2007]
and BEAGLE [Browning, 2006]. Simulations suggest that IMPUTE and MACH
minimise error rates over a range of scenarios. In this study, I have made use of

IMPUTE for imputation, which I describe in detail below.

5.2.1 Impute

In this thesis, T have used IMPUTE (version 2) to impute missing genotypes
Howie et al. [2009]. An outline of imputation, as presented in the IMPUTE pa-
per, has been reproduced in Figure 5.1. Individuals from the same population
are expected to have short haplotypes similar to each other owing to identity by
descent (IBD). The local structure of the IBD can be estimated by a genealogical
tree, where recombination would produce micro level differences in haplotypic
frequency. Imputation algorithms exploit the information from these shared hap-
lotypes of the study sample and the reference panel in use. Methodologically,
genotype imputation shares common ground with phasing algorithms and tag-
ging SNP methods.

The algorithm used in IMPUTEV2 is slightly different from that in IMPUTEv1.
Two sets of SNPs are considered initially. The first set consists of SNPs which
have been typed in both the reference panel and the study samples. The second
set of SNPs is only present in the reference panel but not in the study sample.
IMPUTEWV1 is used to estimate haplotypes in the first set. Alleles are then im-

puted for the second set conditional on estimated haplotypes from the first set.
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5.2 Imputation

Box 1| How genotype imputation works

b Testing association at typed SNPs may not
lead to a clear signal

d Reference set of haplotypes, for example, HapMap

11111010010001001

f Testing association at imputed SNPs may
boost the signal

0010111001111110

—log, p-value

a Genotype data with missing data at
untyped SNPs (grey question marks)

122 201/2 1/2(02 222 2|2
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IR 2 B 2 B O 2 1 a2
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1222 1/2 1/2(12 22222
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12222102 0/2(22 227222

In samples of unrelated individuals, the haplotypes of the individuals over
short stretches of sequence will be related to each other by being identical
by descent (IBD). The local pattern of IBD can be described by an
(unobserved) genealogical tree, which will differ at different loci throughout
the genome owing to recombination. Imputation methods attempt to
identify sharing between the underlying haplotypes of the study individuals
and the haplotypes in the reference set and use this sharing to impute the
missing alleles in study individuals. For this reason, there are strong
connections between the models and methods used to infer haplotype
phase and those used to perform genotype imputation?**’, as well as strong
connections to tagging SNP-based approaches!*?"*® and methods used in
linkage studies®°.

The figure above illustrates imputation for a sample of unrelated
individuals. The raw data consist of a set of genotyped SNPs that has a large
number of SNPs without any genotype data (part a). Testing for association
at just these SNPs may not lead to a significant association (part b).

€ Each sample is phased and the haplotypes
are modelled as a mosaic of those in the
haplotype reference panel

—logl0 p-value

e The reference haplotypes are used to
impute alleles into the samples to create
imputed genotypes (orange)

1 1 1 022 2 0
0 2 2 022 2 0
1 2 2 021 2 0
1 2 1 122 2 0
2 2 2 121 2 0
1 1 1 122 2 0
1 2 2 021 2 1
2 1 1 121 2 1
1 0 0 222 2 0

Imputation attempts to predict these missing genotypes. Algorithms differ
in their details but all essentially involve phasing each individual in the study
at the typed SNPs. The figure highlights three phased individuals (part c).
These haplotypes are compared to the dense haplotypes in the reference
panel (part d). Strand alignment between data sets must be done before this
comparison takes place (Supplementary information S1 (box)). The phased
study haplotypes have been coloured according to which reference
haplotypes they match. This highlights the idea implicit in most phasing and
imputation models that the haplotypes of a given individual are modelled as
amosaic of haplotypes of other individuals. Missing genotypes in the study
sample are then imputed using those matching haplotypes in the reference
set (part e). In real examples, the genotypes are imputed with uncertainty
and a probability distribution over all three possible genotypes is produced.
Itis necessary to take account of this uncertainty in any downstream analysis
of the imputed data. Testing these imputed SNPs can lead to more significant
associations (part f) and a more detailed view of associated regions.

Figure 5.1: An outline of imputation reproduced from Marchini and Howie [2010]
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5.2 Imputation

Table 5.1: Expected genotype calculation from imputed data

Genotype | Additive coding | Probability
AA 0 DAA
Aa 1 DAa
aa 2 Daa

Owing to the haploid nature of this imputation, rather than the diploid form in

IMPUTEV1, it is substantially faster. Phase uncertainty is taken into account by

multiple Markov Chain Monte Carlo (MCMC) iterations.

5.2.2 Probability distribution of imputed genotypes

The process of imputation usually begins with “prephasing” of study samples,

usually with SHAPEIT for IMPUTEv2. The haplotypes in the study sample are

then compared to the more dense haplotypes in the reference panel. IMPUTEv2

generates a posterior distribution of genotypes for each individual at each SNP.

This probability distribution can then be used directly in association tests (as

implemented by SNPTEST, for example). Alternatively, we can calculate the

“expected genotype” under an additive model using the following equation,

E(gen0type) = PAa + 2paa

(5.1)

where the probabilities pu, and p,, are defined in Table 5.1.

107



5.3 IntRapid for imputed signals

5.3 IntRapid for imputed signals

I have adapted both stages of the IntRapid software to allow for imputed genotype

data.

5.3.1 Stage 1

I implemented a strategy analogous to that used in stage 1 of IntRapid (section

4.2). Consider a pair of SNPs with genotypes denoted AA, Aa and aa at the first,

and BB, Bb and bb at the second. After imputation, I recover the distribution

of genotypes, denoted p(AA4;), p(Aa;) and p(aa;) at the first SNP, and p(BB;),

p(Bb;) and p(bb;) at the second SNP, for the i*" individual. Across individuals, T

can represent this distribution in Table 5.2.

Table 5.2: Contingency table for a pair of imputed SNPs

SNP 2 SNP 1

AA Aa aa Total
BB | Lp(AA)p(BE:) | 2 p(Aai)p(BE:) | 3o plaaip(BB:) | 3op(-BB:)
Bb ;p(AAi)p(Bbz‘) ;p(Aai)p(Bbi) ;p(aai)p(Bbi) ;p(.'Bbz-)
bb Zi)p(AAi)p(bbi) Zi)p(Aai)p(bbi) ;p(aai)p(bbi) Zijp(--bbi)
Total | S p(A4;.) S p(Aa;.) > plaa;.) n

The genotype frequency table, 5.2, may then be transformed into an allelic

probability table 5.3, as per the following equation array.
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5.3 IntRapid for imputed signals

Table 5.3: Contingency table with probability of a pair of alleles

Locus 2 Locus 1
Ala

B w | x

b y |z

where,

w = 4 Zp (AA;)p(BB;) + Qpr (Aa;)p(BB;) + 2 Zp (AA;)p(BY;) + Zp(Aai)p(Bbi),
r = 421) aa;)p(BB;) + Qpr (Aa;)p(BB;) + 22;0 aa;)p(Bb;) + Zp (AA;)p(Bb;),
y = 4ZpAA (bb; —|—2pr (Aa;)p(bb;) +QZpAA (Bb;) +ZpAaip(Bbi),

z = 42}9 aa;)p(bb;) + Qpr (Aa;)p(bb;) + QZp aa;)p(Bb;) + Zp(Aai)p(Bbi)

The OR for a 2 x 2 table of this kind is then calculated separately for the cases
and controls. The ORs are then computed and tested as described in chapter 4

(section 4.2).

5.3.2 Stage 2

In order to implement the GLM stage of IntRapid (stage 2) on imputed signals
I computed the expected genotypes in each location. The expected genotype for

the i individual at the first SNP is given by the following equation,

E(Gai) = p(Aa;) + 2p(aa;) (5.2)
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Once I had the expected genotypes, I could implement stage 2 of the IntRapid

algorithm as described in chapter 4 (section 4.2).

5.4 Application to diseases from WTCCC

5.4.1 Imputation of signal neighbourhoods

The interaction signals found after genome wide interaction scans on all seven
WTCCC diseases appear in Table 4.7. SNPs appearing in all nominally significant
interaction pathways were short listed for imputation and fine-mapping. A 1Mb
neighbourhood region was imputed using the European phase 1 (released March
2012) integrated set of the 1000 Genomes Project. In the case of RA and T1D,
there appeared to be several significant interaction effects mapping to the HLA.
Because of the extensive LD in this region, I considered a 4Mb flanking region
for imputation for these two diseases. Table 5.4 gives a list of regions that were
imputed. The physical locations appear in Mb (build 37) and the nearest known

genes are presented in the last column.

5.4.2 Quality control and imputation

In order to strengthen the signal I decided to impute 1Mb neighbourhoods of
existing signals. I used IMPUTEvV2 to undertake this imputation [Howie et al.,
2009]. I followed ‘best practices’ as recommended by the authors of IMPUTEv2.

This included the following steps:

Pre-imputation filtering: I removed SNPs of low quality, as defined by ‘best

practices’, before running initial interaction scans. As mentioned earlier,
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Table 5.4: These SNPs were the top hits in their respective 1Mb neighbourhoods
after using IntRapid to conduct genome wide interaction scans for all WTCCC1
diseases. An immediate 1Mb region was imputed around these signals using the
1000 genomes reference panel. The only exceptions were the HLA regions in RA
and T1D, where a 4Mb region was imputed.

Disease ID Chr | Region(Mb) Nearest known genes
BD rs10510819 | 3 59.19 - 60.19 LOC100421672, NPCDR1
BD 14299909 7 30.47 - 31.47 AQP1, GHRHR

CHD | rs11170276 | 12 52.68 - 53.68 KRT76, KRT3, KRTY
CHD rs273763 18 22.7 - 23.7 CTD-2006016.2

HT rs12492072 | 3 188.38 - 189.38 TPRG1, TPRG1-AS2
HT rs34965037 | 7 91.62 - 92.62 PEX1

HT rs9521017 | 13 | 108.92 - 109.92 MY016

HT rs17292844 | 20 14.62 - 15.62 C200rf133

IBD 154693426 4 82.59 - 83.59 U6, RP11-268F19.1, BIN2P1
IBD 156554056 4 53.22 - 54.22 RASL11B, SCFD2
IBD rs3898061 7 | 152.24 - 153.24 ACTRS3B, AF104455.1
IBD rs10809018 | 9 9.54 - 10.54 PTPRD

IBD rs16907121 9 22.84 - 23.84 SUMO2P2, ELAVL2
IBD rs10887096 | 10 | 123.43 - 124.43 TACC2

IBD rs7318474 13 28.63 - 29.63 FLT1, EIFJA1P7
IBD rs2609850 | 22 34.35 - 35.35 RP1-101G11.2

RA rs206015 6 30.00 - 34.00 NOTCH4, SEEK1, HCG27
RA rs1419442 7 | 126.23 - 127.23 GRMS

RA rs10740429 | 10 53.42 - 54.42 PRKG1

T1D rs1475398 1 65.48 - 66.48 LEPR

T1D rs6683663 1 56.86 - 57.86 C8A

T1D rs11677151 2 12.26 - 13.26 AC096559.2, TRIB2
T1D rsd857717 3 | 176.83 - 177.83 SNORA1S8, RP11-114M1.2
T1D rs6818162 4 68.24 - 69.24 TMPRSS110

T1D rs949882 6 | 109.09 - 110.09 RP11

TID | 1s12529458 | 6 | 30.00-34.00 | LOC346147, ZNF192, GABBRI1
T1D rs7158575 14 1 99.72 - 100.72 EML1, CYP}6A1
T1D rs6015978 | 20 37.02 - 38.02 PPPIRI16B

T2D | rs10916293 | 1 | 227.93 - 228.93 OBSCN

T2D | 157827545 | 8 | 135.07 - 136.07 ZFATI

T2D | 159314349 | 8 | 26.97 - 27.97
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standard WTCCC1 recommended quality filters were used. A failure to
administer this step would have affected imputation quality and possibly

given rise to false positive signals.

Match Genomic positions: With updates in the human genome reference se-
quence, the genomic positions change every few years. Thus it is important
to update the genomic positions in the study sample when a new reference
panel is used. The different builds of data are usually identified by UNSC
references (b36, b37 etc) or UCSC references (denoted by h18, h19 etc). A
program called ‘liftOver’ is available for this purpose. In my study I used
PLINK to match the IDs of each SNP in build 36 to get their corresponding

positions in build 37.

Strand alignment: It is essential for the strands in the study sample to be
aligned with the strands in the reference panel. Typically reference panels
are aligned to the ‘+’ strand and in this case I ensured the data was similarly
aligned. A failure to implement this step leads to allelic discrepancy in
the two datasets. The major and minor allele may also be reversed for
some variants. This affects imputation quality and thus should be taken
into account when running imputation. I used PLINK to perform strand

alignments on the basis of available strand files.

Reference Panel: One of the fundamental principles of genotypic imputation
necessitates the use of a reference panel and sample from the same pop-
ulation. For a fixed sample, the choice of reference panel could be made
manually or a feature in IMPUTEvV2 allows automatic selection of a ref-

erence panel population. In my study, I used individuals with European
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descent as released (March 2012) in the phase 1 integrated set of the 1000

genomes project [1000 Genomes Project Consortium, 2010].

Post-imputation filters: Once the imputed data are obtained, the quality of
imputation needs to be checked. The SNP information is contained in a
file with suffix ‘““mputed;,s,". A low quality imputation is associated with
a low imputation information score. A ‘low quality’ SNP could inflate false
positive rates. To be conservative, we are better off excluding such SNPs.

All loci with an imputation quality score of less than 40% were excluded.

Low frequency alleles and imputation: Variants with MAF less than 5%
were excluded from the directly types genotype data. Imputed loci with
MAF less than 1% were excluded.

5.4.3 Results

I report pairs of SNPs which have the most significant interaction effect in the
neighbourhood of previously reported nominally significant interaction signals
(Table 5.5). Of the 19 loci considered here, 17 pairs of SNPs had interaction
p-value smaller than that reported from non-imputed SNPs. The stronger sig-
nal suggests proximity of the ‘causal’ variant which would be expected to have
stronger effect on disease. It is worth noticing that a Bonferroni level significance
level was not achieved for most pairs of SNPs. For RA and T1D, there were mul-
tiple significant interactions in the HLA region of Chromosome 6. I have reported
the two most significant results from these regions for each disease. Given the
high LD in the HLA region, there are several significant results in close proximity

to each other. In any case, there appears to be strong evidence to suggest the
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existence of several disease relevant interaction effects for RA and T1D in the
HLA region.

For all reported interacting SNPs, I have presented the imputation quality
score under the ‘Info’ column of the table. As can be noticed, in most cases
the scores are greater than 0.9. Among reported results, the smallest score cor-
responded to a SNP in the HLA region for the T1D study (0.54). However,
several SNPs around this marker had very high quality scores and thus I was not
particularly doubtful of this result.

Figure 5.2(a) plots the interaction p-values of all SNPs in a 600Kb neigh-
bourhood of rs10510819, when interaction with rs60797250 is tested. The signal
corresponding to rs10510819 is surrounded by very weak signals and its LD with
its immediate neighbours are quite low. There might be potential quality issues
with this SNP but my investigations did not result in any convincing reason to
believe that might be the case. A permutation test for this interaction result
confirmed our findings. The joint minor allele count for the two loci were not
small enough to raise concerns around biased results.

Figure 5.2(b) plots the interaction p-values of all SNPs in a 600Kb neigh-
bourhood of rs60797250, when interaction with rs10510819 is tested. These plots
suggest that [ have been able to map causal variants to two narrow recombination
intervals, mapping near FHIT and AQP1. FHIT is associated with digestive
tract cancers [Al-Temaimi et al., 2013] and AQP1 is associated with imbalance
in ocular fluid movement [Zou et al., 2013].

Figure 5.3(a) plots the interaction p-values of all SNPs in a 600Kb neighbour-
hood of rs273753, when interaction with rs12312528 is tested. Figure 5.3(b) plots

the interaction p-values of all SNPs in a 600Kb neighbourhood of rs12312528,
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Interactions with rs60797250 in Chromosome 7 for BD
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Figure 5.2: Signal plots for interaction signals found in BD, using LocusZoom
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Interactions with rs12312528 in Chromosome 12 for CHD
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Figure 5.3: Signal plots for interaction signals found in CHD, using LocusZoom
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when interaction with rs273753 is tested. These plots suggest that I have been
able to map causal variants to two narrow recombination intervals, mapping near
ZNF521 and KRT76 or KRT3. T was not able to find any functions of these

genes which could be of direct relevance to CHD.

5.4.4 Permutation tests

Permutation tests are a form of statistical significance tests which applies re-
sampling to create an empirical distribution of the test statistic [Fisher, 1951].
The location of the original p-value in this distribution is used to calculate an
exact p-value. While the test is computationally demanding, it is often considered
to be more reliable when the parametric distribution of the sample statistic is
unknown.

The risk of finding false positive signals is particularly an issue with genetic
interaction studies [Coffey et al., 2004]. In order to confirm the findings, I con-
ducted permutation tests (with 1000 replicates) on all interaction models with
a stage 2 p-value (in IntRapid) of less than 107%. T randomly sampled from the
case-control status to create a new response to which a saturated GLM model
with two SNPs was fitted. This process was repeated 1000 times and the propor-
tion of p-values smaller than the original p-value was noted as the permutation
p-value. In all cases I was able to find a permutation p-value of less than 0.05.

Ideally, I would have liked to conduct this test across the genome to gener-
ate an approximate genome wide threshold. However, this would have lead to
scanning around 6.44 x 10 interaction models. Even with the computational

advantages offered by IntRapid this would have been a formidable computational
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challenge.

5.5 Discussion

The 500k Affymetrix chip used for the WTCCC studies has limited coverage.
Thus it may not have been able to include the ‘causal’ SNP involved in interac-
tions. It is thus likely that any identified SNPs in interaction signals are in LD
with the ‘causal’ variant. I could increase the chance of including these ‘causal’
variants by running interaction scans on imputed data. However, implementing
imputation on a genome wide scale carries a very significant computational cost.
To reduce computational burden, I have imputed regions of interacting SNPs
identified in the previous Chapter (4), and have implemented an interaction scan
on these imputed signals.

The primary motivation in looking for interaction signals in the imputed
neighbourhoods of already identified signals was for fine-mapping. The impu-
tation was carried out over a 1Mb neighbourhood (on each side) of the identified
SNPs, except for the HLA region in Chromosome 6 where a 4Mb region (on each
side) was imputed because the high density of signals found there and extended
LD. Imputed data had to be dealt with differently in the IntRapid framework.
Rather than analysing direct genotypes, I now had a probability distribution of
the genotypes. I thus calculated the expected genotypes to populate association
cross-tables, under an assumption of independence between a pair of loci. This
process was computationally more demanding, but given the small number of
scans, the overall computational burden was not large. The strongest interaction

signal from each pair of imputed regions was reported.
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When I compared the interaction signals obtained from imputed data with
the ones initially identified, from the directly typed genotypes alone, there was
a noticeable improvement in the strength of the signals in most loci. Of the
38 regions considered, an imputed SNP constituted the strongest local signal at
21. All 19 pairs of interaction signals included imputed SNPs leading to a more
significant interaction p-value. Some of the interaction signals now satisfied even
the conservative Bonferroni corrected threshold for genome-wide significance.

In the non-HLA interaction signals, the imputed SNPs which were part of a
now stronger signal moved by up to a few Kb around the original non-imputed
signal. In CHD, one of the interacting SNPs, rs11170276 on chromosome 12 was
within the molecular regions of gene KRT1 and KRT77. However, the stronger
imputed signal rs12312528 was not part of genes KRT76 and KRT3. In the case
of HT, the stronger imputed signal for rs34965037 on chromosome 7 (position
92117993) was 18.8Kb downstream at rs7791858. Both locations map to the
PEX1 gene. The stronger imputed signals in the HLA region had, in many cases,

moved by several hundreds of Kb.

5.6 Chapter Summary

In the present chapter, I imputed neighbourhoods of these signals and conducted
interaction modelling between these imputed SNPs. This was undertaken with
the objective of finding stronger signals in the vicinity of existing interaction
signals (as identified in chapter 4). I identified stronger signals of interaction for
all seven diseases considered.

While these efforts help identify strong interaction signals on the autosomes,
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the sex chromosomes have so far been ignored. The distribution of genotypes in
males and females on the X chromosome is different. This is taken into account
in the next chapter (6) where I have explored a fixed effect meta-analysis model

to study interaction between and with SNPs on the X-Chromosome.
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Chapter 6

X Chromosome interaction

6.1 Introduction

There has been limited research on association methods involving the X Chro-
mosome [Clayton, 2009]. Possible reasons for this lack of attention include the
statistical challenges in performing single locus association analysis in the X-
chromosome. The X-chromosome is often overlooked in many GWAS, even when
many common diseases show significant differences in disease occurrence between
males and females [Ober et al., 2008]. This lack of attention could potentially
mean a loss of several interesting signals given the X-chromosome accounts for
around 5% and 2.5% of the female and male genomes respectively. Clayton [2009]
discusses some issues with respect to efficient analysis of samples with both gen-
ders, in particular accounting for X chromosome inactivation when half of all cells
in females have one copy of the X-Chromosome active and the other half of cells
have the second copy active [Chow et al., 2005].

Under this model, males are coded as homozygous for the allele they carry.
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Further, as described in Clayton [2008], a one degree of freedom statistic has
been shown to be by far the most powerful test for single locus associations
under various theoretical considerations [Hickey and Bahlo, 2011].

Instances of association with variants on the X-chromosome have been re-
ported for some diseases. Chu et al. [2013] reports genes in the sex chromosomes
which are significantly associated with Grave’s disease; a disease which has long
been considered to have gender specific effects. These signals were replicated in
independent studies and further confirmed by re-sequencing the relevant sections
of the X-chromosome. Loley et al. [2011] further reports two genetic regions in

the X-chromosome which are significantly associated with Crohn’s disease.

6.2 Methods

Association testing of variants on the X-chromosome must take into account the
difference in the number of copies carried by males and females [Hickey and Bahlo,
2011]. A standard automsomal association test like the chi-squared test of associ-
ation or a Cochran-Armitage trend test [Armitage, 1955, Cochran, 1954] does not
appropriately account for this difference. Around 1.9% of the X-chromosome is
covered by two small regions called the pseudo-autosomal regions (PAR), where
the loci are inherited like autosomal loci. The X-chromosome specific methods
should not include these regions.

Given the differences in the number of allelic copies between males and fe-
males, males have two distinct genotypes ‘A-" and ‘a-’ and females have three
distinct genotypes ‘AA’, ‘Aa’ and ‘aa’. Thus, a traditional association test in

males would be similar to an allelic test and that in females would be subject to
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specification of a genetic model. However, an allelic test assumes HWE, which
may not be valid [Clayton, 2009]. These issues could be addressed by applica-
tion of a traditional GLM [Prentice and Pyke, 1979]. In the case of a significant
difference in allele frequency between males and females, gender needs to be al-
lowed for as a covariate. This would essentially stratify the dataset and thereby
reduce statistical power considerably. In particular, in the absence of significant
frequency differences such stratification and hence loss of power is undesirable.
The X-inactivation phenomenon [Chow et al., 2005] allows us to assume that
males are equivalent to homozygous females. Thus, males are coded as 0 and 2,
and females are coded as 0, 1 and 2. However, genotype distributions are different
between genders and, in general, differences in sex ratios in cases and controls
could act as a confounding factor. We propose an approach to perform the anal-
ysis by testing for association in males and females separately, and subsequently
meta-analyse the effect estimates. This approach allows for differences in the
variance of allelic effect estimates, but assumes the allelic effect to be the same
in males and females. A similar testing strategy will be required when testing
interactions between autosomal SNPs and those in the X-chromosome. In this
chapter, I extend “IntRapid” to allow for interaction with the X-chromosome. We
will further apply X-chromosome based interaction scans to all diseases included

in the WTCCC scan.

6.3 Stage 1 of IntRapid for X - Chromosomes

The first stage of the analysis is somewhat analogous to the ‘IntRapid’ methods

described in Chapter 4 for autosomes. However, for the X-chromosome, I perform
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analyses separately in males and females.

6.3.1 Within X-Chromosome : Females

For a sample of nf female individuals, disease status ‘s’ (Affected or Unaffected)
and a given pair of SNPs; let us assume the first marker has three genotypes (AA,
Aa and aa) and the second SNP has three genotypes (BB, Bb & bb). If ngsy
were the number of individuals with & genotype at the first SNP and [ genotype
at the second SNP, the sample can be represented in a contingency table (Table

6.1).

Table 6.1: Contingency table for a pair of SNPs in the X-Chromosome of females.

SNP 1 SNP 2

BB Bb bb Total
AA NsfAABB | TsfAABb | MsfAAbb | MsfAA..
Aa NsfAaBB | MsfAaBb | MsfAabb | MsfAa..
aa NsfaaBB | MsfaaBb | Msfaabb | Msfaa..
Total | ngs e | nsp.By | Nspon | Nsf

The genotype frequency table, 6.1, may then be transformed into an allelic

frequency table 6.2.
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Table 6.2: Allelic contingency table for a pair of SNPs in the X-Chromosome for
females.

SNP 1 SNP 2

B b Total
A NsfAB | MsfAb | MsfA.
a NsfaB | Nsfab | Nsfa.
Total | ngpp | Nepp | Nes

where,

NsfAB = 4NspaaBB + 2NsfaaBB + 2NsfaaBb + NsfAaBb,
NsfaB = 4NsfaaBB T 2NsfaaBB + 2NsfaaBb + NsfAABD,
Nepap = ANspaapy + 2Ngfaabh + 2N5744Bb + NsfAaBb:
NgfBB = 4ANsfaaby + 2NgfAabh + 2NsfaaBb + NsfAaBb

6.3.2 Within X-Chromosome : Males

As mentioned earlier, the alleles in the X-Chromosome in males could be assumed
to act like homozygous genotypes in females because of inactivation.

If ngpi were the number of male individuals with & genotype at the first SNP
and [ genotype at the second SNP, the sample can be represented in a contingency
table (Table 6.3).

The genotype frequency table, 6.3, can be converted into a 2 x 2 allelic table
6.4.
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6.3 Stage 1 of IntRapid for X - Chromosomes

Table 6.3: Contingency table for a pair of SNPs in the X Chromosome of males.

SNP 1 SNP 2

BB bb Total
AA NsmAABB | MsmaaBB | TsmAA..
aa Tvsm A Abb T smaabb Nsmaa..
Total | ngn.pp | Nsm.tb | Tom

Table 6.4: Allelic contingency table for a pair of SNPs in males.

SNP 1 SNP 2

B b Total
A NsmAB | MsmAb | MsmA.
a NsmaB Nsmab Nsma.
Total Nsm.B Nsm.b Nsm

where,

NsmAB = 2nsmAABB7
NsmaB = 2NgmaaBB )
NsmAb = 2MsmAAbb

Nsmab — 2nsmaabb
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6.3 Stage 1 of IntRapid for X - Chromosomes

6.3.3 Autosomal SNP and X-Chromosome : Females

Testing for interaction effects in stage 1 of IntRapid between autosomal SNPs
and X-Chromosome SNPs in females is exactly the same as for an autosomal and

autosomal SNP, as described in Chapter 4 (Section 4.2.1).

6.3.4 Autosomal SNP and X-Chromosome : Males

Testing for interaction effects in stage 1 of IntRapid between autosomal SNPs and
X-Chromosome SNPs in males is quite different from the within X-Chromosome
testing as described in section 6.3.1 or 6.3.2.

For a sample of ngm male individuals, disease status ‘s’ (Affected or Un-
affected) and a given pair of SNPs, let us assume the first marker has three
genotypes (AA, Aa and aa) and the second SNP has three genotypes (BB, Bb &
bb). If ngmr were the number of individuals with k& genotype at the first SNP and
[ genotype at the second SNP, the sample can be represented in a contingency

table (Table 6.5).

Table 6.5: Contingency table for an autosomal SNP and an X-Chromosome SNP
in males.

Autosomal SNP X-Chromosome SNP

BB bb Total
AA NsmAABB | TsmAAbb | TsmAA..
Aa NsmAaBB | MsmAabb | TlsmAa..
aa NsmaaBB Nsmaabb Nsmaa..
Total Nsm..BB Nsm..bb nsm
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6.3 Stage 1 of IntRapid for X - Chromosomes

The genotype frequency table, 6.5, may then be transformed into an allelic

frequency table 6.6.

Table 6.6: Allelic contingency table for an autosomal SNP and an X-Chromosome

SNP for males.

Autosomal SNP

X-Chromosome SNP

B b Total

NsmAB | MsmAb | TlsmA.

NsmaB Nsmab Nsma.

Total

Nsm.B Nsm.b Nsm

where,

NsmAB
NsmaB
N smAb

NsmBB

6.3.5 Odds ratios

4nsmAABB + 2nsmAa337
4nsmaaBB + 2nsmAaBBa
4nsmAAbb + 2nsmAabba

4nsmaabb + 2nsmAabb

Let ngji be defined as the number of individuals with disease status s (Affected

(D) or Unaffected (U)), gender j (Males (m) or Females (f), and alleles k& and [

at the pair of SNPs (‘a/b’ for minor allele and ‘A/B’ for major allele).

From the definition of Odds Ratio (OR) in Chapter 4, OR (¢;;) for disease

status s and gender j can be defined as,
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6.3 Stage 1 of IntRapid for X - Chromosomes

NsjAB-Nsjab
Poj = ————— (6.1)
NsjaB-MsjAb

or in this case,

NpmAB-T'Dmab

me = )
NDmAb-NDmaB

_ NumAB-NMUmab
Yum = ————,
NUmAb-NUmMaB

_ NDfAB-MDfab

Ypy = ———,
NpfAb-MDfaB

_ NufAB-NU fab

Yup = —

)
NUfAb-NU faB

The corresponding variance of the logarithm of OR is,

Var(log¢sj)=( ! + ! + ! + 1) (6.2)

NsjAB NsjAb NsjaB Nsjab

6.3.6 Meta analysis

The above estimates could be used to meta analyse sex specific effects for a given
binary disease trait. For individuals with disease status i and gender j a weighting

variable w;; is defined as the inverse of the corresponding variance of log OR.
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6.3 Stage 1 of IntRapid for X - Chromosomes

Z ln(wu)w”
In(vy) = je{m.f}

E wij

Je{m,f}

wij = [Var(ln(y)))™

Thus, for the cases I calculate two weighing factors wp,, and wps corresponding
to the males and females respectively. Similarly, for controls I have wy,, and wy ¢

respectively.

wpm = [Var(n(ypm))] ™"
wpy = [Var(in($ps))] ™
wom = [Var(in(dom))]™

wor = [Var(in(vug))]™

We then calculate weighted logarithm ORs, In(1);) for the affected and unaffected

individuals.

In(vpm) wpm + In(¥py).wp
In(¢yp) o & @Dy Kt}
In(Yum) - wom + In(Yuyr).wus
Wum + Wu
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6.4 Stage 2 - Generalised linear model

The next step is to calculate the variances for the logarithm of these ORs. This
is done by taking the inverse of the sum of the previously calculated weighing

factors (wj;).

-1

Var(in(y) = | D (wy) (6.3)

Jj€{m,f}

Thus for the cases and controls the variances are as follows,

Var(in(¥p)) = [wpom +wpys]™

Var(in(vy)) = [wum +wus]™!

We test the difference between the meta-analysed logarithms of the two odds
ratios using the following statistic. This is analogous to the statistic used in

Chapter 4. It follows a x? distribution with 1 degree of freedom.

(In(yp) — In(vy))?
Var(In(¢vp)) + Var(in(vy))

Xeal = (64)

6.4 Stage 2 - Generalised linear model

A GLM is used to model the interaction between two SNPs in males and females
separately. From each GLM model the additive-additive interaction effects (re-
gression coefficient corresponding to the interaction term - f;j12) are obtained

and combined via a fixed-effects meta-analysis (details in section 6.5).
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6.5 Meta-analysis of fixed effects

6.5 Meta-analysis of fixed effects

Under a fixed effects model (FEM) we assume the phenotypic distribution of
males and females is similar. At least the first two moments of the distributions
need to be similar for the model to hold. However, for a number of diseases this
is hardly the case and thus admittedly this approach is an over simplification at
this level.

Let disease status be represented by ¢ (Affected or Unaffected) and gender be

represented by j (Males or Females). Then we could define,

Wij12 = (V@T(Bijw))fl (6.5)

We may then define a pooled regression coefficient, (3.1, for males and females

corresponding to the interaction term, G;1Gjo,

E Bij12'wij12

Biiz = el (6.6)
Z Wij12
je{m.f}
and the corresponding variance is,
~1
Var(Bii2) = Z Wij12 (6.7)

je{m,f}
We may then test the meta-analysed estimate of regression coefficient of in-

teraction using the following statistic,
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6.6 Implementation in IntRapid software

2
2 i.12
XBia2 = (68)
Z Var(Biji2)

Jje€{m,f}

6.6 Implementation in IntRapid software

The above described method was implemented in IntRapid. The software would
detect a X-chromosome SNP and automatically apply the appropriate method
for interaction testing. When one set of SNPs come from autosomal chromo-
somes and the other from the X-chromosome the software still works seamlessly.
Testing for interactions between the X-Chromosome and all other chromosomes
was computationally efficient and took around 2 hours in one computing core for
each disease. The interactions within the X-chromosome were significantly faster

and were completed within approximately 10 minutes per disease.

6.7 Application to WTCCC

We tested for interaction for all seven WTCCC diseases: (i) both SNPs on the
X-chromosome; and (ii) one autosomal SNP and one X-chromosome SNP. As for
the autosomes, I used a stage 1 threshold of 10~* for carrying forward SNPs to
stage 2. After ruling out interaction signals which are likely to be false positives,
no interaction effects were identified with the X chromosome for any disease in
stage 2, that met the nominal significance threshold of 10710,

The strongest interaction signal observed for BD included rs11649589 in chro-
mosome 16 and rs5942091 on the X-chromosome. The interaction p-value was

3.42 x 1071% which is just larger of the nominal threshold of 1071? used in this the-
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6.8 Chapter Summary

sis so far. A total of 14 pairs of SNPs where identified for BD where the interaction
p-value was less than 1078. The strongest interaction signal for CHD included
1636512 on chromosome 5 and rs2269815 on chromosome X. The strongest inter-
action signal found for HT included rs2877260 on chromosome 7 and rs5940207
on the X-chromosome. In IBD, rs16837064 on chromosome 4 and rs411319 on
the X-chromosome displayed the lowest interaction p-value. The strongest in-
teraction signal for RA included rs10519906 on chromosome 5 and rs5950249
on the X-chromosome. In T1D the strongest interaction signal was found for
rs6569826 on chromosome 6 and rs2143488 on the X-chromosome. Finally, in
T2D the strongest interaction was found between rs1452220 on chromosome 3
and rs6633576 on the X-chromosome. None of the pairs of SNPs in this section

had an interaction p-value lower than 1071,

6.8 Chapter Summary

Limited research has been performed on association with the X chromosome.
Interaction studies in the X-chromosome are rarer still. A confounding effect of
differential gender ratio and overestimation of the risk in females owing to X-
inactivation have proved formidable statistical challenges so far. Some solutions
do exist and this chapter builds on those to provide a comprehensive method to
scan for interactions in the sex chromosomes.

I was unable to find any statistically significant results at a nominal threshold
of 10719 in the interaction analysis with the X chromosome. However, given the
datasets used are under powered for such interaction scans the lack of ‘significant’

results is not a surprise. The software demonstrates the ability of IntRapid to
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implement an effective X-Chromosome wide interaction scan and as such, further

studies should be done on larger sample sizes and meta-analysis settings.
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Chapter 7

Discussion

GWAS have come a long way in helping us understand the genetic aetiology of
complex human diseases. Linkage based association studies have proven very
successful in identifying the genetic basis of Mendelian disorders or single gene
disorders. However, the common complex human disorder and traits have posed
a significantly more difficult challenge. More than 1200 loci have been identified
as holding significant association with various complex diseases [Zuk et al., 2012].
However, a large proportion of the ‘heritability’ remains unexplained [Manolio
et al., 2009]. While there is some debate about the nature in which ‘heritability’
is computed, there is clear agreement on the need to conduct interaction scans
on a genome wide level [Carlborg and Haley, 2004, Cordell, 2002] to investigate
the role of epistasis in complex human traits.

Epistasis is defined as a phenomenon when one gene silences or enhances the
action of another. A statistical interaction between two genes may not always
capture genetic epistasis. However, the identification of statistically significant
interaction effects should hold clues towards uncovering epistatic pathways. Given
that limited work has been undertaken on comparison of methods to scan for

epistasis, there is limited agreement on best practices [Carlborg and Haley, 2004].

137



However, there is evidence to suggest an exhaustive genome wide study is the most
powerful method to detect gene-gene interactions [Evans et al., 2006]. For main
effect studies, an assumption of additive effects of alleles results in a one degree of
freedom test which is typically more powerful than a two degree of freedom general
genotypic test. Hence, I carried out simulation studies to compare the statistical
power of an additive-additive interaction test against a general interaction test.
The results highlighted that unless the model of epistasis incorporates extreme
deviation from additivity, the additive-additive interaction test is most powerful
across a wide range of theoretical gene-gene interaction models. To assess the
effects of LD on the relative performance of the tests, I selected extreme models
of epistasis where the general interaction test is most powerful and repeated my
simulations assuming that nearby markers are typed, as opposed to the causal
variants themselves. Even for the most extreme models, the general interaction
test became less powerful than the additive-additive interaction test as the extent
of LD decreases. It is not clear in general which models of epistasis are most likely
to exist in reality. However, extreme dominance epistasis with large effects is
unlikely to exist as it would have already been detected otherwise. Therefore, for a
genome wide scan of two locus interaction effects, an additive-additive interaction
test is likely to give more power over a range of realistic models than a general
interaction test.

A formidable challenge in implementing genome wide exhaustive scans is that
of a computational nature. Traditional linear models would require several thou-
sands of computing hours to completely scan the genome with up to 1 million
SNPs. This can quickly become very expensive and not necessary feasible for

research groups without sufficient parallel computing facilities. To enable such
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computations with reasonably basic computing facilities, I developed an algorithm
to search for interaction models using a two stage approach. This was inspired
by the PLINK “fast-epistasis” algorithm which I extended to quantitative traits.
My contribution includes formalising the method by conducting simulations to
highlight the appropriate threshold in stage 1 for carrying forward SNPs to more
detailed examination in stage 2. The method has been implemented in optimised
efficient low level code and enabled user-friendly parallel computing. I applied
the software, “IntRapid”, to seven WTCCC diseases and obesity as measured by
BMI. After Bonferroni correction, I was unable to find any genome wide, signif-
icant interaction effects. However, given such corrections assume independence
between tests (which is not true in this case), it results in a very conservative
p-value threshold. Thus I report all pairs of SNPs which are able to satisfy a
nominal threshold of 107!, T was able to identify several interesting interaction
signals at this threshold. The most interesting part of these results was the lack
of main effects for any of the SNPs implicated. Thus, I would not have been
able to uncover these loci in traditional single variant GWAS analysis. Further, I
have also found interactions between SNPs already known to the scientific com-
munity. This warrants further follow up studies and may well prove very useful
for downstream functional analyses.

In order to extend the coverage of the genome wide interaction scans, I would
have ideally have liked to repeat the analysis for genome-wide imputed data
for each disease. However, this would have posed a very substantial computing
challenge given the quadratic growth in the number of interaction models which
need fitting. Instead, I imputed 1Mb neighbourhoods of the signals identified

with directly typed data, except for the HLA region in chromosome 6 where a
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4Mb neighbourhood was imputed. IMPUTEv2 was used for the process and all
recommended “good practices” [Howie et al., 2009] were followed. This reduced
the overall computing burden substantially. Obviously, the IntRapid algorithm
needed to be modified to handle imputed data, which was further implemented
within IntRapid. I was able to identify stronger interaction signals between the
imputed signals. This suggested the identification of a signal closer to the “causal”
variant which may not have been present in the Affymetrix chip used by the
WTCCC.

The X-chromosome forms around 5% and 2.5% of the entire genome in females
and males respectively, and many significant associations with a range of complex
traits have been reported in the X-Chromosome. However, owing to a single
copy of the X-chromosome in males, as opposed to two in females, there are
statistical concerns about combining data from both sexes. The X-inactivation
phenomenon allows us to assume the second copy of the X-chromosome in females
to be “inactive”. This allows us to simply double the allele count in males to
implement an interaction on the sex chromosome. In order to test for interaction
on the X chromosome, I estimated the interaction effects for males and females
separately, and meta-analyse them using a fixed effects model. 1 carried out an
interaction scan on two sets of pairs of SNPs: one set within the X-chromosome
and one set between the autosomal SNPs and the X-Chromosome. After adjusting
for multiple testing, I was unable to find any pair of SNPs which satisfied a

nominal significance level of 1071,
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7.1 Limitations and possible solutions

7.1 Limitations and possible solutions

The datasets used in these studies were fundamentally designed for single SNP
studies and are not well powered for interaction studies. Further, given the large
number of statistical tests in exhaustive interaction scans, there is a huge burden
of multiple testing correction. Bonferroni correction has been used in this thesis to
correct for multiple testing, because this implicitly assumes independence between
tests. Such an assumption is unlikely to be true and the correction is thus likely
to be extremely conservative. All these factors make the present study design
very under powered. One possible solution to this problem involves using larger
sample sizes. Given the availability of multiple datasets for the same disease, a
meta-analysis based approach should also be explored.

This thesis has primarily sought to develop a computationally efficient way
of exhaustively scanning interaction signals on a genome wide scale. For the
WTCCC datasets, the discussed methods are scalable and could be implemented
quite easily. However, with larger sample sizes and, in particular a larger set
of SNPs (using imputation up to the 1000 Genome Project reference panel for
example), the number of tests can be exponentially larger. Furthermore, multi-
locus interactions will introduce added complexity and computational burden.
These challenges do not have an easy solution. Some machine learning methods
(as introduced in Chapter 2) have shown promise, but it is not clear how powerful
these methods are on a genome wide scale and how computationally efficient some
of them are for multi-way interaction scans. These areas naturally need scientific
research and should benefit from novel method developments.

The WTCCC datasets used in this thesis are limited to around half a mil-
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lion SNPs. The coverage of these datasets can be improved by imputing SNPs
up to reference panels from the 1000 Genomes Project [1000 Genomes Project
Consortium, 2010, 2012] on a genome wide level, generating more than 30 mil-
lion variants. However, interaction scans on such a large number of two-locus
or multi-locus models would pose a large computational burden. Hence, I only
focused on the neighbourhood of already identified SNPs which participates in
significant gene-gene interactions. In some way, there is a compromise here to
enable quick computation. A slightly more thorough approach would be to have
a low threshold for implicated SNPs and impute their neighbourhoods for inter-
action scans. Ideally interaction scans on the entire dataset of imputed SNPs
and hence better coverage would be preferred. Modern GWAS use more than
a million markers and with the availability of next generation sequencing data,
coverage is likely to improve in interaction scans of the future.

My analysis so far has only included common variants or SNPs with a MAF
greater than 5%. As the coverage of the dataset improves, rare variants should be
included in future studies. The procedures developed so far for common variants
are likely to fail in such cases. One approach could involve ‘collapsing’ all coding
variants in a gene (or some functional unit) to implement a gene-gene interaction
rather than a SNP-SNP interaction scan as I have been doing so far for example,

as developed by Morris and Zeggini [2010].

7.2 Conclusion

This thesis has developed novel methods to address the computational challenges

of conducting exhaustive interaction scans on a genome wide level. The method
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7.2 Conclusion

has been extended to work on imputed data and interaction within/with the X-
chromosome. Software developed to implement these novel methods are freely
available for use and should make genome wide interaction studies a straight
forward process. Application of the software on seven WTCCC diseases and
obesity (as measured by BMI) has identified many interesting interaction effects.
A replication study for these signals is desirable. Further, implementation of
these methods on multiple independent datasets and then meta-analysing the
effects should help improve statistical power and enable the implication of smaller

interaction effects.
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