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Abstract

Despite many years of effort, linkage and candidate gene association studies have
yielded disappointingly few risk loci for common human diseases such as diabetes,
auto-immune disorders and cancers. Large sample sizes, increased understanding of the
patterns of correlation in genetic variation, and plunging genotyping costs have enabled
genome-wide association studies, which have good power to detect common risk alleles
of modest effect. I present an evaluation of SNP choice in study design and show that
overall, despite substantial differences in genotyping technologies, marker selection
strategies and number of markers assayed, the first generation platforms all offer good
levels of genome coverage (~ 70%). I next describe the largest such project undertaken
to date, the Wellcome Trust Case Control Consortium, which consisted of 2000 cases
from each of seven common diseases and 3000 shared controls. It identified nearly two
dozen new associations. I demonstrate the importance of careful data quality control,
including both standard and unorthodox analyses. I next focus on the association
results therein for Crohn’s disease. I present a replication experiment in over 1000
additional Crohn’s patients which unambiguously confirmed six previously published
loci and four new loci. Next I describe, in a general context, several issues impeding the
combination of genome-wide scans, including data annotation, population structure
and differences in genotyping platform. Each of these problems is shown to be tractable
with available methods, provided that these methods are applied prudently. I present
the results of a meta-analysis of three genome-wide scans for Crohn’s disease. The
data showed a striking excess of significant associations, and a replication experiment
involving over 4000 independent Crohn’s patients verified twenty new risk loci. Finally,
I discuss the early success of genome-wide association and its consequences for further

understanding the biology of human disease.
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Chapter 1

Introduction

1.1 Human disease genetics

For most common human diseases it is impossible to predict with certainty that
any particular person will become sick, or even retrospectively to explain the
causes of illness. Epidemiological studies have identified many environmental
risk factors for disease, but even the largest of these are not truly predictive:
heavy smoking increases risk for lung cancer by twenty fold (Khuder, 2001),
nonetheless, most smokers do not get cancer and thousands of non-smokers do.
It is not surprising that disease susceptibility is difficult to dissect, because
the underlying biological processes which drive human disease (and indeed all
phenotypic differences) are incredibly complex and subtle. Each person’s ‘port-
folio’ of disease risk is affected not only by his environment, but also by his
unique genetic make-up, as well as interactions between and among these fac-
tors. This, then, is the challenge of human disease genetics: to translate genetic
experiments into an understanding of fundamental biology.

Because it is this detailed biological knowledge which is sought, rather than
the identity of any particular genetic risk factor, it is possible for genetic studies
to be useful even for diseases which are not heritable in the traditional sense.

If, for instance, a particular genotype increases risk only in the presence of a
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relatively rare environmental factor, no familial aggregation would be observed,
despite the importance of that gene in disease aetiology. Still, it is obviously
more straightforward to discover genetic effects for traits which are, in fact, her-
itable to some extent. Traditional genetic epidemiology findings which indicate
heritability include a high sibling-relative-risk (the ratio of the risk of an indi-
vidual with an affected sibling to the general population prevalence, denoted
As) and increased trait concordance between monozygotic twins compared with
dizygotic twins.

Human disease genetics has been historically focused on conditions at the
most tractable end of the heritability spectrum, those following a simple in-
heritance pattern implicating a single, controlling gene. These basic patterns
of inheritance include dominant, where a single copy of the predisposing geno-
type causes disease, and recessive where two copies are required for disease, and
indviduals with one copy are known as carriers. These patterns were first elu-
cidated in plants by Austrian monk Gregor Mendel (1865) and then described
in humans by Archibald Garrod (1902) when he observed a recessive pattern
of inheritance of alkaptonuria (a rare disorder related to tyrosine metabolism).
Of course, simply identifying the pattern of inheritance itself is not very helpful
in understanding the pathology of disease; ideally the gene involved could be
identified (e.g. HGD in alkaptonuria) and offer clues toward biological under-
standing.

The idea of finding disease genes by tracing the inheritance patterns in fami-
lies of chromosomal segments which are ‘linked’ to the disease, that is, segments
which segregate with the gene, was proposed by Fisher (1935) but was severely
limited in practice by the paucity of heritable markers, such as red cell anti-
gen and serum protein levels, which could be biologically measured at the time.
Theoretical advances in linkage methodology in the mid 20th century (for in-
stance, the formulation of the LOD score by Morton (1955) and the pedigree
likelihood approach of Elston and Stewart (1971)) set the stage for systematic

gene mapping for these ‘Mendelian’ diseases, but there was an unbalanced state
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between sophistication of the statistics and the laboratory practices of the time.
For the first of many occasions the potential of disease genetics was enabled by
advances in one discipline but temporarily held back by another, underscoring
the cross-disciplinary nature of the field.

The discovery of DNA as the genetic molecule by Watson and Crick (1953)
was the first step towards making gene mapping routine, but the problem of
finding biological markers of inheritance remained. A critical breakthrough
was the identification of restriction fragment length polymorphisms (RFLPs),
where polymorphic stretches of DNA could be measured by the relative sizes
of restriction fragments yielded by endonuclease cutting. RFLPs are randomly
distributed throughout the genome, relatively (compared to measuring protein
markers) easy to genotype by agarose gel electrophoresis and could be discov-
ered and queried without any prior knowledge of their genomic location. This
biological discovery allowed Botstein et al. (1980) to propose the construction
of a genome-wide linkage map of RFLPs. This scientific condition of both feasi-
ble biological experiments to test for linkage and statistical methods to analyse
those data quickly yielded disease genes, beginning with the linkage of Hunting-
ton’s Disease to chromosome 4p using only 12 RFLPs by Gusella et al. (1983).

The rate and efficiency with which such Mendelian linkages could be pin-
pointed (known as ‘positional cloning’) exploded over the next 20 years as a
result of parallel advances in genotyping (notably the development of the poly-
merase chain reaction (PCR) by Mullis et al. (1986) and the discovery of abun-
dant short tandem repeats or ‘microsatellites’, which are easily genotyped by
PCR, by Weber and May (1989)) and methods for statistical analysis (Kruglyak
et al., 1996; Abecasis et al., 2002). As of 2007 over 2400 Mendelian traits have
been mapped (National Institutes of Health, 2007), a success rate which encour-
aged the hope that the same approach could be applied to more complex traits
with a larger societal health burden such as diabetes, psychiatric illness and
cancer. Unfortunately, numerous large scale linkage scans for complex traits

have yielded disappointingly few genes (see discussion in McCarthy (2002), for
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instance).

This lack of success is perhaps unsurprising in light of the differences be-
tween monogenic and complex diseases in terms of their aetiologies. The former
are controlled by a single, rare genetic factor which explains all (or nearly all)
of the variance for the trait — precisely the type of effect for which linkage
studies are designed. Complex diseases, on the other hand, are expected to
have many risk factors of modest effect found at relatively high frequency in the
general population (the ‘common disease, common variant’ hypothesis). Trac-
ing the segregation of these effects in families by linkage is difficult because the
genetic risk is distributed across many disparate genomic locations rather than
concentrated in one chromosomal region.

Whereas linkage approaches work via the observation of large chromosomal
segments segregating in pedigrees, the alternative approach of ‘association map-
ping’ seeks to directly test for different allele frequencies between disease cases
and healthy controls at a population level. The interplay between these two
approaches was discussed by Risch and Merikangas (1996), who described a
straightforward thought experiment about the relative number of families re-
quired to find a modest genetic risk factor under several plausible scenarios by
linkage or association. While linkage studies are underpowered to find such ef-
fects without enormous numbers of families, association studies are well suited
to the task with much more tractable sample sizes — provided the critical as-

sumption that one could choose the right variant to test.

1.2 Patterns of linkage disequilibrium and the
HapMap

The most simplistic association study design would be to test every polymorphic
marker in the genome. Early attempts at this direct association approach in
candidate genes or candidate regions were crippled by incomplete catalogues

of variation or relied on expensive and unpredictable resequencing. If only a
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handful of variants in a region are tested there is no way of distinguishing a
true absence of association from a lack of information about the full spectrum
of variation at the locus. The first critical ingredient to expanding the utility of
the association approach was thus a massive effort at discovering and cataloguing
genomic variation.

Creating this catalogue required a draft of the human genome sequence
(Lander et al., 2001; Venter et al., 2001), which provided a template against
which to compare other sequences and, importantly, created an academic infras-
tructure for generating large amounts of DNA sequence. Several of the biggest
contributors to the Human Genome Project turned their sequencing capacity
towards sequencing new individuals, discovering genetic variants throughout the
genome.

The sparse map of microsatellite repeats which was so important to the suc-
cess of linkage studies did not lend itself well to association mapping for several
reasons. First, microsatellites are not abundant enough in the genome to pro-
vide the requisite density of markers. Second, they are highly mutable, making
them imperfect records of human population history. Finally, their multiallelic
nature makes them difficult to genotype in a high-throughput fashion. Single
nucleotide polymorphisms (SNPs), on the other hand, suffer from none of these
drawbacks: they are the most common kind of genetic variation, have a very
low recurrent mutation rate and are highly amenable to high-throughput geno-
typing. Thus the International SNP Map Working Group, which consisted of
several large sequencing centres, generated a genome-wide catalogue of variation
consisting of nearly 1.5 million SNPs (Sachidanandam et al., 2001).

Further resequencing efforts have since discovered over 10 million SNPs,
all deposited in the public domain (Figure 1.1). In very short order the first
problem confronting researchers seeking to perform association studies — a lack
of markers — was replaced by a superabundance. The SNP map is now so dense,
in fact, that genotyping all known polymorphisms in a gene (taking the direct

approach to its logical conclusion) has become a prohibitively expensive and
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time consuming task.
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Figure 1.1: The cumulative number of non-redundant SNPs in dbSNP is shown
in black. Number of SNPs validated by genotyping is shown in red. Originally
published as part of the International HapMap Consortium (2005), updated in
personal communication from Robert Lawrence.

Nearby variants in the human genome are not independent, however and
the next step towards realising the vision of efficient, comprehensive association
studies was understanding this pattern of correlation among the new library of
millions of variants. Theoretical examinations of these statistical correlations
(called linkage disequilibrium, or LD) based on population genetics models pre-
dicted strong correlation only in nearby markers with a rapid drop off to in-
dependence (Kruglyak, 1999). These models were contradicted, however by an
intriguing pattern discovered by Daly et al. (2001) in a region of chromosome
5q31, where long stretches of SNPs were highly correlated, with only a handful
of patterns of SNP alleles (called haplotypes) explaining nearly all the observed
variation. These ‘blocks’ of LD were separated by highly punctate breakpoints
across which there existed very little correlation, even over short distances.

This observation sparked both an effort to discover whether this phenomenon
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was common in the genome and a debate about the causes of these patterns.
The first relatively large scale study (Gabriel et al., 2002) aimed at resolving
these questions examined 51 regions from across the genome and observed the
same pattern of stretches of high LD (and low haplotype diversity) divided
by narrow breakpoints. As these patterns were seen in still more experimental
studies (Reich et al., 2002), an explanation was posited by unrelated work which
examined single recombination events observed in sperm meioses (Jeffreys et al.,
2001). Nearly all detected recombinations were confined to narrow ‘hotspots’
as opposed to being homogenously distributed across the sequence. A picture
emerged of long stretches of the genome characterised by low levels of historical
recombination broken by intense recombination hotspots.

The hotspot explanation did not, however, win immediate widespread ac-
ceptance, nor was the ‘block view’ of LD considered to fully capture the sub-
tlety of the underlying pattern of variation. In order to resolve these issues
and to generate a public resource of human variation to complement the public
genome sequence the International HapMap Consortium (2005) was launched.
The project set out to discover and genotype a common (minor allele frequency
(MAF) > 5%) SNP every five kilobases in samples from four human popula-
tions: 90 individuals (30 parent-offspring trios) from the Yoruba in Ibadan,
Nigeria (abbreviation YRI); 90 individuals (30 trios) in Utah, USA (CEU); 45
Han Chinese in Beijing, China (CHB); 45 Japanese in Tokyo, Japan (JPT).
This dense genotype set, along with initial analyses was published in 2005 and
followed up (International HapMap Consortium, 2007) with over two million
additional SNPs and more in-depth analysis. Results from the HapMap yielded
insight in a wide variety of areas of human genetics research, but the two most
relevant to the development of association studies were the concept of choos-
ing a subset of markers which capture as much information as possible (called
tagging) and the technological advances which brought the price of genotyping

down by several orders of magnitude.



CHAPTER 1. INTRODUCTION 3

1.2.1 Tagging

The idea of trying to exploit the correlation among nearby variants to select an
efficient subset which captures as much variation as possible is straightforward,
and a simple method proposed by Carlson et al. (2004b) and further developed
by deBakker et al. (2005) took advantage of this correlation (LD) on a genome-
wide scale. The basic concept consists of using the r? measure of LD to thin
out redundant SNPs. Carlson et al. (2004b) proposed a simple greedy algorithm
whereby one first picks the SNP which is most highly correlated with the largest
number of other SNPs and chooses it as a tag. All the SNPs which have 72
greater than a given threshold are considered captured by that tag and are
removed from further consideration. The procedure is now repeated on the
remaining SNPs until all SNPs are captured.

The first large scale evaluation of this approach (deBakker et al., 2005)
found that choosing tag SNPs could maintain 100% of the power of testing
all known SNPs while reducing the actual number of genotyped markers by a
factor of 2-3 depending on the population sample. The authors next tried using
multimarker proxies to further increase their efficiency. In essence, they looked
for two- or three-marker haplotype combinations of tag SNPs which in turn
captured additional SNPs. This approach generally yielded an additional 25-
30% efficiency over the simpler, pairwise approach. A trade-off exists between
power and efficiency: even after removing the totally redundant SNPs, one
could continue to remove largely redundant SNPs with only a marginal loss
in power. This concept would prove important in designing association studies,

since researchers could maximise their power for a given SNP genotyping budget.

1.2.2 Genotyping

The progress of disease genetics has often been mirrored by discoveries about the
ways in which the genome sequence varies and the accompanying technologies

for querying those variations. Just as linkage mapping was first enabled by the
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discovery of RFLPs and blossomed with microsatellite maps, now a catalogue
of SNPs made association studies feasible. Existing techniques for genotyping,
however, were both slow (requiring a separate reaction for each SNP) and ex-
pensive. This hurdle was lowered over the course of the next few years as the
speed and price of genotyping SNPs plunged. Driven in part by the HapMap,
technologies which allow a handpicked set of thousands of SNPs to be assayed

simultaneously and cheaply have become commonplace.

1.3 Genome-wide association studies

All of the developments culminating in the completion of the HapMap have ap-
plication to association studies of any size. Indeed, until recently only studies
within a candidate gene or region were technologically and economically fea-
sible. Studies were designed to investigate biologically plausible candidates or
regions implicated by other evidence such as modest linkage. These approaches
yielded a few positive results (examples include PPAR~y for type 2 diabetes
(Deeb et al., 1998) as a biological candidate and NOD2 for inflammatory bowel
disease (Hugot et al., 2001) as a linkage candidate), but are generally regarded
as having limited success. Reasons for this include the aforementioned historical
lack of a good SNP map but also inadequate samples for detecting realistic effect
sizes. Diligent collection of large, carefully phenotyped samples have recently
made progress on this front.

Finally, candidacy-driven associations have been limited by the ability to
actually choose good biological candidates. This difficulty highlights one clear
advantage linkage studies have traditionally had over association studies: they
require no prior hypothesis about the genomic location or function of risk vari-
ants. This was principally an economic distinction, because only a few hundred
polymorphisms (an easily affordable number) are needed for genome-wide link-
age coverage, compared to hundreds of thousands for association. As has been

described, the types of risk loci which were well suited to discovery by linkage
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(rare, highly penetrant mutations) could affordably and routinely be positionally
cloned. The vast expense of genome-wide association, by comparison, prohib-
ited comprehensive searches for common, modest effects expected to be involved
in complex traits.

This impediment to mapping genes via association was overcome by the
completion of the HapMap and the plunging cost of genotyping. These advances
have made it possible to test up to a million markers across the genome, which,
in conjunction with large, carefully phenotyped disease collections have made it
possible to undertake genome-wide association studies (GWAS). Experimental
and methodological science once again combined to enable a new generation of

disease genetics.

1.4 Outline

The aim of this thesis is both to describe and develop approaches for carrying out
GWAS and to describe and interpret results from several early studies. While
many of the analytical methodologies for GWAS have been in use for years, the
scale of these studies presents a number of new challenges. These issues will be
addressed both in a general context and in light of specific datasets.

The first chapter evaluates the genomic coverage of GWAS tag sets. The
choice of SNPs to genotype will fundamentally affect the outcome of a study,
but it is not technologically practical to construct different panels of SNPs to
suit each GWAS. I therefore compare not only theoretical considerations related
to selecting tag SNPs on a genome-wide scale, but also the specific properties
of commercially available products.

Chapter 3 describes the Wellcome Trust Case Control Consortium, the
largest of the first generation GWAS. This study was not only successful at
identifying new disease loci, but was also informative as a template for the
types of analyses required for GWAS. I describe my work on several aspects of

the project, including genotype calling, data quality control, gross population
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structure and association analysis.

Chapter 4 describes my focus in particular in GWAS for Crohn’s disease,
a common form of inflammatory bowel disease. I discuss the nature of the
phenotype, with special attention given to its history of genetic studies, from
linkage scans to several recent GWAS. I then describe a replication experiment
undertaken as a follow-up to Chapter 3 where several potential hits are examined
in independent samples.

After the early successes of GWAS it became apparent that additional power
to detect associations could be obtained by combining individual studies. How-
ever, this approach is complicated by a number of issues, including data anno-
tation, sample curation, population structure and genotype imputation. These
are addressed in Chapter 5, which presents examples of these potential problems
as well as solutions for them.

Chapter 6 describes a worked example as part of an international meta-
analysis of three Crohn’s disease GWAS. I describe the process of merging these
data, selecting regions for follow-up, and the results of a replication experiment
in independent samples from all three collaborating consortia. The results of
this study entail the most comprehensive catalogue to date of genetic risk for a
common human disease.

Finally, T summarise these results and discuss their place in the early period
of GWAS. I examine likely directions in the near future as additional studies
are published, and consider their impact on the fundamental understanding of

human disease biology.



Chapter 2

Evaluating coverage of
genome-wide association

studies

2.1 Genome-wide marker sets

As described in Chapter 1, falling genotype costs and the completion of the
HapMap (International HapMap Consortium, 2005; Hinds et al., 2005) have
made genome-wide association studies of complex diseases possible (Wang et al.,
2005; Hirschhorn and Daly, 2005; Palmer and Cardon, 2005). Such studies have
the potential to assay 100,000 - 1,000,000 genetic markers from the > 5 million
validated genetic variants now available. While genotyping most or all of the
genetic variants would be desirable in many settings, present economic and
experimental conditions render it practically necessary to reduce the complete
set of genetic variants down to a tractable, but maximally informative subset.
There are a number of potential approaches to this problem, motivated both
by individual investigators’ interests and broader questions such as the degree

to which importance should be focused on full coverage of the genome or on po-

12
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tentially functional variants (Botstein and Risch, 2003; Neale and Sham, 2004).
Most of the ongoing or planned GWAS aim to evaluate most of the common
genetic variants in the human genome, irrespective of their genic location (Wang
et al., 2005; Hirschhorn and Daly, 2005). For such designs, an obvious marker
selection approach for any particular study is to pick a theoretically ideal set
of SNPs for the study and genotype them in large samples. This method is
appropriate for studies of small regions or candidate genes, but it is impracti-
cal for GWAS as the cost of ordering a de novo SNP set for each new genome
scan is prohibitive. Instead, genome-wide studies must choose from several com-
mercially available alternatives. These pragmatic concerns of what is currently
available in a high-throughput capacity will be at least as important as theory-
driven marker selection for the first generation of scans that are now underway
or being planned.

The practical necessity of having a fixed set of GWAS markers has obvious
advantages, such as the potential to combine datasets across disease laboratories
and the ability to design statistical methods for commonly-used panels, as has
been done for linkage studies over the past decade. This broad usage makes it
important to appreciate the properties of different marker selection strategies in
terms of genomic coverage, allele frequency representation and population diver-
sity. Here I evaluate the different strategies (described in Section 2.2) employed
in several commercially available GWAS panels, including sets of exclusively
nonsynonymous SNPs (nsSNPs) (Clayton et al., 2005), LD-based tagging panels
(deBakker et al., 2005), and random SNP collections across the genome (Dong
et al., 2001). In order to provide as comprehensive an evaluation as possible,
I use the HapMap Phase II data (International HapMap Consortium, 2007) (1
SNP / 1250 bp across the entire genome) to provide a framework for testing

and comparison of common variation.
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2.2 SNP selection methods

Tag selection methods referenced in this chapter are described below:

1. Tag An LD based set of tag SNPs carefully chosen to maximize the amount
of variation captured per SNP. I first examine the theoretically most effi-
cient set of tag SNPs and then consider illustrative examples from com-
mercially available products. There are at least two tag sets presently in
widespread use: the Illumina HumanHap300 set of 317K markers and the

HumanHap550 set of ~550K SNPs (http://www.illumina.com/).

2. Random A set of SNPs distributed approximately randomly across the
genome, that ignores LD patterns. I evaluate two LD agnostic marker
sets currently available from Affymetrix with 111K and 500K markers

(http://www.affymetrix.com/).

3. Combined A combination of these two methods consisting of a set of “ran-
dom” SNPs augmented by a carefully chosen fill-in set. Due to cost effi-
ciencies and speed of genotyping, several disease investigations have com-
bined the random sets of Affymetrix with bespoke tag sets that aim to

fill-in the gaps of random coverage.

4. Functional Either a panel of all known, polymorphic nsSNPs (the MegAl-
lele system marketed by Affymetrix involves 12,000 nsSNPs, while Illu-
mina’s NS-12 has over 14,000) or a larger set focused more broadly on
genes, such as Illumina’s Human-1 BeadChip. I do not evaluate nsSNP-
specific sets for genome-wide coverage since they are designed to directly
test the functional variants as opposed to the other products which instead

indirectly test many variants genome-wide without any prior hypothesis.

2.3 Evaluating coverage

I examine coverage as measured by simple pairwise correlation (r?) between a

member of the tag set and a potentially captured SNP (Carlson et al., 2004b; Ke
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et al., 2005). This approach is attractive in that it makes few assumptions
about downstream analysis and has a simple relationship to sample size for dis-
ease association studies under certain conditions (International HapMap Con-
sortium, 2005; Pritchard and Przeworski, 2001), but it is not always the most
efficient (deBakker et al., 2005). There also exist approaches to make use of
multiple-marker tests derived from the HapMap when the initial panel is fixed
(Pe’er et al., 2006).

Coverage calculations may be confounded by two important factors: First,
there is an upward bias in coverage when including the tag SNPs themselves
as part of the coverage calculation. Second, coverage estimates will be biased
upwards if all or part of the reference set used for the estimate was used to
select tag SNPs. In order to equate coverage of a reference set to coverage of
the genome, the reference set must be considered representative of all common
SNPs. If, on the other hand, tag SNPs have been chosen specifically to capture
all or part of the reference set then they are overfitted to the reference set
compared to the set of all common SNPs in the genome. Detailed corrections
for these biases are discussed in the Methods.

Figure 2.1 shows cumulative coverage of Phase II HapMap of a maximally
efficient set of tag SNPs (Section 2.2, strategy 1) in three HapMap panels for
three r2 thresholds. The data for the CEU and JPT+CHB panels indicate that
nearly all common variation in the genome can be captured with r2 > 0.8 with
approximately 500,000 carefully selected SNPs. As expected, the YRI panel
requires more than twice as many SNPs to capture the Phase II HapMap.

In all cases, the coverage versus increasing number of tags exhibits a striking
pattern of diminishing returns. For example, while approximately 500,000 SNPs
are required to completely capture common variation in CEU, a set of 250,000
already captures 85%. This pattern has been previously observed when selecting
large pools of tag SNPs (deBakker et al., 2005) and follows from the fact that
tagging algorithms initially select the SNP with the largest number of proxies

and then include the next most useful and so on (deBakker et al., 2005). One
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consequence of this effect is that a large fraction of any genome-wide tag set is
devoted to capturing ‘singleton’ SNPs that are not in strong LD with any other
SNPs. The magnitude of this effect varies strongly depending on the r? threshold
and population, from about 1/3 of all tags when tagging CEU or JPT+CHB at
r? > 0.5 to nearly 1.1M singletons in YRI at r? = 1.0, representing almost 80%
of the total tag set.

Several pragmatic factors influence the coverage of emerging tag SNP panels
when compared to the theoretically most efficient set. Table 2.1 (evaluated at
r2 > 0.8) and Figure 2.2 show coverage for several strategies, all of which are
lower than the theoretically most efficient values in Figure 2.1. Most of these
differences are explained because the tag SNPs in sets now becoming available
were necessarily selected from a less complete reference set. While 250,000 SNPs
selected from the Phase II HapMap capture 85% of common variation in CEU,
this efficiency is reduced to only 72% when selecting tags from the Phase I
HapMap dataset. The effect of incomplete reference data is exacerbated by the
differences in underlying allele frequency spectra of the HapMap phases. Figure
2.3 shows that while both phases of the HapMap are enriched for common SNPs,
the skewing is less pronounced in Phase II, which has a larger proportion of rare
(MAF < 0.05) and moderately rare (0.05 < MAF < 0.10) variants. Since rare
alleles are more likely to be singletons, this difference reduces efficiency.

Coverage values for marker panels which do not incorporate LD patterns
(Section 2.2, strategy 2) are also shown in Table 2.1. Two of the products
in this category, the older Affymetrix 111K and widely used 500K panels, are
estimated to capture 31% and 65% of common variation in CEU at r2 > 0.8,
respectively. As expected, these products have lower overall coverage and lower
efficiency (coverage per SNP genotyped) than sets of carefully selected tag SNPs.
However, their randomness offers a protective redundancy against the failure
of any given SNP. Figure 2.4 shows the relative coverage of the Affymetrix
Genechip 500K and Illumina HumanHap300 products for random failure rates

between 0-20%. This relationship between efficiency and redundancy could be
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Figure 2.3: MAF in CEU for 900,000 polymorphic Phase I HapMap SNPs,
2M distinct polymorphic SNPs added during the second phase of HapMap and
10,000 polymorphic ENCODE SNPs (which approximate the underlying fre-
quency distribution in the genome). Both phases of HapMap are intentionally
biased toward common SNPs, but the bias for Phase II is less extreme. The
pattern in the JPT4+CHB and YRI analysis panels is not substantially different.
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important, given the serious consequences of failure rate for disease association
studies (Wang et al., 2005; Clayton et al., 2005) and initial indications of non-
trivial failure rates for at least some genome-wide scans (Klein et al., 2005).
Another factor which affects choice of a genome-wide SNP panel is the pop-
ulation being studied. Table 2.1 shows that the advantage of carefully selected
tags is reduced when considering coverage in another of the HapMap anal-
ysis panels. While the Illumina HumanHap300 outperforms the Affymetrix
Genechip 500K for the CEU samples (Illumina 75% — Affymetrix 65%), this
advantage is no longer apparent with the JPT+CHB samples (Illumina 63% —
Affymetrix 66%), and the advantage is reversed for the YRI samples (Illumina
28% — Affymetrix 41%). Figure 2.4 further shows that the most efficient design,
selecting tags from the same population to be studied, is most susceptible to
marker failure because nearly all redundancy has been intentionally eliminated.
While coverage of common variation by the larger versions of currently avail-
able products is promising, rare variants are much less well covered due to the
preferential selection of common SNPs on these products. At present, there do
not yet exist publicly available data in which large genomic regions have been
resequenced in large sample sizes, though such studies of candidate genes are
increasing (Rieder et al., 2005). In order to gain some insight into correlation
patterns among rare SNPs I used data from the ENCODE project (International
HapMap Consortium, 2005), which suggest that fewer than 10% are well cap-
tured (pairwise > > 0.8) by any of the genome-wide products in any of the
HapMap analysis panels. Even these low coverage levels may be overestimates
for several reasons. First, because only a modest number of individuals were
resequenced, a large number of rare SNPs in these regions remain undiscovered.
Second, estimates of 72 for rare SNPs have a high variance, indicating that ob-
servations of “perfectly correlated” rare SNPs in the HapMap samples may be
due to chance. Finally, many “private SNPs”  that is, rare alleles observed only
in one of the resequenced individuals, will appear to be perfectly correlated,

thus inflating estimates of LD. The combination of the low estimates derived
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from ENCODE and the numerous factors which indicate that true coverage is
lower underline the assumption of these GWAS products that common diseases
are at least partially influenced by common genetic variants.

One possible compromise among the considerations of cost, efficiency and
redundancy is to couple a set of ‘random’ SNPs with a smaller, personalized set
that is highly selected to fill-in gaps (Section 2.2, strategy 3). In this case, the
exact extent to which coverage improves depends on the goals for the selection
of the fill-in set. Using 500K random SNPs as a baseline, approximately 360,000
additional SNPs would be required to capture all remaining common variation
in CEU. Of course, the majority of these would be spent in the singleton tail
(capturing only themselves). Instead, some groups have designed panels of non-
singleton tags to bring coverage to 86% (Table 2.1). The remainder of the SNPs
in the combined approach can then be used to add targeted redundancy to LD
bins with many surrogates, or focus on known nonsynonymous variation.

While coverage of common variation in genes is generally comparable to
the rest of genome, other focused classes of functional variants are captured
poorly by SNP sets aimed at common variation. Figure 2.5 shows the CEU
allele frequency distribution of the ~15,500 nsSNPs that are polymorphic in
the HapMap. Clearly there is an overwhelming preponderance of rare nsSNPs
in this set. Capturing all 50,000 nsSNPs catalogued in dbSNP would be a sig-
nificant challenge given that coverage of rare SNPs by genome-wide products
is poor. The most direct way to ensure coverage of these SNPs is to geno-
type them directly (Section 2.2, strategy 4), either through a separate platform
(Hardenbol et al., 2005) or by adding them to the tag set. Both the Human-
Hap300 and combined approaches eschew some singleton tags to include all
known polymorphic nsSNPs. The Illumina Human-1 BeadChip offers an inter-
mediate approach by concentrating 109K SNPs in exons and conserved regions.
This combines good coverage for a broad variety of functional SNPs and modest
genome-wide coverage of common SNPs.

It is interesting that despite the many differences in panel focus, marker
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Figure 2.5: CEU minor allele frequencies for nsSNPs polymorphic in the Phase
IT HapMap.
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selection strategies and technology platforms, the random and tag-SNP sets
generally capture a similar fraction of common variants in the human genome.
Choosing a GWAS SNP set requires careful evaluation of levels of coverage, pop-
ulation of interest and the balance between efficiency (via careful tag selection)
and redundancy. Newer, larger GWAS products, together with functionally fo-
cused assays, promise an ever more complete picture of genetic variation. The
challenge will then turn from how many of the variants are missed to how to

extract meaningful information from those which are not.

2.4 Methods

2.4.1 Data

Genome-wide coverage evaluation was performed on Phase IT HapMap (release
20) combined with Affymetrix genotypes on the HapMap samples for those
markers contained on their product but not on HapMap. This dataset contained
between 2.5 and 3 million polymorphic SNPs, depending on HapMap analysis
panel (CEU, YRI, JPT4+CHB), genotyped on 90 samples per panel. Evaluation
of rare coverage was done in the HapMap ENCODE dataset (release 16¢.1)
which was created by genotyping all variable sites observed after resequencing
48 unrelated individuals in the full set of HapMap samples. The JPT and CHB

samples were combined into one analysis panel for all analyses.

Complete SNP lists for all evaluated products are available at:

http://www.well.ox.ac.uk/~jcbarret/gwas/

2.4.2 Tag SNP selection and coverage evaluation

I selected tag SNPs using the program Haploview (Barrett et al., 2005). A SNP
was considered tagged by another if they had pairwise 2 greater than a certain
threshold. The maximum allowed physical distance between an allele and a

tag was 200 kb. Common coverage of predetermined tag sets was evaluated by
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using Haploview with the same parameters but force-including the SNPs in the
tag set and force-excluding all other SNPs. The raw value for coverage is the
fraction of all common (MAF > 0.05) SNPs which are captured by the tag set.

Coverage calculations may be confounded by two important factors: First,
there is an upward bias in coverage when including the tag SNPs themselves as
part of the coverage calculation. Consider a reference set of SNPs R such as
the Phase II HapMap. For a given tag set T', some SNPs are captured either
because they are contained in T', or they are in LD with a SNP in T (call this
set of SNPs L). Thus, the naive estimate of coverage of all SNPs in the genome,

G, would be:

L+T

. (2.1)

That is, count all SNPs either in the tag set or in LD with a tag and divide
this by all the SNPs in the reference set. However, this overestimates the true
fraction of captured SNPs which are actually tags, since G > R. To correct for

this, the genome-wide coverage is defined as:

(225 )(G=T)+T
G

(2.2)

The ﬁ part of the formula computes the fraction of the reference set captured
because it is in LD with a tag but not a tag itself. Multiplying this fraction
by G — T yields a value for the number of SNPs captured by LD genome-wide.
Adding this number to the number of tags gives an estimate of the total number
of SNPs genome-wide which are captured by either LD or by being a member of
the tag set. Dividing by G yields the coverage estimate. In the case where the
reference set is the entire genome (i.e. R = @), Equation 2.2 sensibly reduces
to Equation 2.1.

Coverage estimates will also be biased upwards if all or part of the reference
set used for the estimate was used to select tag SNPs. In order to equate

coverage of a given reference set to coverage of the genome, the reference set
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must be considered representative of all common SNPs. If, on the other hand,
tag SNPs have been chosen specifically to capture all or part of the reference set
then they are “overfitted” to the reference set compared to the set of all common
SNPs in the genome. In the case of tag SNPs chosen using the Phase I HapMap
data, this bias is corrected by considering coverage of the Phase II-only subset
of R, which is unbiased with respect to the tag set. In that case the correction
factor in Equation 2.2 is split into two parts, representing the overfitted portion

of the reference, Ry, and the remainder, Rs:

R2LfT2 (G—R —To)+To+ L1+ Ty
G

(2.3)

where L1,Ty, Lo, Ty are the portion of SNPs captured by LD (L, La) and the
tag SNPs (71,T%) in the Phase I and Phase II data respectively. In this case

the coverage of the markers exclusively in Phase II can be estimated: RQL—2T2'

Multiplying this by the number of commons SNPs in the non-Phase I genome
minus 75 yields an estimate for the number of SNPs captured genome-wide via
LD. Adding the number of Phase I and Phase II tags, plus the number of SNPs
captured by LD from Phase I and dividing by G yields a corrected estimate
of coverage. In the case where there is no overfitting (i.e. Ry,T1,L; = 0),
Equation 2.3 reduces to Equation 2.2. In the case where the two reference sets

constitute the entire genome (i.e. Ry + Ry = G), it reduces to Equation 2.1.

2.4.3 Failure Rate

Effects of marker failure on coverage were evaluated by randomly selecting some
fraction (between 0-20%) of markers and calculating genome-wide coverage
based on the remainder of the “successful” markers. Each data point for a
failure rate of a particular SNP set in a particular analysis panel is the average

of 1000 replicates.



Chapter 3

The Wellcome Trust Case

Control Consortium

3.1 Introduction

The Wellcome Trust Case Control Consortium (WTCCC) was a UK based col-
laboration of genetics researchers aimed at assessing the promise of GWAS to
discover common DNA variants that influence complex disease. The largest
component of the consortium was a genome-wide association study of 2000
British cases from each of seven complex diseases (bipolar disorder (BD), coro-
nary artery disease (CAD), Crohn’s disease (CD), hypertension (HT), rheuma-
toid arthritis (RA), type 1 diabetes (T1D), and type 2 diabetes (T2D)). Each
of these collections was compared to a total of 3000 shared control individuals
from two sources: 1500 individuals selected from the 1958 British Birth Co-
hort (58C) and 1500 blood donors from the UK Blood Service recruited as part
of this project (UKBS). All 17,000 samples were genotyped on the Affymetrix
GeneChip 500K Mapping Array.

This study was the largest first generation GWAS and as such provided an

important test of the validity of the approach. I described several potential
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reasons for the limited success to date in finding genes for complex human
traits in Chapter 1. The WTCCC design addressed three of these challenges:
(i) the Affymetrix chip has high SNP density and good coverage of common
variation (as described in Chapter 2), (ii) the SNPs are distributed without any
a priori hypotheses about which parts of the genome are relevant to a given
phenotype and (iii) the sample sizes were large enough to have good power to
detect modest-sized effects (43% power for OR of 1.3 at p = 5 x 1077, averaged
across allele frequencies). The WTCCC was therefore not only aimed at finding
associations, but also at fundamentally evaluating the approach. A failure to
identify any loci would imply that very little of the disease heritability lies with
common variants acting alone, pointing instead towards other explanations such
as gene-gene or gene-environment interactions, or many rare variants.

In this Chapter I will present details of several analyses which I performed
as part of the WTCCC Design and Analysis Group. First I will describe issues
relating to genotype calling, interpretation of intensity cluster plots and quality
control metrics for both samples and SNPs. These efforts collectively led to
a clean dataset for which I describe results from association tests. Finally I
comment on these results and the necessary future work required to utilise the

data most effectively.

3.2 Genotype calling

The throughput (in terms of number of SNPs genotyped per unit time) of geno-
typing has been accelerating for the past decade, ranging from technicians tran-
scribing by hand the result of a single genotyping reaction on an electrophoretic
gel to assays which simultaneously measure genotypes at over one million SNPs
across the genome. One of the most widely implemented modern methods
for discriminating between alleles at a SNP is to tag DNA fragments with an
allele-specific fluorescent molecule and to measure the relative intensities of flu-

orescence for the two alleles. This tagging can be done in a variety of ways, such
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as allele-specific primer extension or probe hybridization (both the commonly
used TagMan single SNP assay and the Affymetrix chips use the hybridization
approach).

Specifically, the Affymetrix GeneChip comprises millions of 25mer oligonu-
cleotide probes synthesized in an ordered fashion on a solid surface by pho-
tolithography (Kim and Misra, 2007). Each SNP is measured by 24-40 probes,
some of which contain the SNP in a perfectly matched probe sequence and some
which are mismatches, which are useful in measuring the background level of
hybridization. These probes are arranged in pairs or quartets on the array,
and each has two versions corresponding to the two potential alleles. Digested,
amplified genomic DNA from the sample is then hybridized to the chip, yield-
ing fluorescence relative to the stability of the binding between the probes and
these DNA targets. For each SNP and each sample, the challenge is thus to
measure a few dozen fluorescent intensities and condense this information into
a pair of normalised intensities corresponding to the two alleles. Members of
the WTCCC developed a modified quantile-normalisation routine which used
both the match and mismatch probe data. Interestingly, subsequent iterations
of the Affymetrix chips have discarded the mismatch probes in favour of in-
creased SNP density, which presents a normalisation problem distinct from that
confronted by the WTCCC.

In order to keep up with the rapid pace of the biological and technical as-
pects of genotyping it has been critical to develop fast, accurate algorithms for
translating these intensities to genotypes in an automated fashion. There has
been a growing realisation in human genetics, however, that calling algorithms
are subject to subtle biases which can lead to increased type I error (Clayton
et al., 2005). Furthermore, the scale of GWAS prohibits careful examination of
cluster plots of allelic intensities (see, for example, Figure 3.1), which is the best
way to assess the quality of genotype calls. Members of the WTCCC therefore
implemented a program called CHIAMO, which improved on existing genotype

calling algorithms and provided a measurement of the uncertainty of each call
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(in the form of posterior probabilities from zero to one for each sample, for
each possible genotype call). The vast majority of the SNPs on the Affymetrix
platform provide high quality data similar to Figure 3.1, which shows cluster
plots for all nine WTCCC collections. In cases such as these, genotype calling is
relatively straightforward, and all currently available algorithms yield accurate,

high confidence results.

rs10210302

58C UKBS BD

s - S

CAD cD HT

Figure 3.1: Cluster plots for the 9 WTCCC collections for a typical SNP, which
happens to be associated with CD. Each point is a sample’s normalized inten-
sities for allele A on one axis and allele B on the other. Colours correspond
to CHIAMO genotype calls, with homozygotes blue and red and heterozygotes
green. Genotypes called as missing are shown as grey crosses.
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3.2.1 Radial intensity shift

Some SNPs, however, were characterised by aberrant cluster plots which often
fell into consistent patterns, such as poorly separated clusters very close to the
origin. SNPs in one such pattern had cluster plots similar to those in Figure 3.2.
Three collections (UKBS, CAD, RA) showed normal clusters, whereas the other
six showed the three normal clusters plus three more shifted radially toward
the origin of the graph. While CHIAMO did not have difficulty in correctly
calling these genotypes, it was unclear whether this phenomenon represented a
technical artefact or a potentially interesting biological process. Identifying such
SNPs systematically was accomplished by converting the Cartesian intensity

coordinates to polar coordinates:

r= /x2+y2

0 = arctan (%)

Common SNPs showing the pattern in Figure 3.2 have a high ratio of radial
variance between the 58C and UKBS in all three clusters (the behaviour of the
cluster variance for rare SNPs was too erratic to be useful). Different SNPs
were differentially affected, with some (such as Figure 3.2) showing six distinct
clusters and twofold more radial variance in the 58C than the UKBS. Others
showed a more subtle pattern with elongated, but continuous clusters, presum-
ably ranging down to effects which were too small to observe compared to the
within-cluster noise. Overall, approximately 7% of SNPs showed a noticeable
pattern (at least a 1.25-fold increase in radial variance in all three clusters in
the six shifted samples compared to the three unshifted).

Investigation of which specific samples appeared in the clusters closer to
the origin revealed that these samples were always the same. Furthermore,
these samples were non-randomly distributed across the 96-well DNA plates

used in the project. As seen in Figure 3.3, all the shifted samples came from
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Figure 3.2: Approximately 7% of SNPs showed a pattern of six clusters (three
in the expected locations and three shifted radially toward the origin) in six
of the nine collections. This shift never occurred in the UKBS, CAD and RA
collections.

plates processed early in the project, at the Affymetrix R&D facility. Clearly
some difference in laboratory procedure or conditions affected the intensities
for these SNPs. Intriguingly, this subset of SNPs did not show any consistent
patterns in genomic location, primer sequence, proximity to various genomic
features (including recombination hotspots and genes), or the distribution of
probe quartet and pair locations on the chip. While this phenomenon could
not be fully explained, it is worth noting for two reasons: first that specific
laboratory conditions can significantly affect the raw data generated on this chip,
and second that such experimental aberrations might be incorrectly followed up

as possible copy number variation or other biological processes.
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Figure 3.3: Plates containing 58C samples are arranged chronologically along
the x-axis. Each bar shows the fraction of samples on that plate which are in the
clusters closer to the origin. Grey bars show plates processed at the Affymetrix
R&D facility, hashed bars show plates processed at the Affymetrix Services Lab.
Since the shifted clusters are not completely distinct, the later samples which
appear shifted are likely simply at the low end of the standard cluster.

3.3 Quality control

3.3.1 Sample filters

A variety of checks were employed on samples both to detect swaps or errors at
any stage in the project (DNAs were sent from labs across the UK to a central
location and then shipped to Affymetrix for genotyping) and to remove low qual-
ity samples from further analysis (see Table 3.1 for a summary per collection).
For some collections, blood types or genotypes for a small proportion of SNPs

were available, and 153 samples showing discrepancies were excluded. Similarly,
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295 duplicate (>99% identity) and 86 related (86-98% identity) samples were
excluded. A sample’s missing data rate acts as an indicator of low DNA quality.
Most samples had very low rates of missing data (study-wide average 0.00925,
standard deviation 0.0187), and while any exclusion threshold is to some extent
arbitrary, the empirical distribution of missingness (Figure 3.4) showed the bulk
of the samples to have <3% missing data, so the 250 samples above this cutoff
were excluded. Setting similar empirical thresholds on autosomal heterozygos-
ity (excess heterozygosity in particular may indicate contamination) excluded
a further six samples with >30% heterozygosity and three with <23% (Figure
3.4).
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Figure 3.4: Autosomal heterozygosity vs. the proportion of missing data for each
individual in the study. Dashed lines delimit the threshold used for exclusion of
individuals from further analysis (boundaries of this figure chosen to show the
bulk of the samples; extreme outliers are not shown).



CHAPTER 3. THE WTCCC 36

&
< =]
el [y}
> 3 =
= S <
2 & £ &
2|3 £ 3 & £ o
g £ g £ =2 £ 35
= z2 & £ 4 2 0=
[e) = Q | o = &)
O = O B3 Z A = Total
58C 9 0 4 6 4 1 24
UKBS | 8 0 5 14 0 15 42
BD 30 0 O 9 7T 13 129
CAD | 41 1 0 13 2 5 62
CD 43 4 6 54 131 18 256
HT 29 0 0 2 6 11 48
RA 47 1 0 26 53 9 136
T1D 7 2 1 18 6 3 37
T2D 36 1 0 11 16 11 75
Total | 250 9 16 153 295 86 809

Table 3.1: WTCCC sample exclusion filters by collection.

3.3.2 Non-European ancestry

Samples were required to be self identified white Europeans in order to be
included in the WTCCC. While analyses of within-Britain population structure
had always been planned as part of the project, the data were assumed to be free
of broader patterns of geographical genetic variation. In early analyses, however,
several collections showed an unacceptable amount of over-dispersion of the
distribution of association test statistics, a hallmark of population structure.
CD in particular was affected, with a genomic control value (Ag¢) of 1.26.
The well known statistical concept of multi-dimensional scaling (MDS) can
be used to provide a two-dimensional projection of a multi-dimensional dataset.
The 270 HapMap samples (representing samples of Northern European, East
Asian and Subsaharan African ancestry) were used to seed the MDS axes to
represent intercontinental geographic genetic variation. In the interest of com-
putational efficiency and to avoid confounding the MDS by extended linkage dis-
equilibrium the data were thinned to a set of 71,458 SNPs within which no pair

were correlated with 72> 0.2. For this set of nearly independent SNPs genome-
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wide average identity by state was computed for all WTCCC and HapMap

samples, defined between individuals j and k for a set of NV SNPs as:

N
Z 965 — gik|

IBS;;, = 1 — MT where g;; and g;x € {0, 1,2}

The matrix of distances between individuals (1 — IBS) was used as input
to the MDS. As can be seen in Figure 3.5, 153 samples were clearly separate
from the main cluster of WTCCC individuals. Exclusion of these individuals
resulted in a substantial reduction in estimates of over-dispersion in test statistic
distributions (Agc for CD dropped to 1.1). Furthermore, careful investigation
of sample records from some collections revealed that samples near the YRI
cluster were, in fact, Afro-Caribbean, and samples part way along the Europe-
Asia axis were of South Asian ancestry. This provides an excellent example of
how a relatively simple statistical analysis can yield new insights when applied

to the very large datasets available from GWAS.

3.3.3 SNP filters

A dataset of genotype calls can be generated by setting a threshold on the max-
imum posterior probability: any sample whose most likely call is less likely than
this threshold is considered missing and all other samples are called their maxi-
mum likelihood genotype. The lower this threshold is set, the more complete the
data will be, but the dataset will contain more incorrect genotypes. However,
setting the threshold too strictly is counter-productive because of the possibility
of differential missingness. Consider that samples between two clusters should
sensibly be labelled as missing, since neither of two possible calls is sufficiently
likely (this situation is exacerbated when the boundaries of two clusters actually
overlap). Often, only two of the clusters are close together (the heterozygotes

and one set of homozygotes), which leads to most of the missing individuals
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Figure 3.5: MDS analysis of WTCCC and HapMap samples. The substantial
majority of samples cluster very tightly with the CEU samples (there are over
16,000 points in the dense black cloud). Outliers (grey crosses) near the YRI
cluster were subsequently identified in sample records as Afro-Caribbean; the
large cluster one-third of the way between CEU and CHB+JPT were subse-
quently identified as South Asian (India/Pakistan).

preferentially having that particular allele. If this happens differentially among
collections (either due to plate- or DN A-specific effects), the biased missingness
will generate false positive associations.

For these SNPs where clusters did not show sufficient inter-cluster angular
distance, or, as mentioned earlier, radial distance from the origin, the challenge
shifts from calling genotypes to recognition and exclusion, as they represent low
quality data. A number of different statistics related to genotype clustering,
including ratios of cluster mean and variance within and across sample col-

lections were examined in order to automate the identification of problematic
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SNPs. By far the most informative of these metrics (in terms of sensitivity to
detecting bad clusters and specificity to avoid needlessly flagging high quality
data) was the proportion of missing data in the CHIAMO calls. A threshold of
0.9 empirically yielded the best balance between high call rate and low differ-
ential missingness. CHIAMO consistently marked many individuals missing for
SNPs with poorly defined or overlapping clusters, whereas it successfully called
genotypes for nearly all individuals on high-quality SNPs.

Figure 3.6 shows a summary of missing data rates for all SNPs. 26,567 SNPs
with study wide missing data rate >5% or >1% for SNPs with MAF <5% (both
because rare SNPs are more susceptible to genotype calling problems and be-
cause relatively minor problems can lead to very significant apparent associa-
tions). Additionally, 4351 SNPs with Hardy-Weinberg exact p < 5.7 x 10~7 in
the controls and 93 SNPs with p < 5.7 x 10~7 for either a one- or two-degree
of freedom test of association between the two control groups (corresponding to
a 1 d.f. x? statistic of about 25) were excluded. As with sample filters, all of
these cutoffs are to some degree arbitrary, but were motivated by examining the
empirical distributions of each statistic and seeking values which demarcate a
transition from the variance within the performance of good SNPs toward clear
outliers.

No single criterion will be completely successful in excluding poor SNPs with-
out removing genuine associations. These quality filters were lax compared to
those used by some other studies (especially for Hardy-Weinberg equilibrium),
but they were chosen to produce as clean a dataset as possible without exclud-
ing any true associations. Cluster plots for all putative associations were thus
visually inspected to supplement QC, and a further 638 SNPs were excluded on

this basis.
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Figure 3.6: Histogram of proportion of individuals called missing for each SNP
(i.e. with maximum posterior probability < 0.9). The large majority of SNPs
had very high completeness.

3.4 Association analyses

3.4.1 Population structure

One cause of false positive findings in association studies is hidden population
structure. Case and control samples may differ in the distribution of their an-
cestry, either due to ascertainment or to confounding when different ancestries
carry higher disease risk and are, as a result, over-represented in cases. Even
after exclusion of individuals with evidence of recent non-European ancestry,
as described above, the British population is heterogeneous. Members of the
WTCCC thus undertook two analyses to determine the extent of this problem.

First, they looked across all 17,000 samples in an 11 d.f. test of association with



CHAPTER 3. THE WTCCC 41

12 broad geographical regions within Britain. This analysis revealed 13 highly
differentiated regions, including such expected loci as the lactase gene and the
HLA region, but showed no evidence for genome-wide differences within Britain.
Second, principal components analysis were used to look for within-Britain geo-
graphical axes of variation. Two principal components did correspond modestly
to a NW to SE trend, but these were less significant than six principal compo-
nents which were attributable to local linkage disequilibrium. Thus, the overall
effect of population structure in the WTCCC dataset was small, confirmed by

low estimates of over-dispersion of association statistics (Agc < 1.1).

3.4.2 Disease association results

Both trend tests (Balding et al., 2003) (1 degree of freedom) and general geno-
type tests (Balding et al., 2003) (2 d.f., referred to as genotypic) for association
were carried out between each case collection and the pooled controls using the
PLINK software package (Purcell et al., 2007). The results of the trend test
genome-wide for all seven diseases are shown in Figure 3.7. Of 15 variants for
which there was strong prior evidence of association with one or more of the
diseases studied (based on previous extensive replication), seven showed strong
(p < 5 x 1077) association and six showed modest association in the WTCCC
(consistent with previously published effect sizes). The other two comprised
APOF in CAD, which is poorly tagged on the chip, and INS in T1D, for which
the relevant SNP marginally failed study-wide QC. In total, 21 regions exceeded
a p value threshold of 5 x 1077, as shown in Table 3.2.

The findings in Table 3.2 are unlikely to be due to either technical artefacts
or external confounders. As was described earlier, population structure within
these samples was minimal, and the absence of gross systematic inflation in any
case group implies that the excess of test statistics in the tail of the distribution
was not due to structure or other forms of bias. Two lines of evidence excluded
genotyping error as an explanation for these associations: (i) cluster plots were

visually inspected, and (ii) 20 of the 21 regions contained many nearby, corre-



CHAPTER 3. THE WTCCC 42

lated SNPs all showing a consistent pattern of association. The gold standard
for verifying these associations, however, is replication of the effect in indepen-
dent samples. A number of replication projects for these loci were carried out
separately from the WTCCC; I will describe the CD replication effort in detail
in Chapter 4.

Table 3.2 also illustrates one of the shortcomings of the GWAS approach.
The region boundaries for the 19 non-MHC loci were defined by the flanking
recombination hotspots which were strong enough to both extinguish the signal
of association and to nearly completely break down LD in the HapMap samples.
The sum of these bounded loci is nearly 7 megabases of sequence, highlighting
the fact that while the WT'CCC has demonstrated the potential of GWAS to
identify associated regions, there is a great deal of effort required to translate this
list of novel risk loci into deeper understanding of the biology of disease. Some
regions with one or only a few genes offer a potentially obvious path forward
in the targeted resequencing of exons, but others are much thornier, contain-
ing dozens of genes. Finally, for one of the CD loci, there are zero annotated
transcripts in the critical region, providing a challenge to conventional thinking
about the types of variation which can be causal with respect to disease asso-
ciation (this particular case, 5p13, was separately found to show an intriguing
connection to expression levels of a nearby gene (Libioulle et al., 2007)).

In addition to the set of convincing associations described in Table 3.2,
many of the diseases showed a statistical excess of p values showing modest
association (1 x 107> > p > 5 x 10~7). While the WTCCC discovered more
bona fide associations than had been generated by all previous candidate gene or
positional cloning efforts, the sum of these effects still represents a small fraction
of the overall heritability of these diseases. Several possibilities exist to explain
the remaining fraction of heritability, including rare variants and gene-gene and
gene-environment interactions. Still, it seems likely that many of the modestly
associated variants will be found to be true associations once they have been

evaluated in larger sample sizes. Chapters 5 and 6 discuss this possibility in
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greater detail.

3.5 Discussion

The WTCCC convincingly demonstrated, via the identification of a number of
new risk loci for complex disease, successful execution of a GWAS. In addition
to these immediately exciting results, there are a number of other useful lessons
to be learned. For example, typical effect sizes are even smaller than estimates
recently considered realistic (Carlson et al., 2004a). It was thus critical that the
WTCCC experiment was designed with this consideration in mind: with 2000
cases and 3000 controls the WTCCC had 64% power to detect a 20% variant
with a multiplicative OR of 1.3 (at p < 5x 10~7), whereas a design more typical
of the first generation of GWAS, with 1000 cases and 1000 controls, would have
had less than 6% power.

The study can serve as a guide for how generally to approach a GWAS.
Concerns before the project began included the problem of multiple hypothesis
testing, computational burden, population structure and genomic coverage of
available chips. In the end, however, none of these issues posed a significant
challenge. Developments from early GWAS, including the WTCCC, have indi-
cated that true associations surpass even conservative thresholds (e.g. 5 x 1078
(Dudbridge, 2007)), once a sufficiently large sample has been assembled. Effi-
cient software packages including PLINK and SNPTEST have made the stan-
dard analyses feasible even on the largest datasets. Population structure within
the UK did not lead to systematic increase in type I error, and while incomplete,
the coverage of the Affymetrix chip was sufficient to detect nearly all previously
documented associations.

More important than any of these expected challenges was careful quality
control. In such large datasets, small systematic differences can readily pro-
duce effects which appear to be disease associations, or which are capable of

obscuring true associations. The detailed analyses of genotype calling allowed
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sensible thresholds for heuristic QC filters which removed as much suspect data
as possible without discarding actual associations. It was in large part due to
this rigorous attention to the details of quality control that the results of the
WTCCC were relatively straightforward to interpret.

The WTCCC yielded many exciting, novel associations, but represented
only the beginning of the process of identifying, verifying and understanding
these loci. The WTCCC itself was only a hypothesis-generating exercise, and
requires careful replication to satisfactorily demonstrate that these loci are as-
sociated with disease. None of the loci had effects comparable in size to large,
longstanding associations, such as the HLA in T1D, and typical per-allele ORs
were less than 1.4. This implies that still larger sample sizes will be required in
order to identify putative loci with even smaller effects than these. The crucial
next steps, therefore, as presented in the next three chapters, are replication of

described loci and agglomeration of more samples to pursue additional loci.
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Figure 3.7: For each of seven diseases, —log;, of the trend test p value for
quality-control-positive SNPs, excluding those in each disease that were ex-
cluded for having poor clustering after visual inspection, are plotted against
position on each chromosome. Chromosomes are shown in alternating colours
for clarity, with p values < 1 x 10~° highlighted in green. All panels are trun-
cated at —logio(p) = 15, although some markers (for example in the MHC in
T1D and RA) exceed this threshold.



Chapter 4

Replication of WTCCC

Crohn’s disease associlations

4.1 Background

4.1.1 Inflammatory bowel disease

Inflammatory bowel disease (IBD) is a set of related disorders characterised
by chronic inflammation of the gastrointestinal tract. The two most common
forms of the disease are ulcerative colitis (UC), first publicly described by Wilks
and Moxon (1875) and Crohn’s disease (CD), first described by the eponymous
Crohn et al. (1932). Together, the discovery of these disorders represented a
change in the understanding of bloody colitis, which was previously considered
to be universally attributed to infection by dysenteric pathogens.

The twentieth century has seen great progress in empirically defining the clin-
ical, pathological and radiological features of these diseases (Xavier and Podol-
sky, 2007), but their aetiology is still almost entirely unresolved. Both subtypes
involve similar clinical features, including fever, abdominal pain, diarrhoea, rec-
tal bleeding and weight loss, but they are endoscopically quite distinct. CD

is characterised by discontinuous or segmented inflammation principally in the
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ileum and colon, but with possible involvement of any part of the gastrointesti-
nal tract. Complications including stricture, fistulae, and perianal involvement
are relatively common. UC, on the other hand, involves continuous inflamma-
tion exclusive to the colon without any of the aforementioned complications.
The two conditions are thus considered to be distinct, if not discrete, entities,
with a misdiagnosis rate of approximately 10% (Podolsky, 2002).

Treatment options vary according to the severity of disease, ranging from
longstanding use of aminosalicylates and cortical steroids to infusions of inflix-
imab, an anti-tumour necrosis factor agent, to surgery in the most extreme
cases. These treatments are imperfect, however, both due to inconsistent re-
sponse and drug resistance (20% of treated patients are steroid resistant, and
30% become steroid-dependent (Munkholm et al., 1994)). Some of the more se-
vere treatments (e.g. infliximab) are associated with significant side effects and
potential toxicity, including neutropenia, sepsis and lymphoma. The annual cost
of treatment of inflammatory bowel disease in the UK was recently estimated
to be £376 million (Bassi et al., 2004), marking it as a substantial public health
burden. A British population cohort of subjects born in 1970 reported a CD
prevalence of 375 cases per 100,000 people (Mathew, 2008). Further estimates
of prevalance in Western countries vary, but are widely agreed to be increasing

(Loftus, 2004), even among populations with a historically low rate of disease.

4.1.2 Early genetics of CD

There are a number of reasons to believe that CD has a large heritable com-
ponent. Monozygotic twin concordance is estimated to be 45%, compared with
10% for dizygotic twins (Tysk et al., 1988), and Ag is consistently estimated
to be > 20. This is more than four times greater than a disease like type 2
diabetes, and is even larger than highly heritable auto-immune disorders like
multiple sclerosis and type 1 diabetes (Merikangas and Risch, 2003). Unlike
these latter two, for which a large fraction of the heritability derives from ef-

fects in the HLA region, CD does not have a single overwhelming risk locus.
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All of this evidence has fuelled two decades of research into the genetics of
CD. A number of international groups carried out family based linkage scans
(Satsangi et al., 1996a; Hugot et al., 1996; Rioux et al., 2000) which had been
successful in monogenic disorders. A region on 16q (designated IBD1) was the
first reported (Hugot et al., 1996) and most widely replicated linkage finding,
including among pooled data from 12 centres (Cavanaugh, 2001). Positional
cloning efforts by Hugot et al. (2001) led to the discovery of a strong associa-
tion to the NOD2 gene within the IBD1 locus. Three relatively rare variants
(less than 10% in control populations) were found to account for the associa-
tion signal, and are presumed to be causal: two missense mutations, Arg702Trp
and Gly908Arg, along with a frameshift mutation (Hugot et al., 2001; Ogura
et al., 2001; Hampe et al., 2001). The population genetics of NOD2 are also
interesting, as the frequency of the risk mutations is much lower in Northern
Europe than in Southern Europe (Gaya et al., 2006), and they are essentially ab-
sent from East Asian populations (Yamazaki et al., 2002). Thus, the fraction of
genetic risk contributed from a given locus can vary widely among populations.

NOD2 is a rare success story among efforts to map genes for complex traits
via linkage, but upon close consideration it is clear that the nature of the effect
is perfectly suited to the linkage approach. First, heterozygote ORs for these
mutations have been estimated to be roughly three (Gaya et al., 2006), marking
NOD2 as a substantial outlier (in terms of effect size) from other confirmed
associations to complex disease. Second, the risk alleles are relatively rare among
healthy individuals (Gaya et al., 2006), making it easier to trace the segregation
of chromosomes carrying the risk allele within families. Finally the presence of
multiple risk alleles plays to the strength of linkage methodology, which does
not suffer loss of power in regions of allelic heterogeneity.

Follow-up of a weaker (but still significant) linkage signal on chromosome
5q (IBD5) led to an association in a long stretch of several hundred kilobases
of strong LD (Rioux et al., 2001). While this association has been replicated

numerous times, the susceptibility genes within IBD5 have not been conclusively
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identified (Peltekova et al., 2004; Vermeire et al., 2005; Waller et al., 2006). This
effect is much smaller than NOD2, with an OR = 1.35 (the risk allele is quite
common, existing at 40% among controls). Interestingly, this effect by itself
is not enough to explain the linkage signal in the region, implying that, unlike
NOD2, the story is not simply the positional cloning of a locus discovered by
linkage.

Other interesting results from linkage scans include chromosome 6p (IBD3),
which spans the MHC. This effect has been widely replicated (Satsangi et al.,
1996b), but is neither as large, nor as well understood, as it is for other auto-
immune diseases. Furthermore, the effect appears to be substantially larger for
UC than CD (Gaya et al., 2006). Stoll et al. (2004) identified an association to
the gene DLG5 during a positional cloning effort on a linkage peak on chromo-
some 10q. This association (estimated in the original study to be of similar effect
size as IBD5) has not been as consistently replicated (Vermeire et al., 2005; No-
ble et al., 2005) as either IBD5 or NOD2, and thus requires additional data
before it can be convincingly labelled a CD risk gene, or ruled out as a false
positive. Neither the IBD2 (chromosome 12) nor the IBD4 (chromosome 14)
loci have yet had fine-mapping or gene identification reported, despite meeting
established criteria for significant linkage. Nor have any of the many additional
candidate gene studies in CD yielded consistently replicable associations.

Some insight into the pathophysiology of IBD has come from these early
discoveries, coupled with additional evidence from mouse, histological, and bi-
ological studies (Xavier and Podolsky, 2007). It seems clear, for instance, that
a perturbation of the dynamic balance between commensal flora in the gut and
the host is critical to IBD development. This is reinforced, for example, by
the observation that some colitis-susceptible strains of mice show no symptoms
when maintained in a gnotobiotic state, but develop disease once bacteria are
introduced to their environment (Xavier and Podolsky, 2007). IBD seems to
develop as a result of bacterial penetration of the epithelial barrier, resulting

in the symptomatic inflammatory response from the adaptive immune system.
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While incompletely understood, the role of NOD2 in CD seems to be related
to impaired anti-bacterial immunity in the innate immune system, as it is ex-
pressed in dendritic cells, Paneth cells and the intestinal epithelium (Xavier and
Podolsky, 2007). Despite this progress it is clear that additional insight about

the genetic risks will help to understand the full pathogenesis of IBD.

4.1.3 Genome-wide association in CD

The longstanding evidence for a large genetic component for CD risk, coupled
with its relatively high public health burden, makes it an ideal phenotype for
GWAS. The effect at IBD5 demonstrates the plausibility of common loci of
modest risk for CD (for which GWAS is most useful), and the disparity between
total heritability and the few known loci implies that many remain to be found.
Early GWAS in CD span the spectrum of designs in terms of both SNPs and
samples, and provide a useful overview of the general prospects and pitfalls
involved, in addition to discovering new genes.

Yamazaki et al. (2005) described the first large scale association study in CD,
which genotyped about 73,000 gene-based SNPs in 94 Japanese CD patients and
752 healthy controls. Nearly 2000 SNPs with p < 0.01 were subsequently geno-
typed in the second stage of the experiment in an additional 390 CD patients.
One association, at TNFSF15, remained extremely significant (p < 10713), and
was replicated in a UK population, consisting of both families and unrelated
cases and controls. The success of this study is somewhat surprising because
the relatively small SNP set was chosen without respect to LD and thus did not
provide anything close to the coverage of GWAS chips described in Chapter 2.
Furthermore, the sample size in the first stage was small, and even the combined
sample size from stages 1 and 2 was modest by current standards, and was only
well-powered to find very large effects. Indeed, the OR estimate in the Japanese
sample for this effect was roughly two, but was much smaller (~ 1.3) in the UK
samples. It remains to be seen whether there is truly population-differential

risk at this locus. Another possible explanation would be systematic inflation
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of test statistics in the Japanese samples (as evidenced by a three-fold excess of
p < 0.01 in their screening set).

A scan of about 7000 common nonsynonymous SNPs (Hampe et al., 2007) in
735 German CD patients and 368 controls detected a number of strong signals,
which were followed up in additional German and UK samples (including both
unrelated cases and controls and families). Interestingly, their four strongest
initial signals (10~7 > p > 10714) showed absolutely no evidence for replication,
implying they may have been technical artefacts left behind by insufficiently
rigorous QC (as described in Chapter 3). Three signals replicated: the known
associations at NOD2 and IBD5, plus a new finding in the gene ATG16L1.

The first true CD GWAS was conducted using approximately 1000 cases and
1000 controls from North America, genotyped on the Illumina HumanHap300
(Duerr et al., 2006; Rioux et al., 2007). This scan identified two new loci with ex-
tremely convincing replication (pyep< 107%): IL23R and an intergenic region on
chromosome 10g21. An additional three regions (of 19 attempted) which showed
modest evidence for association in the GWAS showed nominal replication, and
require further validation. Of the previously identified loci, only NOD2 and
ATG16L1 showed strong signals. IBD5, TNFSF15, and DLG5 showed modest
association at best.

The second CD GWAS (and final important study prior to the WTCCC)
genotyped 547 Belgian CD patients and 928 healthy controls from Belgium and
France, also on the the Illumina HumanHap300. They detected (and subse-
quently replicated) a signal in a large gene desert on chromosome 5p13, as well
as the previously reported hits in IL23R and NOD2. No significant associa-
tion was seen in the other previously reported hits, although the ATG16L1 was
confirmed upon genotyping the specific coding SNP reported by Hampe et al.
(2007). The authors performed dense genotyping in the newly discovered region
at 5pl3, and observed that some SNPs in the region associated with CD were
also associated with expression of the nearby gene PTGER/. Curiously, how-

ever, the strongest associations with gene expression did not correspond to the
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strongest associations with CD, suggesting that the causal relationship to CD
has not been fully elucidated.

Knowledge of CD genetics had thus been substantially expanded in a very
short space of time. In addition to explaining a larger fraction of the genetic risk
of CD, these loci identified disease pathways which were previously unsuspected.
ATG16L1, for example, highlighted the process of autophagy, the degradation of
both a cell’s own components and intracellular bacteria. Indeed, cells with small
interfering RNA induced knockdown of ATG16L1 show a significant reduction
of autophagic activity when infected with Salmonella typhimurium (Rioux et al.,
2007).

These successes are slightly tempered, however, by questions raised when
considering the full collection of historical results: how could the relatively
modest overlap among newly identified regions, and inconsistency with respect
to longstanding associations be explained? Were results from GWAS follow-
ing the same pattern of non-replication as candidate gene studies described in
Chapter 17 These issues, along with the validation of hits described in Chapter

3, are addressed in the next section.

4.2 Replication of hits from the WTCCC

As was described in Chapter 3 and highlighted above, the ultimate test of the
validity of a genetic association is replication in an independent set of samples.
Thus, a CD replication experiment separate from the main WTCCC project
was undertaken to follow-up the most significant results. Nine genomic regions
showed strong association to CD (p < 5 x 10~7), including four which had been
convincingly replicated, as described above: NOD2, IL23R, 5p13 and ATG16L1.
The other five loci showing very strong association, plus an additional 25 loci
with p < 107° on initial analysis of the WT'CCC dataset were taken forward
to the follow-up study. The aim of this project was to focus on the regions

which showed the greatest statistical evidence for association in the WTCCC,
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irrespective of assumptions about candidacy. Some of the SNPs described be-
low have p > 10~° because support for these markers diminished in the final
WTCCC analysis after extensive data filtering.

As expected, nearly all associations show strong signal at many nearby SNPs
in LD. As described in Chapter 3, any set of associated SNPs flanked by recombi-
nation hotspots was considered to be a single risk locus. Occasionally, however,
multiple subsets of variants for which there was strong LD within a subset, but
almost no correlation between subsets, were observed within a single locus. The
interpretation of such observations is open to debate: are there, in fact, two in-
dependent causal variants in the same region, each correlated with a distinct set
of proxies? Or is the underlying pattern of LD complex enough that one causal
mutation is strongly correlated to both subsets without them being correlated
to each other? Two markers were selected from each of the six loci exhibiting
this pattern to evaluate this question further.

The process of replicating a genetic association is twofold: confirming that
the original estimate of the population frequency of the allele (in controls) is
accurate, and confirming that disease cases show a consistent difference from
that frequency. The additional disease samples in the WTCCC provide a unique
resource to assess how close the control frequency is to the true population fre-
quency, provided that any CD variants are not involved in the other diseases.
Allele frequencies for our 37 SNPs were therefore examined in 5746 non-auto-
immune WTCCC cases (comprising the BD, CAD, and HT collections). To ver-
ify a consistent frequency difference in CD cases the SNPs were then genotyped
in a new panel of 1182 Caucasian CD cases using TagMan assays (Methods and
Table 4.3). Concordance with Affymetrix data was 99.7%, based on genotyping
96 WTCCC cases on both platforms. Twelve SNPs showed a difference in allele
frequency between these two groups (Table 4.1), while for 25 other markers the
allele frequencies converged (Table B.1, Appendix B). To exclude possible bias
introduced by this approach, the 12 markers implicated in this preliminary com-

parison were then genotyped in 2024 independent population controls from the
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1958 British Birth Cohort to test formally for association. Results are presented
in Table 4.1, with odds ratios estimated from replication samples only.

Among new loci achieving genome-wide significance in the WTCCC scan,
the strongest replication for a region containing a known gene was for SNPs
1513361189 and rs4958847 (prep= 6.6 x 10~* and 3.1 x 10~ respectively) imme-
diately flanking the TRGM gene [MIM 608212] on chromosome 5q33.1. Asso-
ciation in the combined panels of 2930 CD cases and 4962 controls was highly
significant (peomp= 2.1 x 10710 and 3.8 x 107? respectively). Figure 4.1 shows
the associated region, which also contains a zinc-finger, ZNF300 and part of the
transcript of NID67. Two lines of evidence point to IRGM as the relevant gene
in the interval. First, the SNPs with the strongest signal cluster directly around
IRGM. While this does not rule out the possibility that different, ungenotyped
SNPs in the broader LD window are causal, it increases the prior probability
that the causal variant is in this narrow interval. Second, functional knowledge
of IRGM indicates that it is involved in the autophagy pathway, which was im-
plicated in CD with the discovery of ATG16L1, described above. IRGM belongs
to the p47 immunity-related GTPase family. Irgm, its mouse homologue, criti-
cally controls intracellular pathogens by autophagy, and Irgm ™/~ mice showed
markedly increased susceptibility to Toxoplasma gondii and Listeria monocyto-
genes (Collazo et al., 2001). Consistent with this, IRGM induces autophagy and
thereby control of intracellular Mycobacteria tuberculosis in human macrophages
(Singh et al., 2006).

The long coding exon of the human IRGM gene encodes a 20 kD protein
of 181 amino acid residues (Bekpen et al., 2005; Singh et al., 2006). Since
none of the associated SNPs were known to be functional, this coding exon
of IRGM and the 4 small putative downstream exons were re-sequenced in 48
CD cases homozygous or heterozygous for risk alleles (Methods). Two novel
non-synonymous sequence variants, ¢.51G—C (p.Glul7Asp) and ¢.281C—A
(p-Thr94Lys) and an exonic synonymous SNP, ¢.313T—C (rs10065172, p.L105)

were detected. These SNPs were then genotyped in 769 unselected CD cases
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Figure 4.1: Associated region at TRGM. The upper panel shows strength of
association of Affymetrix 500K SNPs in the region, with combined p values
shown in red for replicated SNPs. The lower panel is a recombination map
showing how the signals are demarcated by recombination hotspots. Nearby
genes are shown in yellow.

from our study and 705 controls. Only the silent 313T—C variant was associated
with CD (p = 0.008), and was in near perfect LD with SNP rs13361189 (r?=
0.91). Sequencing of the IRGM coding region in a further 100 unselected CD
cases and 100 controls did not detect additional variants. These results strongly
suggest that the causal variants do not change the amino acid sequence of the
IRGM protein. They may lie in regulatory sequences, in LD with the associated
SNPs, and affect IRGM expression; alternatively, the exonic (¢.313T—C) SNP
itself might affect transcript splicing or the rate of translation of the protein.
Three other associations with genome-wide significance in the WTCCC scan

produced strong evidence of replication (p < 0.01). The strongest was SNP
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159292777 (Prep= 2.9 X 10775 peomp= 3.2 x 1071¥) which maps to the previ-
ously described 1.2 Mb gene desert on chromosome 5p13 (Libioulle et al., 2007)
(follow-up was already underway when this association was published). The
second most significant previously unreported association was SNP rs10883365
(Prep= 0.0037, peomb= 3.7 x 1071%), which maps within the NKX2-3 gene (NK2
transcription factor related, locus 3) on chromosome 10q24.2. Nkx2.3-deficient
mice develop splenic and gut-associated lymphoid tissue abnormalities with dis-
ordered segregation of T and B cells (Pabst et al., 2000). The novel locus at
189858542 (prep= 0.010, peomp= 4.9x1078) on chromosome 3p21 is a 1 Mb region
of high LD that contains over 20 genes, including MST! (macrophage stimu-
lating 1), encoding a protein which induces phagocytosis by resident peritoneal
macrophages. Interestingly, a detailed analysis of this region was subsequently
published as part of a follow-up to previous linkage on chromosome 3p, with
some evidence that coding changes in MST1 account for the signal (Goyette
et al., 2008).

The modest evidence of replication for SNP rs2542151 (p = 0.048) at the
PTPN2 locus (protein tyrosine phosphatase, non-receptor type 2) on chromo-
some 18p11 (Peomp= 3.2 x 1078) is of interest since PTPN2 encodes a T cell
protein tyrosine phosphatase, a key negative regulator of inflammation and is
also associated with type 1 diabetes (Todd et al., 2007). Puzzlingly, rs10761659
on chromosome 10q21, a region previously reported and replicated by the North
American scan (Rioux et al., 2007) and strongly associated in the WTCCC scan,
did not show evidence for replication in our data (Table B.1).

Allele frequencies for most of the markers from the 25 other loci studied
that did not achieve genome-wide significance in the WTCCC scan but had an
initial p < 107° converged with control frequencies in the CD replication panel
(Table B.1). Five of these loci, however, provided at least nominal evidence of
replication, indicating that a systematic follow-up in larger samples of all CD
hits in the 1075 to 10~7 range is likely to yield a number of additional CD

susceptibility loci. Four of these loci are novel putative CD risk loci; intrigu-
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ingly they include two gene deserts, both on chromosome 1q. SNP rs10801047
(Prep= 4.8 x 1072, Peomb= 2.8 X 10*8) is located in a gene desert of 1.7Mb on
chromosome 1g31.2, and rs12035082 (prep= 0.017, peomb= 2.1 X 10~7) maps to
chromosome 1g24 (the association signal does not extend to the nearest gene,
TNFSF18). Although previous studies did not implicate IL12B (interleukin
12B) (Hampe et al., 2007; Rioux et al., 2007), modest WTCCC association at
rs6887695 (in the gene) replicated here (prep= 8.4 x 107°, peomb= 9.2 x 107°)
and warrants follow-up, particularly given its association with psoriasis (Cargill
et al., 2007) and the common association of IL23R with psoriasis and CD (Duerr
et al., 2006; Cargill et al., 2007). SNP rs10077785 (prep= 0.008) tags the previ-
ously described IBD5 locus. Finally, 1s2836754 (prep= 0.012, peomb= 5.5x1077)
maps to an intron in FLJ45139, a gene of unknown function on chromosome 21
that is expressed in bone marrow and colon.

Within-cases interaction analysis was performed between known CD sus-
ceptibility variants and replicating SNPs. For NOD2, rs2066844, rs2066845 and
rs2066847 were tested independently or in combination classifying individuals as
homozygous wild type, heterozygous or compound heterozygote/rare-allele ho-
mozygote. No significant interactions were seen. Testing CD associated variants
rs11805303 in IL23R and rs10210302 in ATG16L1 also showed no interactions.
These risk loci in CD appear to act independently.

Six sub-phenotypes of CD and two modifiers were examined for differential
effects within cases at markers studied. Cases were classified as affected or unaf-
fected for disease site (‘pure ileal’, ‘pure colorectal’, ‘perianal involvement’) and
behaviour (‘inflammatory’, ‘stenosing’ and ‘penetrating’); and by age of onset
and smoking status (Table 4.2). Inflammatory behaviour appeared less strongly
associated with rs10210302 (in ATG16L1, p = 0.0003, Bonferroni p = 0.010)
than stenosing or penetrating behaviour. No further significant differential as-
sociations were seen, although ‘pure ileal’ tends to associate more strongly with
most replicating SNPs than ‘pure colorectal’.

The understanding of CD pathogenesis has been further refined, as the
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genetic evidence regarding IRGM, ATG16L1 (converging on autophagy path-
ways), NOD2 and IL23R strongly implicates defects in the early immune re-
sponse, particularly innate immune pathways and the handling of intracellular
bacteria. Whether the latter is restricted to a single pathogen or, more likely, a
class effect of sub-pathogenic bacteria relying on defective host innate immunity
for survival, awaits further investigation.

This study confirmed (peomp< 5 x 1078) all four previously unpublished
CD loci which achieved genome-wide significance in the WTCCC scan (IRGM,
NKX2-3, PTPN2, and 3p21) as well as less conclusively implicating four ad-
ditional new risk loci. Along with the WTCCC scan, these data also confirm
previously published associations at NOD2, IBD5, IL23R, ATG16L1 and 5p13.
Supporting evidence was also found for both TNFSF15 and 10g21: the for-
mer barely missed the cutoff for follow-up from the WTCCC (p = 7.9 x 107°)
and the latter showed very strong evidence in the WTCCC, but replication was
equivocal. The cumulative evidence to this point had thus pinpointed 11 CD
risk loci, with varying degrees of evidence for an additional handful.

Upon initial inspection, the WTCCC does not seem to have completely
resolved the question posed at the end of Section 4.1.3: why have these studies
found different subsets of these loci? Upon more careful consideration, however,
the pattern of associations in these studies makes a great deal of sense. Every
study found consistent evidence for the two largest effects, NOD2 and IL23R
(provided relevant SNPs were genotyped). The remaining complement of nine
verified associations are all small enough that each of these studies had imperfect
power to detect them. Even for the largest of these effects, ATG16L1 and
5p13, the pre-WTCCC scans had as little as 10-20% power to detect them at
the significance thresholds required to be taken forward into their respective
replication experiments. The WTCCC, by contrast, had 85% power to detect
these effects, which is borne out by the fact that the WTCCC identified half
a dozen modest effects, compared to one or two by each of the smaller scans.

Clearly, then, there is great potential in assessing even larger sample sizes to



CHAPTER 4. CD REPLICATION 61

continue identifying variants of even smaller effect. I shall address this issue in

detail in Chapters 5 and 6.

4.2.1 Methods

Participants

1182 European Caucasian CD patients distinct from the WTCCC panel gave
written consent and blood for DNA extraction following Research Ethics Com-
mittee approval. Standard endoscopic, radiological and histological diagnos-
tic criteria were applied and phenotypic details obtained by case notes review
(Lennard-Jones, 1989). The Montreal classification (Silverberg et al., 2005) (age
of diagnosis, disease location and behaviour) was used for CD sub-phenotype
(Table 4.3). Only one member of multiply affected families was included. The
2024 ethnically matched controls came from the 1958 British Birth Cohort which
includes all subjects born in one week of March 1958 in England, Scotland and
Wales (Power and Elliott, 2006). There was no overlap with the 1500 samples

genotyped as controls in the WTCCC.

SNP genotyping and sequencing

37 SNPs were genotyped using validated Tagman assays (rs1931047 was custom
designed, ABI). The human IRGM gene contains one large exon encoding all
181 amino acids of the major isoform; 4 small exons extending 50 kb 3’ to
this have been proposed to encode additional isoforms with short extensions of
the C-terminal end of the protein (Bekpen et al., 2005). The large coding exon
was screened by direct re-sequencing of two overlapping amplimers using primer

pairs:
IRGM1_EX1.1F 5 — GCCAGGATGGTCTCAATCTC
IRGM1_EX1.1R 5" — GCAGATGCAACCATGATGAA

IRGM1_EX1.2F 5" — CCCTTCGAAACACAGGACAT
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IRGM1_EX1.2R 5 — CCTTCTGCACCAGGTGTGTT

with ABI BigDye v3.1 dye-terminator chemistry and analysed on an ABI 3730XL

Sequencer. Primers for the 4 small putative 3’ exons were:

IRGM1_EX2F 5 — CGGGTGACCTAAATAACCACT
IRGM1_EX2R 5 — GCCTCACAAAGTTAGGAAGCA
IRGM1_EX3F 5 — TTAGTCTGGCCAGGCACTGT
IRGM1_EX3R 5 — TGAGCTGTGACCCACACTATG
IRGM1_EX4F 5 — TGCCTCAGTCACTGTTTTGC
IRGM1_EX4R 5 — TGATGAGACCCCACTTTTTCA
IRGM1_EX5F 5 — CCCATGTCTGCTACAGAACTTTT

IRGM1_EX5R 5 — TGGATTTCCTCTGTATTCCACA

Identified IRGM variants were genotyped by direct re-sequencing as above.

Statistical analysis and quality control

Using data from a preliminary analysis of the WTCCC GWA scan, 37 SNPs
showing allelic association at p < 10~° using the Cochran-Armitage trend test
were selected for follow-up. Table B.2 in Appendix B shows missing data
rates and HWE p values for the 37 SNPs. Twelve SNPs showed consistent
case/control allele frequencies in additional genotyped cases and three non-
autoimmune samples from the WTCCC. These 12 SNPs were evaluated using
the trend test as implemented in PLINK (Purcell et al., 2007), both alone and
combined with the WTCCC dataset. For a multiplicative effect, with a perfect
proxy to the locus, the power to detect the effect with the replication sample

set of 1182 cases and 2024 controls at p < 0.01 was as follows:
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OR MAF Power (%)

0.1 38
1.2

0.2 66

0.1 78
1.3

0.2 96

Case-only interaction tests were performed for replicating SNPs against CARD15,
IL23R and ATG16L1 using PLINK. We tested for association at these loci
within-cases in the original WTCCC sample for six sub-phenotypes and two
modifying effects. Significance would indicate the variant preferentially affects

one subphenotype more than the others.
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WTCCC Replication
(n = 1748) (n = 1182)

Median age (yrs) 45.7 43.9
Median age at diagnosis (yrs) 26.1 25.5
Gender (female: male) 1.55 1.48
Jewish ancestry 1.75% 1.03%
Tleal location 33.1% 38.1%
Colonic location 31.2% 29.6%
Ileo-colonic location 35.7% 32.3%
Perianal involvement 27.8% 23.8%
Inflammatory behaviour 45.6% 40.2%
Stenosing behaviour 37.0% 38.7%
Penetrating behaviour 17.5% 21.2%

Table 4.3: Demographic and subphenotype details for CD samples.



Chapter 5

Integrating
publicly-available genome

wide associlation studies

5.1 Introduction

Chapters 3 and 4 have demonstrated the success of genome-wide association
at identifying novel genetic loci associated with multifactorial human diseases
including diabetes, cardiovascular disease, breast, prostate and colon cancer
and several auto-immune disorders (Duerr et al., 2006; Wellcome Trust Case
Control Consortium, 2007a; Easton et al., 2007; Zeggini et al., 2007; Parkes
et al., 2007; Gudmundsson et al., 2007; Todd et al., 2007; Wellcome Trust Case
Control Consortium, 2007b). Because of careful attention to statistical rigour
and independent replication, many of these associations have achieved levels
of statistical support which frequently eluded earlier candidate gene studies
(Chanock et al., 2007). Most of the GWAS conducted thus far have employed
case-control designs with 500-2000 cases and similar numbers of controls, and

in general the associated variants have OR of about 1.25, with very few loci at

66
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or above OR = 1.5 (Cardon, 2006).

Despite the success of the first generation of genome-wide scans, there are
likely many more susceptibility loci awaiting identification. Although some of
these will comprise rare mutations (Cohen et al., 2004), structural variants
(Sebat et al., 2007) and population-specific loci (Negoro et al., 2003), there are
also additional loci to be found using the existing marker sets and study designs,
but with larger sample sizes. In Type 2 diabetes, for example, seven new re-
gions of replicated association were identified by combining three genome scans
(total of 4549 cases/5579 controls). None of these loci met the study-specific
screening thresholds in all three studies, yet in combination the loci yielded sig-
nificance levels ranging from 107 to 106 and were subsequently validated in
independent samples (Wellcome Trust Case Control Consortium, 2007a; Scott
et al., 2007; Saxena et al., 2007). Similar studies have recently been completed
for lipid concentrations (Kathiresan et al., 2008; Kooner et al., 2008; Willer
et al., 2008)(yielding 7 new loci), and Crohn’s disease, described in Chap-
ter 6 (increasing the number of validated associations from 11 to over 30).
These outcomes illustrate the theoretical expectation that larger sample sizes
lead to increased power to detect modest effects (Altshuler et al., 2000; Clarke
et al., 2006).

Many of the recent and ongoing GWAS have made the genotype and phe-
notype data available to the scientific community. Indeed, there are already
more than 50,000 samples available in public repositories, with additions occur-
ring regularly (see, e.g., the WTCCC (http://www.wtccc.org.uk/) and dbGAP
(http://www.ncbi.nlm.nih.gov /sites/entrez?db=gap)). In principle, these data
have the potential to yield direct increases in statistical power to detect smaller
genetic effects via increased sample sizes, which is one of the main reasons
that funding agencies have strongly encouraged or mandated public data re-
lease (http://grants.nih.gov/grants/gwas/index.htm). In practice, however, it
is unclear how to make use of public data to increase power while avoiding an

increase in type I error rate.
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The potential applications of public genotype and phenotype data to associ-
ation studies can broadly be divided into two categories: (i) performing a meta-
analysis of multiple scans for the same phenotype, each consisting of a distinct
set of cases and controls; (ii) directly combining genotype data from multiple
studies with the intent of treating them as a single dataset for subsequent anal-
yses. The meta-analysis approach is attractive because it provides insulation
from some sources of bias and preserves whatever case-control matching is done
within each study. The most obvious scenario for use (ii) is to increase power by
including additional controls, as shown to be successful in a recent nsSNP scan
of four diseases (Wellcome Trust Case Control Consortium, 2007b). Either ap-
proach, but especially the second, requires that the public data be combined in
such a way that the power gain is not negated by the inevitable effects of genetic
heterogeneity, variability in genotype quality, differences in the composition of
marker panels and other genetic confounders. The aim of the present study is to
elucidate the sources and magnitude of genetic variability in presently available
public data and assess how they can be integrated for practical applications in

association mapping.

5.2 Results

In order to gain insight into the issues related to integrating GWAS, four
publicly-available datasets were selected which vary for several interesting prop-
erties, including nationality, genotyping technology, calling algorithms used, and

means of data distribution (Table 5.1).

5.2.1 Data annotation and distribution

The first step in combining these datasets was to correctly annotate SNPs rel-
ative to some genomic reference. Genomic build and strand information was
obtained from the WTCCC manuscript for the UKBS and 58C Affymetrix

datasets, from the download site for NINDS, and was not obviously available for
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Dataset N Samples QC+ SNPs Platform Nationality
UKBS 1433 459,450 Affymetrix 500K UK

NINDS 817 308,235 Tllumina HumanHap300 USA

NIMH 1229 440,439 Affymetrix 500K USA

58C 1449 459,450 Affymetrix 500K UK

58C 1424 537,862 Illumina HumanHap550 UK

Table 5.1: Samples used for evaluating GWAS integration. UKBS and 58C
are WTCCC controls described earlier, NINDS samples are from the National
Institute of Neurological Disorders and Stroke(Schymick et al., 2007) , NIMH
samples are controls from the National Institute of Mental Health Center for
Collaborative Genetic Studies (http://www.nimhgenetics.org/).

the NIMH data. Official annotations from genotyping companies such as Illu-
mina and Affymetrix are frequently updated and modified, and it is difficult to
map these to the versions used for any particular project unless annotations are
distributed with the datasets. While unknown or conflicting genome builds lead
to difficulty in precisely placing particular SNPs, incorrect strand orientation
can render data unusable or yield spurious results. For example, the 58C and
NIMH Affymetrix datasets share 394,044 polymorphic SNPs which pass QC in
both samples. Of these, 330,136 have non-complement alleles (i.e. A/C, A/G,
C/T, G/T) for which strand flips are easily spotted. Almost exactly half of
these (165,003) show strand discrepancy between the two datasets. This leaves,
however, 63,908 SNPs with complement alleles (i.e. A/T, C/G) which cannot
be reliably matched without annotation files.

One possible means of correctly determining alleles in such cases is to match
minor alleles from two samples. This approach fails, however, for markers with
allele frequency close to 50%. In essence, such an approach would have no
power to detect true associations at these nearly equifrequent markers, because
cases and controls would have different minor alleles and would be incorrectly
flipped to match. This is especially problematic because power to detect an
effect increases with allele frequency: a study with 1000 cases and 1000 controls
would have 23% power to detect (p < 107%) a MAF 0.45 locus with an OR of 1.3,
compared to just 8% for the same OR but 0.20 frequency. This is borne out by

the observation that 4 of 24 associations found in the WTCCC have opposite
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minor alleles in cases vs. controls. Figure 5.1 shows that adding additional
data without reliable strand information substantially increases power for most

frequencies, but is indeed problematic close to 50% MAF.
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Figure 5.1: Power to detect an effect with OR=1.3 vs. frequency under a
variety of circumstances in combined analyses: black line shows power for 1000
cases and 1000 controls; solid green line shows 2000 cases and 2000 controls
from one study; dashed green line shows two studies of 1000/1000 each, with
alleles matched on frequency, demonstrating reduced power at high frequencys;
purple line shows 1000/1000 from US and 1000/1000 from UK, corrected by
genomic control for residual structure (after MDS), showing less power than a
homogeneous set of the same size, but much more than either alone; orange line
shows a SNP with 1000/1000 samples genotyped, and 1000/1000 badly imputed
(see text), with the most severe attenuation at low frequencies.

Most public distributions of GWAS data consist of the genotype calls, but
there are potential problems with releasing only these processed data, instead
of the raw intensity values upon which the genotype calls are based. It has been

demonstrated, for instance, that mistakes in genotype calling on many platforms
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(even after strict QC filtering) lead to spurious associations (Clayton et al.,
2005). From the perspective of merging datasets, different calling algorithms
can also introduce false positives. For instance, when BRLMM genotypes were
compared to CHIAMO genotypes on the identical set of intensities for the 58C
(which should ideally lead to identical genotypes), nearly 700 SNPs show allele
frequency differences with p < 0.01. The best way to address these issues is to
use the same calling algorithm whenever possible, and to visualise cluster plots
of the intensity data (Figure 5.2) for all putative associations — both of which

require distribution of the raw intensity data.

rs773949
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Figure 5.2: Extreme difference in genotype calling between two algorithms,
BRLMM (L) and CHIAMO++ (R). While BRLMM has clearly made an egre-
gious calling error, both sets of calls pass QC because they have very little
missing data, and coincidentally both fall into Hardy-Weinberg equilibrium.

Annotation of DNA samples is also important, as both plate- and lab-specific
effects on genotyping have been previously documented (Clayton et al., 2005;
Wellcome Trust Case Control Consortium, 2007a) and are likely to be exacer-
bated by the sheer size of GWAS datasets. It is therefore recommended that
such information is provided, whenever possible, in much the same way as raw
genotyping data. A useful example of using SNP data to annotate sample data
is the comparison of specified gender in sample manifests with empirically de-
termined genetic gender. Figure 5.3 simultaneously shows both that manifest

genders are often incorrect, and that attributes of platform and calling algorithm
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can have unforeseen effects.
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Figure 5.3: X chromosome heterozygosity and missingness for
NIMH(Affymetrix-BRLMM), NINDS(Illumina) and WTCCC(Affymetrix-
CHIAMO++) data (left to right) with males coloured blue and females pink.
BRLMM disallows male heterozygotes and marks such genotypes as missing.
This non-randomly inflates missingness in males (which should look more like
the samples incorrectly labeled as females near the origin of the left panel), and
makes females mislabeled as males appear to be completely homozygous, but
with a missing rate approximately equal to the expected heterozygosity rate in
females.

5.2.2 Population structure

Another potential impediment to combining genome-wide datasets is population
stratification between samples, which can both reduce power and create false
positive signals (Marchini et al., 2004). A number of methods have been de-
tailed for addressing this issue, including genomic control (Bacanu et al., 2000)
and structured association (Pritchard et al., 2000). Genomic control applies
a uniform adjustment to all markers, which has the drawback of heavily pe-
nalizing markers with little difference in frequency while under-correcting for
markers with extremely divergent frequencies in different populations. Struc-
tured association approaches are potentially more sensitive to this problem, but
are currently computationally unfeasible for genome-wide data. For these rea-
sons the data were analysed via MDS, as implemented in the PLINK software
package (Purcell et al., 2007).

MDS was employed for two distinct reasons: (a) to identify and remove
individuals with non-European ancestry and (b) to construct axes of variation

to remove the more subtle, within-population structure. Given that all of these
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samples are meant to be of European ancestry (likely true for most exercises in
combining GWAS) samples with a large proportion of non-European ancestry
should be excluded. As was described in Chapter 3, the MDS was first seeded
with the three HapMap panels (representing European, East Asian and Sub-

Saharan African ancestry) to identify outlier samples (Figure 5.4).

¥

PC 2

++

PC1

Figure 5.4: MDS of all samples, plus three HapMap panels to identify outliers
(crosses). Note that even on these axes, which are driven to correspond to
continental differences by the presence of the HapMap samples, it is possible to
see more dispersion in US samples (dark blue) than UK samples (cyan).

The second goal was to tease apart modest levels of within-Europe struc-
ture, which is much more sensitive to other data issues. While refining the
within-Europe MDS (using just the GWAS samples after excluding outliers),
for example, axes were found which corresponded to duplicate samples, undoc-

umented relatives, and a small number of SNPs which were grossly mis-called
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(see above) in one dataset. Even after filtering out these artefacts, only the
first axis robustly represents population structure, corresponding to the previ-
ously reported North-South cline in Europe (Tian et al., 2008). The second
axis represents a large, documented inversion on chromosome 8p23.1 (Barber
et al., 1998), the third and fifth correspond to long patterns of LD encompass-
ing the MHC region (it is not yet clear whether these are also inversions, or
result from some other process, such as selection) and the fourth to very mod-
est geographic variation that has no effect on the inflation of test statistics (see
below).

As expected, the US samples have a more widely spread distribution of the
first, demographically-relevant, component (Kolmogorov-Smirnov comparison
between the UK and US distributions, p < 10~1¢), which represents the greater
variability of Northern vs. Southern European ancestry, and more samples
at the Southern tail, which correspond well to a small number of US samples
with self-reported grandparental ancestry in these regions (data not shown).
The sample composition of the MDS analysis strongly influences the results, as
evidenced by the fact that this sample, which is over half British, yields this
North-South cline.

Population structure can both decrease power and generate false positive as-
sociations. The latter was evaluated by considering the genomic control metric,
Aac, a measure of the overall inflation of test statistics. Table 5.2 shows values
of Agc between several pairs of datasets both before and after correcting for
the previously discussed geographic axis of variation.

Because M\ is directly proportional to sample size, calculations were per-
formed on size-matched sets from each dataset (N = 792, the number of NINDS
samples which pass outlier-QC). Thus, the values in each column are directly
comparable. As expected, there is little evidence for structure between two UK
samples. Comparing UK with US samples, on the other hand, suffers from an
unacceptably high level of stratification. Correcting for the most significant

MDS axis, however, eliminates a large fraction of this inflation. Comparing
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N Sample 1 Sample 2 )\uncorrected )\corrected
UKBS NIMH 1.25 1.08
UKBS NINDS 1.29 1.07

799 UKBS 58C 1.03 1.03
58C NIMH 1.21 1.07
58C NINDS 1.26 1.08
NIMH NINDS 1.10 1.09

1584 UK US 1.43 1.15
58C + NIMH UKBS + NINDS 1.10 1.10

Table 5.2: Genomic control lambda comparing various datasets before and after
correcting for the demographically-relevant MDS axis.

the two US groups reveals more structure than within the UK, but less than

between the US and UK.
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Figure 5.5: Histogram of MDS axis corresponding to NE-SW variation in Europe
for UK samples (red) and US samples (blue). US samples are shifted overall
toward the right (farther South) and have more outlying samples.

Two analyses were performed on combined pairs of the data. First, com-
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paring all UK with all US samples shows the expected increase in A due to
increased sample size, but most of this is removed by conditioning on the PC.
This is in essence the worst possible scenario (controls from one locale, cases
from another), so a comparison was also made of 58C plus NIMH to UKBS plus
NINDS (combining cases and controls from both locales), which substantially

decreases the level of inflation.

5.2.3 Imputation

Recently developed imputation methods enable the prediction of ungenotyped
SNPs by combining information from genotype data with reference patterns
of variation observed in the HapMap. To evaluate the effects of using imputed
genotypes when combining GWAS, the 58C samples were used because they have
been genotyped on both the Affymetrix 500K and Illumina 550K chips. The
samples were divided into two equal groups, with one half considered to be cases
(genotyped on Affymetrix) and the other half controls (genotyped on Illumina).
In such a circumstance a fraction of the SNPs overlaps on the two platforms
for which there will be actual genotypes for all samples, and some fraction
for which there will be genotypes in cases and imputed data in controls, or vice
versa (the possibility of testing SNPs in the HapMap but on neither chip was not
considered). Figure 5.6 shows that the 71,994 overlapping QC+ SNPs behave
as expected under the null, with neither systematic inflation (Age = 1.04) nor
any significant results in the tail.

There were 735,025 SNPs which passed QC in genotyped samples and for
which imputed data was available in the other samples. The IMPUTE program
(Marchini et al., 2007) provides a measure of certainty in imputed genotypes,
the average maximum posterior probability (AMPP), which is defined for each
SNP as the sum over all individuals of the posterior probability of the most likely
genotype, divided by the number of individuals. Individual SNPs will obviously
have poor predictability if they are in areas of low LD, or if the relevant SNP

chip has poor nearby density. For this reason a stringent threshold was applied
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Figure 5.6: Quantile-quantile plot of observed vs expected x? statistics between
688 samples genotyped on the Illumina 550 chip and 688 samples genotyped on
the Affymetrix 500K chip. SNPs present on both chips are shown in black. All
SNPs on one chip and imputed from the other with AMPP > 0.98 are shown in
red. A subset of these SNPs passing further QC (see text) are shown in blue.

of AMPP > 0.98, which left 475,423 SNPs with high-confidence imputation,
shown in light blue in Figure 5.6. There is a substantial enrichment in significant
associations, with 2756 (0.6%) p < 1073 and 658 (0.1%) p < 1075.

Two observations help to address some of these issues. First, imputation
methods tend to make more confident mistakes (i.e. errors for which the AMPP
is high) in rare SNPs. SNPs with MAF less than 0.1 are more than ten times as
likely to have p < 107% as common SNPs. Since most association studies have
little power to detect the expected modest effect sizes at these rare SNPs, little
is lost by excluding them. Second, the use of imputed data adds an assumption

that the HapMap data is of uniformly high quality. Because of its small sample
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size, and the desire of the project to have as complete a dataset as possible,
the filtering was not very strict. It allowed, for example, occasional Mendelian
inheritance errors and relatively large departures from Hardy-Weinberg equilib-
rium. To address this, SNPs which fail any of the following criteria were filtered

out:

e Newly documented strand flips between chip annotation and HapMap.
e SNPs removed from latest chip annotation files.
e HapMap SNPs with > 5% missing data.

e SNPs with multiple discrepancies between official HapMap data and sub-
sequent genotyping performed by Affymetrix or Illumina on HapMap sam-

ples.

e SNPs with substantial differences between BRLMM and CHIAMO.

The 347,560 SNPs which remained after the frequency and HapMap filters
are shown in dark blue in Figure 5.6. Nearly all of this distribution behaves
as expected under the null (A\ge = 1.04), concurring with previous reports
(Marchini et al., 2007) that imputation is accurate. The inflation in the tail
was substantially attenuated, with 777 (0.2%) p < 1072 and just 17 (0.005%)
p < 1076, It is not clear what accounts for the errors in these last few SNPs,
which are problematic even in different samples or using different imputation
methods (data not shown).

It is worthwhile to consider the effect of using imputed data in a variety
of the possible circumstances in merging GWAS datasets, illustrated by Table
5.3. In each row a high-confidence, but badly imputed SNP (from the tail of
the dark blue distribution in Figure 5.6) was simulated both under the null and
with a true association (OR = 1.5). The fractions of such simulations which
achieve p < 1075 was then computed, representing the false positive rate in the
former case and power in the latter. In the fully-genotyped scenario, a false

association was never (in 1000 simulations) observed and the power to detect
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the true association was 23%. In the scenario where two studies with the same
ratio of cases to controls had genotype data on different platforms, and used
imputation to predict SNPs on the other platform, statistical noise has been
added in the form of bad imputation, which reduces power. Finally, in the case
where the imputation noise is correlated with case status, both the Type I and
IT error rates are affected.

Cases Controls Null OR = 1.5
Genotypes  Genotypes 0 0.23
Mix Mix 0 0.13
Genotypes Imputation 0.17 0/0.99

Table 5.3: Fraction of simulations reaching p < 10~° for a badly imputed SNP
under the null (false positive rate) or a simulated effect (power) for scenarios
with all samples genotyped; a mixture of imputation and genotypes in cases and
controls; cases genotyped and controls imputed.

5.3 Discussion

While GWAS have already had great success in elucidating the pathology of
complex human disease, it is obvious that increased sample size, and the con-
comitant increase in power (Figure 5.1) will help to fulfill their promise. This
enormous quantity of data (the WTCCC alone generated 8 billion genotypes),
combined with rapidly changing technological and statistical tools related to its
generation has raised new analytical issues and revealed previously unconsidered
aspects to existing problems, including the management of voluminous annota-
tion data, population substructure and the use of imputation data. Publicly-
available datasets were used to evaluate empirically these issues and find that,
on the whole, they are tractable provided they are addressed carefully.

The most basic requirement for publicly available data to be useful is that
they can be interpreted by researchers with no connection to the original project.
It is imperative that detailed information relating to build, strand and genotyp-
ing technology version are released in a complete and consistent manner. Efforts

like dbGAP are already underway to encourage this process, and other projects
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should adopt a standardized set of basic analyses and policy of full data release,
including raw intensities.

GWAS provide such a wealth of data that many straightforward analyses
provide useful insight. MDS, for instance, can be employed to detect both gross
and subtle levels of population structure. While simply removing outliers is
the most sensible approach in the first case, conditioning on demographically-
relevant axes of variation was better for small effects. Given that the useful axes
will depend on the geographic composition of the samples, it might be sensible
to use recently published genome-wide data from the Human Genome Diversity
Panel (Jakobsson et al., 2008) to select loadings for particular SNPs which would
be useful in distinguishing particular populations. When performing such an
analysis on a mixture of UK and US samples, a broader distribution was found
in the US samples, which is unsurprising, given the greater heterogeneity of
ancestry in the US. A less obvious observation, however, is that distinct US
datasets do not show as much systematic inflation when compared with each
other rather than to UK datasets. This makes sense upon consideration that the
mere presence of heterogeneity is not enough to cause inflation—there also must
be different mixture proportions of the sub-classes (Marchini et al., 2004). These
mixture proportions will be highly dependent on sample ascertainment, but
these particular datasets (which were ascertained in markedly different ways)
seemed to be only modestly distinct.

Imputation methods offer great promise in merging datasets with differ-
ent SNP sets, but again must be treated with caution. For example, the QC
standards for including SNPs in the HapMap, while relatively stringent at the
time (International HapMap Consortium, 2005), are quite lax by current GWAS
standards (Wellcome Trust Case Control Consortium, 2007a) (allowing, for in-
stance, up to 20% missing data per SNP). While many of these SNPs could
be excluded via filters on the current HapMap dataset, there remained a few
SNPs which are prone to errors. This and other problems with the HapMap

data (such as the relatively small sample size) percolate through the imputation
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process to create problems in the downstream association analysis. A project is
currently underway to generate a ‘Phase III HapMap’ consisting of the roughly
1.7 million SNPs on either the Illumina 1M or Affymetrix 6.0 chips, genotyped
on twice as many samples as the current HapMap. Such a resource, subjected
to rigorous quality control and phased into haplotypes, would be an excellent
starting point for future projects using imputation.

To put problems with imputation in perspective, one must consider how com-
mon each possible scenario is. Combining imputed data with genotype data in
equal proportions in cases and controls is problematic only in the extremely
rare case of a badly imputed SNP being associated (the product of two low
probabilities). If genotypes and imputation are mixed unequally between cases
and controls, however, badly imputed SNPs under the null, which encompasses
nearly the whole genome, will falsely appear to be associated. While this number
is still small, the rejection of each is a potentially expensive genotyping exper-
iment. While this challenge has been illustrated specifically for imputation, it
follows that any source of experimental noise, including genotype calling and
population structure, is most problematic when correlated with disease status.

Generous data release policies have afforded the field of human disease genet-
ics the chance to mine GWAS datasets more deeply by combining these datasets.
This opportunity could be impeded by issues of data annotation or derailed by
artefacts introduced by genotype calling, population structure or other sources
of bias. However, feasible methods exist for dealing with all of these problems
in most circumstances, and careful attention to these details can unlock the full

potential of these studies.



Chapter 6

Meta-analysis of three

Crohn’s disease GWAS

6.1 Introduction

As described in Chapters 3 and 4, the first GWAS have identified many com-
mon variants associated with complex diseases, and have rapidly expanded our
knowledge of the genetic architecture of these traits. Progress in CD has been
especially striking, with the previously described GWAS publications increasing
the number of confirmed associated loci from two to eleven. The results have
identified new pathogenic mechanisms of IBD and promise to advance funda-
mentally our understanding of CD biology. These recent discoveries highlight,
for instance, the key importance of autophagy and innate immunity (Hampe
et al., 2007; Parkes et al., 2007; Rioux et al., 2007; Wellcome Trust Case Con-
trol Consortium, 2007a) as determinants of the dysregulated host-bacterial in-
teractions implicated in disease pathogenesis. Furthermore, genetic associations
have been shown to be shared between CD and other auto-inflammatory con-
ditions — for example, IL23R variants (Duerr et al., 2006) are also associated

with psoriasis (Cargill et al., 2007) and ankylosing spondylitis (Wellcome Trust
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Case Control Consortium, 2007a), and PTPN2 variants with type 1 diabetes
(Wellcome Trust Case Control Consortium, 2007a). As in other complex dis-
eases, restricted sample sizes have resulted in early CD studies focusing on only
the strongest effects, which turn out to explain only a fraction of the heritability
of disease.

The most efficient way to increase the sample size, and achieve the increase in
power necessary to detect loci of modest effect (Altshuler and Daly, 2007), is to
combine information from multiple datasets, especially when multiple complete
scans exist for the same phenotype. Chapter 5 described some potential pitfalls
involved in such a meta-analysis, but also noted that the presence of both cases
and controls in each constituent study (and thus the absence of strong corre-
lation between disease status and inter-study variation) reduces the magnitude
of some of these problems. Therefore, a meta-analysis of the three largest CD
GWAS in CD in European-derived populations (Rioux et al., 2007; Libioulle

et al., 2007; Wellcome Trust Case Control Consortium, 2007a) was undertaken.

6.2 Results

The combined GWAS study samples (Table 6.1) consisted of 3230 cases and 4829
controls, all of European descent. While the individual scans did identify new
risk factors, they were not well-powered to discover common alleles with effects
below ORs of 1.3 (Figure 6.1). By contrast, the power of the combined sample is
excellent at an OR of 1.2, allowing evaluation of the role of alleles with smaller
effect sizes for the first time. As two different genotyping technologies were
used in the constituent scans, recently developed imputation(Marchini et al.,
2007) methods were used to assess association across all three studies at 635,547
SNPs contained on one or both platforms. A quantile-quantile (QQ) plot of
the primary meta-statistic (single SNP Z-scores, Figure 6.2) shows a striking
excess of significant associations, well beyond what would be attributable to the

modest overall distributional inflation (Agc = 1.10). Despite the large sample
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size, the overall inflation is modest because (1) each group had separately tested
for evidence of population stratification, and the meta-analysis used a test that
combined the results from each study (rather than mixing the raw data and
compromising the case-control matching of each study), and (2) imputation
was done on all samples ignoring case status and thus would not introduce

artefactual differences between cases and controls(Balding et al., 2003).

1.0 - —
n/ -
0.8
0.6
o
=
o
o
0.4
— OR=15
-- OR=13
+-++ OR=1.2
02
0.0 o
[ I I
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NIDDK
Scans, by sample size

Figure 6.1: Power to detect a 20% allele with three different effect sizes (OR
1.2, 1.3, 1.5) under a multiplicative model versus study sample size. Power is
reported here as the probability of p < 5 x 107° in a scan — the value used to
define regions for attempting replication in a larger sample set. Vertical dotted
lines show the sample sizes for the three constituent scans and the meta-analysis.
Relatively large effects are likely to be detected by any of these scans, whereas
only the combined analysis is well powered to detect more modest effects.

This study focused exclusively on the significant excess of highly associated
SNPs in the tail of the distribution. Specifically, 526 SNPs from 74 distinct

genomic loci were associated with p < 5 x 107° — more than seven times the
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NIDDK BEL/FR UKIBDGC  Total
Scan cases 946 536 1748 3230
Scan controls 977 914 2938 4829
Repl. cases 0 1170 1415 2585
Repl. controls 0 789 1054 1843
Repl. Trios 720 619 0 1346
Nationality | USA/Canadian Belgian/French British
Tllumina INlumina .
Scan Platform FumanHap300  HumanHap300 Affymetrix 500
Illumina
Repl. Platform Sequenom GoldenGate Sequenom

Table 6.1: Samples used in this study

number of SNPs expected by chance even after correction for the modest overall
inflation detected. While this threshold is arbitrary, it is important to remember
that it is not meant to be representative of genome-wide significance. Rather, it
is chosen with respect to the amount of statistical excess above this value (com-
pared to the low overall inflation) and bearing in mind the available budget for
the replication experiment. The GWAS data are used to generate hypotheses,
it is the replication that will determine which loci are true associations.

All eleven associations previously replicated and established at genome-wide
significance levels (Methods, Table 6.2), and described in Chapter 4, including
both historical associations at NOD2 and IBD5 as well as recent replicated find-
ings from individual GWAS such as IL23R, ATG16L1, IRGM, TNFSF15 and
PTPN22, were among the 74 regions represented in this tail of the QQ distribu-
tion. Even after removing all SNPs in LD with these eleven loci, however, there
continued to be a substantial excess of associated alleles genome-wide beyond
that which would be expected by chance (Figure 6.2).

As for the other putative loci identified before this study (many of which
were described in Chapter 4), the picture is unclear. One of those loci on
chromosome 1g31 showed no evidence in the additional samples; upon further
inspection of the replication genotype data from Chapter 4, it was discovered
that the clusters had much higher than average variance, possibly giving rise

to a false replication. None of the marginally replicated hits from Rioux et al.
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(2007) showed signal here, nor did the postulated association at DLGS.

25 —

20 —

15
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[ I I I |
0 5 10 15 20
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Figure 6.2: A quantile-quantile plot of observed x? test statistics versus the
expectation under the null. Black points represent the complete meta-analysis,
with a substantial departure from the null at the tail (values > 30 are rep-
resented along the top of the plot as triangles). Dark blue points show the
distribution after removing 11 previously published loci, demonstrating a still
notable excess. Light blue points show the distribution after removing all 43
loci which replicate at least nominally. In all the cases the overall distribution
is only marginally inflated (Agc = 1.10).

To identify the true risk factors from this set of 74 regions, a replication
study was undertaken involving a total of 2585 additional Crohn’s disease cases
and 1843 controls alongside an independent family-based dataset of 1345 parent-
parent-affected offspring trios. As these 74 regions included the 11 already re-
ported as independently replicated and meeting genome-wide significance thresh-
olds, this replication experiment effectively explored 63 putative associations in

novel regions with 11 positive controls (Table B.3).
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Results (significance levels and odds ratios) for strongly replicating loci,
including all positive controls, are presented in Table 6.2. The distribution of
Z-scores from the 63 novel regions shows a dramatic departure from the null
distribution (Figure 6.3) with 19 novel regions showing significant replication
(p < 0.0008 — Bonferroni corrected for tests of 63 potentially new associations).
SNPs in the MHC (replication p = 0.0025, combined p = 3.0 x 10~ - suspected
but not previously conclusively established in Crohn’s disease) did not reach
this conservative threshold, but so convincingly satisfy proposed thresholds for
genome-wide significance (p < 5x1078) that it is proposed as the 20th additional
Crohn’s associated locus defined here. A further 12 of the 43 remaining loci
showed nominal replication (Table 6.3).

It is possible that extreme population substructure in the replication sam-
ple could give rise to such a striking excess of hits. While unlikely, this was
directly evaluated by the large family-based component of the replication study.
Odds ratio estimates from the TDT analysis of the North American, French
and Belgian families alone are consistent with those from the UK and Belgian
case/control samples (Tables 6.2 and 6.3), with all 20 newly defined loci show-
ing odds ratios in the same direction of association with the original scan in the
family-based component (and half showing greater OR than in the case-control
arm). Importantly, none of the significantly or nominally replicating loci show
significant evidence for heterogeneity (across studies or between family-based
and population-based arms) when corrected for the number of tests performed.
This independent family based evidence confirms these alleles constitute true
Crohn’s disease loci.

For this newly expanded set of 31 unequivocally associated loci, a test was
performed for evidence of significant pairwise interactions which could add fur-
ther to the overall variance in liability explained by this set of loci. A case-only
analysis of the 3931 cases in the replication study was performed and no in-
teractions were observed that withstood a correction for the number of tests

performed (Table B.4).



CHAPTER 6. CD META-ANALYSIS 89

0
g
<
=
@
> o
i)
<
<]
D — —
N
o —
—
g
. \
=
I T T T T T 1
-6 -4 -2 0 2 4 6
Z scores

Figure 6.3: Distribution of observed Z scores from the 63 novel regions explored,
along with the expected distribution under the null (a standard normal with
mean 0 and variance 1). Even setting aside the 20 of the 63 that strongly
replicate, the distribution is highly skewed — 7 more results exceed a Z of 2
(1 would be expected by chance under the null) whilst none showed a Z of less
than -2 (same expectation under the null) suggesting that even more of the
regions investigated here are likely to constitute true positive associations when
additional data becomes available.

The contributions of the 31 loci to disease risk were computed using a stan-
dard liability threshold model(Lynch and Walsh, 1998) and are displayed as a
histogram of individual variances (Figure 6.4). The observations from this vari-
ance analysis that many loci were detected for which the current study had low
power, and that only a minority of the variance in risk is explained by these 31
loci, suggest that many additional loci are yet to be identified. This is reinforced
by the additional 12 nominal replications (Table 6.3) where only 2 or 3 would

be expected by chance, and by the continued excess in the Q-Q plot when these
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43 total regions are removed (Figure 6.2).

While recognizing that fine-mapping is required to identify specific causal
variants, several analyses were performed to gain some general insight into the
CD associations. First the HapMap was queried to discover any instances where
a non-synonymous SNP (nsSNP) was correlated (72> 0.5) to the most associ-
ated variant discovered in this study. Accepting that HapMap is not a complete
catalogue of nsSNPs, but including four loci where fine-mapping has identified
coding variants, just 8 of the 31 genome-wide significant associations could be
linked to a known nsSNP (Table 6.5). To explore whether any of the associa-
tions reflect a cis-acting regulatory effect on a nearby gene, genotype-expression
correlation was evaluated using the panel of 400 lymphoblastoid cell lines de-
scribed by Dixon et al. (2007). From all genes within 250 kb of the LD-based
intervals defined in Tables 6.2 and 6.3, six correlations between gene expression
and a nearby associated variant were identified (LOD > 2, Table 6.4). This was
far in excess of chance (p ~ 0.001) and suggests that regulatory variation also

contributes to the genetic architecture identified.

6.3 Discussion

Genome-wide association studies provide a systematic assessment of the contri-
bution of common variation to disease pathogenesis. A limiting factor is often
the size of the case-control dataset, and hence the power to detect any but the
most strongly associated loci. Meta-analysis of existing data provides an obvi-
ous potential solution. As Figure 6.1 demonstrates, the expectation was that
the additional power of the combined dataset would result in the identification
of a substantially larger number of readily replicating associations than were
derived from any of the smaller, constituent datasets. However, the paradigm
of exploring common genetic variation with similar effects across studies (in this
case all of European descent) needs testing before its results can be accepted as

valid.
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SNP Chr Gene LOD score Distance SNP-gene

SP140 6.1 0
rs6743984 2 SP110 2.7 24,641
152188962 5 SLC2245 2.9 39,502
1s2858331 6  HLA-DRBJ 4.2 0
1517582416 10 CREM 4.3 128,151
1s3764147 13 C130rf31 4.2 0

GSDML 2.6 122,801
2872507 1T e MDL3 20.3 139,249

Table 6.4: cis-eQTL effects for CD associated SNPs

Chromosome Position (Mb) Gene(s)
1 67.4 IL23R
1 113.79 - 114.17  PTPN22, DCLRE1B
2 230.9 ATG16L1
3 48.73 - 49.87 MST1
) 131.44 - 131.90 SLC22A4
12 38.61 - 39.31 MUC19
13 43.13 - 43.54 C130rf31
16 49.3 NOD2
17 34.63 - 35.34 GSDML

Table 6.5: Crohn’s risk loci containing a highly correlated nsSNP

On the validity of the method the results were substantially reassuring. All
11 previously confirmed CD susceptibility loci were strongly replicated both
in the meta-analysis and follow-up experiment. These include the two widely
replicated findings from studies published in 2001 (Hugot et al., 2001; Ogura
et al., 2001; Rioux et al., 2001) as well as all of the compelling findings from
individual GWAS (Table 6.2, upper section). Significantly, 20 new CD sus-
ceptibility loci have also been identified and replicated. Using a conservative
threshold for significance (only 1 such region would be expected by chance in
20 such experiments), the loci with clear evidence for association in the repli-
cation panel include a very high proportion of those showing strongest signals
in the meta-analysis (Table B.3) — 9 of 9 previously unreported regions with
p < 5x 1077 in the combined scan were replicated convincingly — emphasising
the validity of the meta-analysis results. Further emphasising the robustness of
these results, 19 of these 20 loci exceed a conservative genome-wide level of sig-

nificance (p < 5 x 10~%) — most by a significant margin (15 have p < 5 x 107?)
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- and equivalent strength of association was observed in the family-based subset
of the replication sample.

In keeping with other regions recently identified as associated with CD, the
20 new loci do not conform to any obvious pattern in terms of gene content.
Thus, as shown in Table 6.2, some loci (defined by HapMap recombination
hotspots flanking the set of correlated, associated variants) contain just a sin-
gle gene, some contain many genes and others none. Clearly the first category
provides the most immediate clues regarding pathogenic mechanisms. Included
among these are compelling functional candidates such as STATS3, JAK2 and
IL12B while others, such as CDKAL1 and PTPN22, highlight potentially in-
triguing overlaps between the genetic architecture of Crohn’s disease and other
complex disorders. It is noteworthy — and consistent with previous findings
from CD and other complex diseases — that no strong evidence of deviation
from the model of multiplicative (random) effects was found when testing for
gene-gene interactions among the 31 confirmed associations.

For loci containing multiple genes or no genes the picture is less well defined.
The identified paucity of correlation between associated SNPs and coding vari-
ation suggests that these loci may, in particular, benefit from expression quan-
titative trait locus (eQTL) analysis. This seeks correlation between genotype
and expression patterns — bearing in mind that such functional relationships
need not respect the specific boundaries of LD around the association. An
eQTL effect incriminating PTGER/ at the 5pl3 locus was previously reported
by Libioulle et al. (2007). A striking outcome from the present analysis was at
the established IBD5 locus 16, where CD-associated SNPs were associated with
decreased SLC22A5 mRNA expression levels. While Peltekova et al. (2004)
had previously proposed a SNP as regulating SLC22A5 transcriptional activity,
this data suggests for the first time that the most associated variation in the
IBD5 region, including a coding variant in neighboring SLC22A/, are the same
variants that are most significantly associated to SLC22A5 expression. Equally

striking, the most significant Crohn’s associated eQTL reported here affects
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ORMDL3 (LOD = 20) on chromosome 17 and SNPs in precisely the same
region were recently shown to be strongly associated with childhood asthma
(Moffatt et al., 2007). This suggests that the same polymorphisms might un-
derlie susceptibility to both CD and asthma, possibly by perturbing ORMDLS
expression.

The new loci that have been identified are of modest effect size, which is
unsurprising given all loci with larger impact on disease risk were — as would
be expected — discovered in the original scans. The small sizes of these effects
explains the lack of overlap between linkage results in CD and these newly dis-
covered loci, with the possible exceptions of combined effects of multiple high
ranking associations on chromosomes 5q and 6p. Indeed, the linkage evidence
that led to the discovery of the 5q31 locus was very likely boosted by the pres-
ence of other nearby loci. As expected, the only gene conclusively discovered
via linkage (NOD2) is one of two loci which stand well out from the remain-
der of the distribution of effect sizes (Figure 6.4). The other outlier, IL25R,
illustrates an interesting characteristic of linkage — because (unlike NOD2) the
most penetrant risk allele has very high frequency (93%), it is nearly invisible
to linkage analysis despite the high OR; highly protective rare alleles are simply
not present in multiplex affected families and thus do not influence allele sharing
substantially.

Using a liability-threshold model, the 31 loci identified to date explain about
10% of the overall variance in disease risk, which may be as much as a fifth of
the genetic risk, given previous estimates of CD heritability of approximately
50% (Tysk et al., 1988). It should be noted, however, that the full impact of
the new loci cannot be determined until causal variants have been identified by
directed sequencing and fine-mapping experiments. Until then the proportion
of the variance in Crohn’s disease risk explained must be measured from the
confirmed SNPs, where association is due to LD with causal variants. Since
multiple causal variants might exist at each locus (ranging in frequency from

rare to common) these estimates of variance explained provide only a lower
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bound for the true contribution of each locus.

Since this study is well-powered to identify loci that explain > 0.2% of the
overall variance, but the sum of such loci explains a relatively small fraction
of the total, it seems likely that many loci with even more modest effect sizes
remain undiscovered. Of particular note is the continued excess of strong asso-
ciations outside of the confirmed regions, as well as the nominal replication of
an additional 12 loci, notably in excess of chance. Overall, the distribution of
Z scores in the replication experiment is clearly skewed towards replication —
only 11 of the 63 Z-scores in this replication experiment generate Z< 0. If only
the 20 strongly confirmed loci were genuinely associated, half of the 43 remain-
ing should end up with Z< 0. Indeed, observing 12 of the 43 remaining tests
with Z> 1.5 is itself a highly significant observation (p < 0.0001). Although
modest in terms of effect size, identification of such loci is likely to still provide
important insights into pathogenic mechanisms, as biological importance need
not be proportional to the statistical evidence for genetic association.

As was seen in Chapter 2 the generation of GWAS arrays used in the scans
here did not offer complete genome coverage of common variation (additional
loci may reside in poorly covered intervals) and did not address copy number
variation effectively. Thus in spite of the wealth of new susceptibility genes
and loci identified by the current study, it seems implausible that there are
not more to be found — albeit very large datasets are likely to be required
to achieve robust statistical support for them. With respect to the present
findings, there is much work to be done in resequencing and fine mapping to
identify causal variants. While there is not yet a complete understanding of the
genetic architecture of Crohn’s disease, dramatic progress has now been made
towards this goal — and with it the prospect of directed functional exploration of
the pathways identified, insight into how risk alleles interact with environmental

modifiers, and the hope of new avenues for treatment.
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Figure 6.4: Histogram of percent variance explained by each of the 31 estab-
lished CD risk loci. The distribution resembles the long postulated exponential
distribution of effect sizes. Dashed line shows the joint power for our meta-
analysis to detect (p < 5 x 107?), and for our replication sample to replicate
(at Bonferroni corrected p values), a 20% variant explaining a given fraction of
variance. Note how quickly this curve moves from nearly zero power to detect
tiny effects (less than one tenth of one percent variance explained) to nearly full
power to detect larger effects (presuming they are well covered by the current
generation of GWAS chips). Complete power near the origin would likely reveal
a more complete exponential distribution, with many very small effects. NOD2
and IL23R are distant outliers, each explaining 1-2% of total variance, partially
because multiple causal variants have been discovered at these loci. Interest-
ingly, two of the four next largest effects (5p13 and 10q21) are in gene deserts,
highlighting the importance of non-coding variation in disease risk.
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6.4 Methods

6.4.1 Crohn’s disease patients and controls

The meta-analysis was based on data from the 3 genome-wide scans of the
NIDDK (Rioux et al., 2007), WTCCC (Wellcome Trust Case Control Consor-
tium, 2007a) and Belgian/French (Libioulle et al., 2007) studies. Details of the
numbers of cases and controls genotyped in the respective scans and of the geno-
typing platforms used are shown in Table 6.1, as are case/control and family
cohorts genotyped in the replication study of the meta-analysis. Details of the
ascertainment and characterization of these cohorts were provided in the orig-
inal scan and replication publications (Parkes et al., 2007; Rioux et al., 2007;
Wellcome Trust Case Control Consortium, 2007a; Duerr et al., 2006; Libioulle
et al., 2007). Recruitment of study subjects was approved by local and na-
tional institutional review boards, and informed consent was obtained from all

participants.

6.4.2 Imputation

Briefly, these methods rely on observed haplotype patterns in a set of reference
data (the HapMap) and the actual genotype data from each project to make
predictions (along with a measure of statistical certainty) at un-genotyped SNPs.
The program MACH (G. Abecasis, personal communication) was used with the
NIDDK and Belgian/French data, and IMPUTE (Marchini et al., 2007) with the
WTCCC data. Comparisons between the two algorithms yielded very similar
results (data not shown). The superset of polymorphic markers which passed
QC in the original scans was imputed. This set was comprised of SNPs on
either the Affymetrix 500K only (n = 350,507), llumina HumanHap300 version
1 only (n = 238,935), or both panels (n = 46,105) such that all association tests

performed were partially based on observed genotype data.
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6.4.3 Test for association and effect size estimation

Using the genotype probabilities (rather than best-guess genotypes) for imputed
markers in the case and control tallies,the standard 1 d.f. allele-based test
of association was summarised as a Z-score within each scan and combined
scores across studies to produce a single meta-statistic for each SNP for all
three datasets. Odds ratios were estimated separately in TDT samples and
each case/control collection, and then combined and tested for heterogeneity

(Kazeem and Farrall, 2005).

6.4.4 Critical regions

Given that most associations contain many correlated SNPs showing signal,
independent loci were demarcated by first defining the set of HapMap SNPs
with 72> 0.5 to the most significantly associated SNP. The critical region was
then bound by the flanking HapMap recombination hotspots which contained
this set. These windows very likely contain the causal polymorphisms explaining

the associations.

6.4.5 Replication

Loci were defined to have been previously confirmed if an earlier study had
both detected and replicated the association in independent samples and the
association achieved p < 5 x 10~8 (recently proposed as an appropriate genome-
wide significance level for GWAS). For replication genotyping, the most sig-
nificantly associated SNP was selected from each region along with a second,
correlated SNP with p < 0.0001 or a second assay on the opposite strand in
order to have a technical backup should the first fail genotyping (Table B.3).
Replication genotyping for all of the putatively associated loci was performed
using primer extension chemistry and mass spectrometric analysis (iPLEX, Se-
quenom) using Sequenom Genetics Services (N. American panel) and Genome

Research Limited, Wellcome Trust Sanger Institute (UK panel), and using a
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custom-made Golden Gate assay on a Beadstation500 (Illumina), following the
manufacturer’s recommendations (Belgian/French panel). The more completely
genotyped SNP of the two from each region was chosen to represent that re-
gional association in analysis (if both were completely typed, the SNP that was

more strongly associated in the scan was used).

6.4.6 Regional Annotation: eQTL analysis

Effects of SNPs in Table 2 on expression levels of neighbouring genes were stud-
ied using transcriptome data from the ~ 400 lymphoblastoid cell lines described
by Dixon et al. (2007). SNPs that were not genotyped on this panel (n=14) were
replaced with a proxy with 2> 0.95 when possible (n=12). LOD scores > 2
for genes (probe average) located within 250 Kb of the corresponding LD win-
dows were retrieved from http://www.sph.umich.edu/csg/liang/asthma/. To
evaluate the significance of the findings with the CD associated SNPs, the ob-
served (i) number of genes yielding LOD scores > 2, and (ii) sum of these LOD
scores, were compared with the corresponding frequency distributions for 1000
randomly selected sets of 31 SNPs, matched for allele frequency (40.02) and
gene context. Window sizes determined for associated SNPs were used as is for

the matched simulated SNPs.



Chapter 7

Discussion

7.1 Summary

In this thesis I have presented results relating to several stages in the develop-
ment of GWAS in the past three years, including marker selection and design,
basic analysis of one study, replication of GWAS hits, and meta-analysis of
multiple scans.

In the early stages of planning for the first generation of GWAS (all of which
are now complete), researchers were faced with three major impediments to the
discovery of genes influencing common human diseases: (i) small sample sizes
with insufficient power, (ii) incomplete catalogues of genetic variation and (iii)
failure to identify strong candidate genes. They hoped to overcome these ob-
stacles by heeding past failures and carefully designing these studies with those
lessons in mind. To this end large sample sizes numbering in the thousands,
not hundreds, were collected for a number of common diseases and the SNP
Consortium and the HapMap led SNP discovery efforts.

The final hurdle, then, was moving from candidate gene or region approaches
to a hypothesis-free genome-wide approach. Advances in molecular biotechnol-
ogy, in the form of genome-wide SNP chips enabled this possibility. The question

remained, however: how much of the common variation in the genome would
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these new products capture? I have shown that most of the commercial prod-
ucts available when these studies were being designed capture approximately
two-thirds of the common variation in European populations. Subsequent tech-
nological development, and the introduction of million-SNP chips have increased
these coverage levels in Europeans even further, and expanded to provide good
coverage in East Asian populations and reasonable coverage in African popula-
tions (Li et al., 2008). I also demonstrated that more targeted approaches, such
as trying to capture all known nsSNPs, are not well served by typical genome-
wide chips, but must instead be individually genotyped (an approach taken by
a number of genotype products).

Once these issues of sample size and SNP density had been addressed, work
on GWAS began in earnest. In Chapter 3 I presented my work on one of the
largest of these studies, the WTCCC. One of the principal challenges confronted
by this project was the laborious task of transforming an enormous set of raw
intensities into a clean, usable dataset. This process led to a number of unusual
observations, including lab-specific effects on genotyping and the discovery of
a large number of non-European samples (contrary to the expectations of the
project), in addition to investigating the standard measures of quality in genetic
datasets.

Cleaning the WT'CCC of these artefacts allowed the discovery of nearly two
dozen bona fide associations. These results reinforced the idea that risk loci
for common diseases have extremely modest ORs, and require concomitantly
large sample sizes to detect. Additionally, several loci were identified which
contributed to multiple diseases, including PTPN2 for both CD and T1D. Such
genetic connections between phenotypes have the potential to redefine our un-
derstanding of these diseases.

As the field began designing and executing these early GWAS it became very
clear (Chanock et al., 2007) that replication of GWAS signals in independent
samples was critical to avoid the confusing state of affairs of the past decade,

where many putative associations were heralded in the literature only to be
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later determined to be false positives. Interestingly, the widespread concern
regarding sensible thresholds for genome-wide significance, and corrections for
multiple tests, did not turn out to be a large problem. True associations con-
sistently exceed conservative thresholds, provided they are studied in a large
enough sample, so the focus has shifted from defining the thresholds to increas-
ing sample size and performing adequate replication experiments. I describe the
CD replication experiment for the WTCCC in Chapter 4, where six previously
published loci and four completely new loci were unambiguously confirmed.
These results revealed new insight into the pathogenesis of CD, and hinted at
the possibility that still more loci awaited discovery with increased sample sizes.

Chapter 5 addressed some of the problems facing researchers who wish to
combine multiple GWAS datasets. I describe how the tedious process of data
annotation is crucial to being able to sensibly merge disparate datasets. Dis-
tributing information about SNPs and samples, including raw intensity data is
essential to enabling combined studies and meta-analyses. I next discussed the
problem of population structure between UK and US samples and concluded
that the problem is tractable so long as caution is used in both analysing and
interpreting the data. I showed that imputation methods can be successfully
used to combine datasets from different genotyping platforms, but again, that
great care is needed to avoid spurious results. In all these cases the extent of
the problem strongly depends on the particular way in which data are combined
for analysis, the ratio of cases and controls in each dataset, and the degree to
which any source of bias is correlated with disease status. This observation
underscores the idea that there is unlikely to be any fixed recipe for carrying
out such studies.

I describe one such meta-analysis, for CD, in Chapter 6. This project
brought together data from three CD GWAS (UK, North America and Bel-
gian/French), and attempted replication in a multi-national collection of both
unrelated cases and controls, and families. The study confirmed the eleven loci

previously demonstrated to be associated at a genome-wide significant level,
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and discovered twenty further loci. Beyond these conclusively associated loci
were an additional eleven showing nominal replication, of which at least some
are expected to be validated once they have been studied in additional samples.
In addition to these dividends, the study served as a proof of principle that a
large number of risk loci can be found if enough samples are analysed. This
is especially exciting, because there is no reason to believe that this conclusion

does not also apply to other phenotypes.

7.2 Implications for the future

The first three years of GWAS have undoubtedly transformed the landscape
of human disease genetics. Specialists in many diseases (not least Crohn’s)
have lurched from being confined to studying a handful of risk genes to being
overwhelmed by the abundance of newly discovered loci. But this very fact
that so many scientists have laboured for so very long without many verified
genetic loci clearly illustrates just how much work is left to be done after the

associations have been found. What, then, is next?

7.2.1 Identifying causal variants

One task resulting from these new discoveries, which is already underway, is to
narrow down these broad regions of association and to identify causal variants.
For some regions with only one or two transcripts, this might be relatively
straightforwardly accomplished by resequencing exons. But this will not work
in all cases, as was seen in Chapter 4, where no coding variation was found
which could explain the association, despite deep exon resequencing in IRGM.
Regions with many genes increase the cost and complexity of this problem.

Of course, regions without any known transcripts are even more challenging.
These associations are in one sense the most interesting of all, because they
challenge the fundamental ideas about what types of variation underlie disease

risk. Obviously a whole spectrum of variation beyond the coding sequence is
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affecting disease: by splicing, transcriptional regulation, or mechanisms not yet
understood. Furthermore, it is becoming increasingly clear that copy-number
variation plays an important role in human diversity, from widespread germline
variation to de novo mutations affecting phenotypes such as autism (Weiss et al.,
2008).

Even if coding or regulatory variants are found which explain most of the sig-
nal discovered via GWAS, it does not preclude the existence of other functional
variants. It seems likely that any gene with one or more common risk variants
will also have an assortment of very rare mutations which also predispose car-
riers to disease, but are not detectable in GWAS. A complete understanding of
this allelic spectrum will be necessary to estimate disease risk and to evaluate
the predictive potential of genetics.

It is important, therefore, to begin broad resequencing and fine-mapping of
these regions in order to try to pinpoint the most associated variants, even if
their function is not yet known. Many such experiments are currently underway
(enabled in part by new high-throughput sequencing technologies) and the early
results will prove invaluable in pursuing causal variants in the dozens of novel
associations being discovered.

Identifying causal variants will also enable a number of other genetic anal-
yses. To date, almost no replicable examples of gene-gene or gene-environment
interaction have been identified in common diseases. One possible explanation
for this is that power to detect epistasis (whether with other genes or environ-
mental factors) is substantially diminished when testing LD proxies compared
with testing the causal variant. A full catalogue of functional variants might,
therefore, unlock interactions within the set of known associations or with loci

with undetectable marginal effects on their own.

7.2.2 Biological translation

Another critical undertaking will be the translation of these associations into

biological observations, either in vivo or in vitro. Gene expression experiments,
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animal models and small molecule screens of cells will help to understand the
specific biological function of these SNPs. Gene expression arrays have only
recently been applied to large numbers of samples (such as the Dixon et al.
(2007) data described in Chapter 6), and are most often used with lymphoblas-
toid cell lines. This approach must be expanded to different tissue types and
states of activation to understand transcriptional regulation more completely
(Yamanouchi et al., 2007).

The eventual hope is that identifying first the specific genomic features
(genes, regulatory sequences, etc.), then the functional variants, and finally
the biological mechanisms, will allow medical interventions through prevention,
pharmaceuticals or better understanding of environmental risk factors. While
it is unlikely that these modest risk loci will ever explain enough of the variance
in disease risk to be explanatory, it is possible that a large panel of functional
variants might be of diagnostic as a supplement to existing clinical practice.

GWAS results have opened a door to a long and promising set of possibilities.

7.2.3 Mining GWAS

GWAS data has accumulated at an incredible pace, and coupled with widespread
policies of public data release (see Chapter 5), the genetics community is blessed
with un unprecedented volume of data available at no cost. One potential
opportunity arising from these data is the joint analysis of multiple phenotypes.
Chapter 6 already showed several promising overlaps among related (CD, T1D)
and unrelated (CD, T2D) phenotypes. Some of these loci could be found via
traditional meta-analysis, as the effects appear to be at the same variants, and
in the same direction. Others, however, have inverse effects, or are associated
with entirely distinct variants. This latter class presents an open question for
methodological development to search for such regions across many phenotypes
in a statistically robust way.

These data also offer opportunities in research areas unrelated to disease

genetics. With the recent publication of genome-wide data for the samples from
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the Human Genome Diversity Project by Jakobsson et al. (2008), the variants
associated with many common diseases can be evaluated from the perspec-
tive of population genetics. Regional variation of allele frequencies at disease-
predisposing variants could provide clues to selection and human population

demography.

7.3 Conclusion

By the end of this decade medical research will have undergone a fundamen-
tal change. GWAS have transformed our knowledge of the underlying genetic
pathology of many common human diseases. Many genetic variants found at
high frequency in the general population have been indisputably shown to have
small effects on disease risk. These findings have cracked open the black box of
disease pathology, revealing a disassembled assortment of parts. New insights,
including the possibilities described above, will be required to connect these

pieces and fully comprehend biology’s inner workings.
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SNP Chr Pos(Mb) WTCCCp WTCD RCD WTUl1l WTU2

152484676 1 50.6 0.0001882 0.512 0.494 0.472 0.485
rs11205760 1 50.9 1.67 x 1075 0.307 0.317 0.351 0.338
rs4506508 1 7 0.0001148 0.204 0.190 0.172 0.181
rs2814036 1 164 0.0001503 0.024 0.023 0.014 0.016
rs17419032 1 197.7 7.50 x 1075 0.268 0.273 0.306 0.297
rs363617 2 74.8 0.0002298 0.15 0.141 0.123 0.139
152322659 2 136.4 0.001851 0.221 0.222 0.194 0.191
rs9870678 3 97.5 3.67 x 107° 0.417 0.393 0.374 0.389
rs1462651 3 149.2 8.42 x 107° 0.136 0.194 0.167 0.154
159993022 4 59.8 0.0001554 0.029 0.024 0.017 0.02
rs1363670 5 158.7 3.19 x 107° 0.138 0.159 0.17 0.168
rs17309827 6 3.4 3.30 x 107° 0.333 0.344 0.375 0.366
1512529198 6 5.1 1.65 x 107° 0.074 0.073 0.053 0.062
rs6908425 6 20.8 5.13 x 1076 0.19 0.202 0.23 0.218
rs6927210 6 138.1 9.05 x 1076 0.529 0.494 0.482 0.492
rs946227 6 138.1 1.31 x 107° 0.325 0.356 0.369 0.357
rs1558043 7 19.8 0.0003365 0.135 0.132 0.11 0.119
rs12704036 7 147.7 1.98 x 1075 0.264 0.301 0.305 0.288
rs4871612 8 126.6 2.58 x 1075 0.184 0.187 0.22 0.208
1rs3936503 10 35.6 1.60 x 107° 0.344 0.356 0.301 0.319
rs10761659 10 64.1 2.68 x 10=7 0.406 0.442 0.461 0.456
rs7081330 10 101.3 1.80 x 1076 0.339 0.361 0.388 0.384
rs1931047 13 92.1 0.009975 0.02 0.023 0.013 0.017
rs916977 15 26.2 0.001596 0.165 0.156 0.14 0.147
rs9895062 17 9.3 0.0002114 0.066 0.063 0.048 0.052

Table B.1: Allele frequencies for 25 SNPs genotyped in 1,182 cases from the
replication CD (RCD) panel showing convergence with frequencies from the
WTCCC Unaffected case samples (WTU2: CAD, HT, BD) when compared to
the significant difference between the original WTCCC CD samples (WTCD)
and the WTCCC Unaffected control samples (WTUL). Quoted p values are
for the final, clean WTCCC dataset. Some SNPs with p > 10™* in this table
showed stronger evidence in the preliminary data from which we fast-tracked
them for follow-up.
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SNP Missing data cases Missing data controls pgwg
rs2484676 0.08968 NA 0.3004
rs11205760 0.1168 NA 0.8304
rs4506508 0.1083 NA 0.3011
152814036 0.06176 NA 0.1105
rs12035082 0.05161 0.08696 0.903
rs10801047 0.1252 0.02767 0.03348
rs17419032 0.1261 NA 1

rs363617 0.08799 NA 0.005125
r$2322659 0.1193 NA 0.5904
159858542 0.1328 0.07065 0.03211
rs9870678 0.1269 NA 0.6901
rs1462651 0.1100 NA 0.6761
19993022 0.2132 NA 0.4204
1517234657 0.05668 0.08449 0.009521
189292777 0.07783 0.1052 0.2744
rs10077785 0.04653 0.126 0.116
rs13361189 0.1159 0.1196 0.5228
rs4958847 0.08545 0.02668 1
rs1363670 0.1125 NA 0.5607
rs6887695 0.08883 0.1428 0.455
rs17309827 0.1582 NA 0.8854
rs12529198 0.1176 NA 0.8169
rs6908425 0.08968 NA 0.4938
rs6927210 0.07783 NA 0.4677

rs946227 0.1151 NA 0.6353
rs1558043 0.08037 NA 0.1331
rs12704036 0.1041 NA 0.4183
rs4871612 0.05668 NA 0.09334
rs3936503 0.08037 NA 0.6359
rs10761659 0.0423 NA 0.07061
rs7081330 0.1015 NA 0.1086
rs10883365 0.1311 0.1259 0.3358
rs1931047 0.0643 NA 0.4456

rs916977 0.09052 NA 0.04415
rs9895062 0.1024 NA 0.1845
rs2542151 0.1049 0.1215 0.5582
152836754 0.0753 0.1146 0.7498

Table B.2: Fraction of replication cases and controls (where applicable) with
null genotype calls, and HWE p values in replication cases for each of the 37
genotyped SNPs.
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Loc
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SNP
rs11465804
rs11209026
rs11805303
rs2066844
rs2066845
rs2066847
rs4613763
rs17234657
rs2241880
rs3828309
rs10995271
rs2542151
rs1893217
rs11190140
rs10883371
rs11747270
rs13361189
rs2188962
rs1050152
rs2024092
rs4807569
rs10045431
rs3763313
rs2858331
rs3924462
rs6784820
rs3764147
rs9562532
rs11175593
rs11564144
rs6908425
rs7748720
rs7927894
rs2301436
rs7749278
rs9286879

Chr

Position
67414547
67417979
67387537
49303427
49314041
49321280
40428485
40437266
233965368
233962410
64108492
12769947
12799340
101281583
101282445
150239060
150203580
131798704
131704219
1075031
1074378
158747111
32484449
32789255
49499240
49425868
43355925
43497789
38888207
39104262
20836710
20797924
75978964
167408399
167405736
169593891

p values

Scan Replication Combined
4.56 x 1035 8.42 x 10—30 8.65 x 10~63
1.23 x 10733 4.27 x 1037 3.16 x 1068
8.22 x 10~24 6.59 x 1017 1.43 x 10—38

NA NA NA

NA 3.69 x 10~8 7.37 x 1078

NA 3.72 x 1024 7.43 x 10—24
1.05 x 10—22 8.37 x 10~9 4.22 x 1028
2.31 x 10~22 8.94 x 10~9 7.84 x 10—28
1.46 x 10~21 3.66 x 10~° 5.23 x 10~25
8.58 x 1021 1.98 x 108 2.94 x 10—27
1.72 x 10—11 3.03 x 10~8 1.09 x 10— 17
2.95 x 10~ 11 1.66 x 106 9.13 x 10~16
8.34 x 10~11 3.84 x 10~ 6.35 x 10~15
1.19 x 10—10 1.18 x 107 1.51 x 10—16
1.27 x 10—10 347 x 1077 4.87 x 10~16
2.51 x 10~10 1.27 x 10~7 4.90 x 10~16
3.23 x 10~10 3.89 x 107 2.17 x 10~15
8.86 x 1079 2.97 x 10~11 2.76 x 10~17

NA 2.75 x 10~7 5.51 x 10~7
1.23 x 108 0.008743643 8.07 x 10~10
1.43 x 1078 1.71478 x 10~* 212 x 10~11
1.81 x 108 4.62 x 106 7.98 x 10~13
2.38 x 10~8 0.003416345 2.99 x 109
2.41 x 10~8 0.00252653 1.84 x 1079
4.60 x 108 0.1938421 6.82 x 108
6.15 x 10~8 0.1581088 5.02 x 107
1.32 x 107 1.93 x 107 2.45 x 10~13
9.08 x 107 0.007794938 1.72 x 1077
1.67 x 10~ 7 6.52 x 10~° 1.33 x 10—10
1.88 x 107 3.08 x 10~° 5.89 x 10~ 11
240 x 1077 2.09447 x 10~%  6.24 x 1010
2.23 x 10~ 0.02189073 8.23 x 10~7
2.85x10~7  5.67305 x 104 1.36 x 109
3.29 x 10~7 3.24 x 10~8 2.37 x 10~13
3.78 x 10~7 856443 x 10~*  2.52 x 107?
3.84x 1077  5.03953 x 10~ 2.52 x 1079
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Loc
19
20
20
21
21
22
22
23
23
24
24
25
25
26
27
27
28
29
30
30
31
31
32
32
33
33
34
34
35
35
36
36
37
38
38
39

SNP
rs10489276
rs4263839
rs6478109
rs2738758
rs2297441
rs11584383
rs2297909
rs9545740
rs6563216
12274910
rs11265519
rs2283790
rsb754217
rs12529198
rs12604993
rs12607007
rs6128541
rs12985909
rs2872507
rs2305480
rs17309827
rs4959830
rsH974
rs4253431
rs707472
rs707458
rs10512670
rs11959616
rs921720
rs1551398
rs744166
rs12948909
rs10753415
rs991804
rs8064381
rs158865

Chr

20
20

13
13

22
22

18
18
20
19
17

L = N > N e >}

[y

© oo ot

17

17
17
18

Position
169594596
114645994
114648320

61820069

61798026
197667523
197691964

80973593

80961793
157665119
157691986

20281207

20264229

5096246

75866208

75865061

57351084

18300383

35294289

35315722

3378317
3379241
187576360
187585769
7840274
7766478

37949301

37948752
126603853
126609233

37767727

37824128
222692358

29611838

29849794

54054001

Continued. . .

Scan Replication
4.15 x 1077 0.02154895
412 %1077 1.75689 x 10~4
4.62 x 1077 0.01374653
4.16 x 107 0.2957954
2.12x 1076  3.32708 x 104
5.17 x 10~7  1.40273 x 10—4
9.75 x 10~7  1.35651 x 10—4
6.86 x 10~7 0.03438785
1.09 x 106 0.3459239
8.02 x 10~ 7 0.01650716
1.50 x 10~ 0.02212868
1.13 x 106 0.4387843
2.52 x 10~ 0.3234629
2.63 x 1076 0.0209643
2.63 x 10~ 0.2715172
4.17 x 10~6 0.1130518
2.85 x 10~ 0.01560668
3.06 x 10~ 0.0690986
3.15 x 1076 2.21214 x 10~*
6.33 x 1076 0.4447568
3.19 x 10~6 0.04803835
3.39 x 10~6 0.05170022
3.36 x 10~6 0.0935971
4.06 x 106 0.1264694
3.62 x 10~ 0.0748943
2.12 x 1072 0.228105
4.70 x 10—6 0.2517905
4.52 x 10~° 0.3620376
4.86 x 106 2.17 x 10~°
5.28 x 10~ 9.40 x 10—
5.08 x 10~ 1.10 x 107
1.52 x 10~° 0.00637066
5.13 x 1076 0.2792209
5.75 x 10~ 0.01027644
3.45 x 10~5 0.09200612
5.85 x 10~6 0.1924176

Combined
1.52 x 1077
7.92 x 10710
4.12 x 10~8
4.23 x 1076
7.44 x 1079
5.80 x 10710
1.06 x 1072
1.18 x 1073
8.85 x 104
8.33 x 10~8
9.63 x 10~7
4.65 x 1075
1.19 x 1072
1.54 x 1076
4.62 x 104
1.22 x 1072
4.01 x 1077
1.01 x 1072
5.45 x 1079
9.02 x 1075
5.07 x 10~
6.16 x 10~
1.92 x 107°
3.99 x 1075
1.29 x 1072
1.24 x 1074
5.07 x 1075
7.35 x 10~
1.19 x 1072
6.71 x 1010
6.78 x 10712
1.19 x 10=6
4.44 x 1075
9.51 x 10~7
2.35 x 1075
1.98 x 1072
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Loc
39
40
40
41
41
42
42
43
44
44
45
45
46
47
47
48
48
49
49
50
50
51
52
52
53
54
55
55
56
56
57
57
58
58
59
60

SNP
rs158862
rs17582416
rs3936503
rs7759649
rs11758386
rs7161377
rs175718
rs7758080
rs559928
rs596308
rs10863202
rs1915033
rs1200610
rs4073149
rs7497036
rs10758669
rs7849191
rs743479
rs762421
rs13003464
rs10188217
rs7746082
rs6743984
rs13397985
rs2836757
rs11931489
rs2688610
rs2675671
rs12827915
rs3825272
rs1260326
rs780094
rs6708413
rs917997
rs7227145
rs1736020

Chr
18
10
10

14
14

N NN

21

10
10
12
12

18
21

Position
54054701
35327656
35589263
21578398
21565929
75071147
75056332
149618772
63906946
63967228
84545499
84542932
181883035
72685472
72660732
4971602
4978761
44436378
44439989
61098480
61129193
106541962
230934834
230916728
39215894
7649390
75324937
75302766
13070503
13046606
27642591
27652888
102521887
102529086
59311578
15734423

Continued. . .

Scan Replication
1.84 x 10~° 0.1688187
8.33 x 10~ 5.33 x 10~
1.40 x 105 2.62 x 10~2
8.48 x 10~ 0.05883719
2.08 x 1075 0.04386035
8.59 x 10~ 0.1931113
2.69 x 10~° 0.3468502
8.88 x 10~ 0.02990224
8.95 x 10~ 0.2446537
3.72 x 1075 0.07025349
9.06 x 10~6 0.1988238
1.10 x 10~5 0.2776923
9.51 x 10~ 0.4668432
1.10 x 105 0.1182811
1.36 x 10~° 0.3404593
1.13x 1075  2.41129 x 10~*
249 x 1075 7.13691 x 104
1.17 x 1075 2.98098 x 10—*
1.28 x 1075 3.81605 x 10—*
1.31 x 10~° 0.002547838
2.35 x 1075 0.002828342
1.33 x 105 4.81 x 106
1.62 x 10~° 0.01100453
2.36 x 10~° 0.07257604
1.69 x 10—° 0.1417882
1.80 x 10~5 0.3490472
1.99 x 10—° 0.08254245
2.39 x 10~° 0.02673483
2.05 x 10~° 0.4219729
8.42 x 10~° 0.3767292
2.10 x 10~° 0.01159361
5.27 x 10~° 0.004820794
2.15 x 10~° 0.01472857
2.77 x 1072 0.04447729
2.26 x 10~° 0.4255902
2.46 x 10~° 0.001014562

Combined
1.22 x 102
4.32 x 10710
3.11 x 107?
7.28 x 1076
1.36 x 102
6.52 x 107
3.34 x 10~4
5.70 x 10~
1.38 x 1072
5.30 x 10~
2.19 x 1075
1.59 x 10~%
6.37 x 104
1.59 x 1072
1.66 x 1073
2.08 x 10~
1.43 x 1077
2.74 x 1078
3.57 x 10~8
2.23 x 1077
4.40 x 1077
5.49 x 10710
1.11 x 106
1.76 x 1073
1.02 x 1074
1.69 x 10~4
4.24 x 1075
4.82 x 10~
7.10 x 1074
2.19 x 1073
1.63 x 1076
2.30 x 10~
2.74 x 1076
2.30 x 1075
1.25 x 1073
1.74 x 1077
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Loc
60
61
61
62
63
63
64
65
65
66
67
68
69
69
70
71
72
73
74
74

SNP
rs1736135
rs1040092
rs1996199
rs4543904
rs9319943
rs9961822
rs8098673
rs1456896
rs1456893
152944533

rs10010325
rs9829140
rs6679677
rs2476601
rs8111071

rs17814449
rs6987445
rs3011410
rs1784493
rs1580428

Chr

Continued. . .

Position Scan Replication
15727091  3.09 x 10~°  1.49210 x 10~
58052436  2.53 x 10~° 0.3073626
58059725  5.52 x 107° 0.1144238
1453158 2.78 x 1075 0.3123357
55030807  2.86 x 10~ 0.2763167
55028896  4.33 x 10> 0.2983416
17927329  2.91 x 10~° 0.0277945
50081722  3.43 x 1075 2.05 x 1075
50046933  6.80 x 10> 2.99 x 1075
132842492  3.72 x 107° 0.331602
106463957  3.73 x 1075 0.234778
133674827  3.77 x 10~° 0.1502965
114015850  3.89 x 10~° 4.88 x 107°
114089610  6.40 x 1075 5.69 x 1075
50999246  4.09 x 10~° 0.381589
130385443  4.18 x 102 0.4179221
83235127  4.36 x 107° NA
122495603  4.59 x 10~5 0.2648274
107743073 5.00 x 1075 0.1962221
107779719 6.85 x 107° 0.3332752

Combined
3.48 x 10~8
6.26 x 1073
5.37 x 1075
1.59 x 1073
2.07 x 1073
7.90 x 1073
1.28 x 107°
6.09 x 1077
1.62 x 10~8
2.91 x 104
1.47 x 1074
1.93 x 1074
1.60 x 10~8
2.79 x 10~8
4.12 x 1073
1.92 x 1073
NA
2.20 x 104
1.79 x 1072
5.58 x 1073

< K
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Table B.3: 129 SNPs from 74 distinct loci followed up in replication samples for

CD meta-analysis. Final four columns show success of replication experiments:

N - North American family samples, U - UK unrelated case/control samples,

B - Belgian unrelated case/control samples, F - French family samples.

SNP 1

SNP 2

rs11265519  rs4613763

rs11265519  rs2188962

rs11265519  rs3764147

rs9286879  rs13003464

rs9286879
rs9286879

rs1456893
rs7849191

p
0.0496

0.001713
0.007312
0.0368
0.04274
0.006887
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Continued. . .

SNP 1 SNP 2 D
rs11584383  1rs6743984 0.01683
rs11584383  rs11747270 0.0243

rs780094 rs917997 0.03249

rs780094 rs6784820 0.02849

rs780094 rs7746082 0.04362

rs780094 rs1456893 0.00265

rs780094 rs7849191 0.04246

rs780094  rs10995271  0.02404

rs780094 rs744166 0.02902

rs780094 rs2542151 0.00169

rs780094 rs4807569 0.02133
rs13003464  rs2301436 0.02274
rs13003464 rs10995271  0.04577
rs13003464  rs2542151 0.01959

rs917997 rs6784820 0.02225

rs917997 rs4613763 0.03703

rs917997 rs7758080 0.02673

rs917997  rs17582416  0.02064

rs917997 rs8098673 0.01276
rs6743984  rs17582416  0.03731
rs3828309  rs2301436 0.03148
rs3828309  rs1736135 0.02527
rs6784820  rs7758080 0.0327
rs6784820  rs2301436 0.04931
rs6784820  1rs10995271  0.03066
rs6784820  rs3764147  0.008501
rs4613763  rs7758080  0.0006182
rs2188962  rs7758080 0.02726
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Continued. . .

SNP 1 SNP 2 D
rs2188962  rs2872507  8.17E-05
rs11747270  1rs2301436 0.03407
rs11747270  rs2872507 0.03232
rs11747270  rs1736135 0.04903
rs17309827  1rs6908425 0.02921
rs17309827  rs2542151 0.01143
rs17309827  1s1736135 0.04143
rs12529198 rs17582416  0.04465
rs12529198  rs2066847 0.02834
rs6908425  rs1456893 0.04442
rs6908425 rs762421 0.002305
rs11758386  1rs1456893 0.03435
rs7746082  rs7849191  0.001362
rs7746082  rs4263839 0.02635
rs7746082  rs10995271  0.01366
rs7746082  rs8098673 0.03668
rs7758080  rs3764147 0.03878
rs7849191  rs17582416 0.0345
rs7849191  rs2542151  0.008799
rs17582416 rs11190140 0.025
rs10995271  rs6128541 0.02217
rs11190140  rs2542151  0.0007632
rs2066847 rs991804 0.04447
rs2066847  rs2872507  0.001565

rs991804 rs8098673  0.002871
rs2872507  rs6128541 0.04778

rs744166 rs2542151 0.02249
rs2542151  rs8098673 0.04003



APPENDIX B. SUPPLEMENTARY SNP GENOTYPING INFORMATION122

Continued. . .
SNP 1 SNP 2 P
rs8098673 rs762421 0.01574

Table B.4: Nominally significant SNP-SNP interaction in CD meta-

analysis



