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Abstract

Genome-wide association studies (GWAS) use custom SNP arrays that provide ef-
fective genetic coverage, but do not detail the association of confirmed susceptibil-
ity regions with as dense a marker map as possible. In this thesis I will describe a
fine mapping study across 14 associated regions, in 8,000 samples from three dis-
eases (Type 2 diabetes mellitus (T2D), coronary artery disease (CAD) and Graves
Disease (GD)) and a control group, including over 5,500 successfully genotyped
SNPs. We defined using Bayes theorem sets of SNPs (credible sets) that were 95%
likely (posterior probability) to contain the causal disease variants. In three of the
14 regions TCF7L2 and CDKN2A/B in T2D and CTLA4 in GD, we found that
much of the posterior probability after the fine mapping rested on a single SNP. In
seven of the 14 regions (CDKN2A/B in CAD, CTLA4 in GD, and CDKALI, FTO,
HHEX, TCF7L2) and CDKN2A/B in T2D), including the three just mentioned,
the credible sets are relatively small. For these regions, the fine mapping experi-
ment has provided useful information, at least in excluding large numbers of SNPs
from being causal. Almost none of the SNPs in our credible regions had obvious
functions, illustrating our lack of knowledge of genome sequence in modulating
gene expression and susceptibility to common disease. Based on this experiment,
I outline and discuss the possibilities and challenges in identifying causal variants
for complex traits through fine mapping of GWA signals. Further, I evaluate the
possibility of using genotype imputation in the context of fine mapping, both as
a method for fine mapping and as a way to increase efficiency in fine mapping

studies.
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Chapter 1

Literature Review

1.1 Introduction

In the past few years, genome-wide association studies (GWAS) have been per-
formed on over 200 heritable diseases and traits with the aim to identify causal
genetic variant(s). This has resulted in the identification of more than 1400 com-
mon genetic variants that are significantly associated with a variety of diseases
and traits [http://www.genome.gov/gwastudies/].

Despite this massive success, a large proportion of heritability for a large ma-
jority of traits remains unexplained. For example, the current set of 56 established
type 2 diabetes susceptibility-loci (Zeggini et al., 2008) (Kong et al., 2009) (Voight
et al., 2010) (Dupuis et al., 2010) (Q1 et al., 2010) (Tsai et al., 2010) (Shu et al.,
2010) (Yamauchi et al., 2010) (Kooner et al., 2011} (Cho et al., 2012)) captures
around 10 percent of familial aggregation of the disease. Expanding current ef-
forts to identify additional common, but also low-frequency/rare variants that con-

tribute to these traits and disorders will hopefully aid in explaining more of the
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heritability.

Also, even for the majority of the established associations there is little known
about which variant(s) are actually causal for the downstream traits and diseases
associated to them. To progress from association signal to identifying causal vari-
ants and after that to gain an understanding of the underlying biological mech-
anisms and pathways for the associated diseases and traits is one of the major
hurdles to overcome before it is possible to move forward to translation. Given
this, further investigation of the genetic variants over the entire allelic spectrum
(i.e. fine-mapping) will be important to fully elucidate the complex underlying
genetic architecture of genetic diseases and traits and holds promise for extending

our knowledge of the underlying biological susceptibility mechanisms.

1.2 Genetic Disorders and Traits

Heritable human diseases and traits fall across a spectrum, at each end of which
are two general categories:

1) Monogenic disorders, or so-called Mendelian disorders, which are rare dis-
orders caused by mutations in a single gene and have a simple inheritance pattern;

i1) Complex disorders and traits, or so called multifactorial disorders and traits,
where a number of genes and environmental factors contribute to susceptibility,
but no clear inheritance pattern exists.

Over the last twenty years there has been much success in identifying the
genetic loci predisposing to Mendelian disorders such as Huntington’s disease
(Gusella et al., 1983). In contrast, progress has been much slower for diseases

and traits with a more complex underlying genetic architecture, such as Type 2
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Diabetes Mellitus (T2D). With the aim to unravel the underlying genetic suscep-
tibility of complex traits and disorders researchers have, in the past, primarily fo-
cused on two different strategies of identification: linkage analysis, later followed
by association studies. The ultimate hope of these efforts is that the identification
of associated genetic variants will lead to the illumination of new pathways con-
nected to the trait, as well as the development of novel diagnostic and therapeutic

tools (Risch and Merikangas, 1996, Altshuler et al., 2008]).

1.2.1 Phenotypes

The phenotypes are the physical and biochemical characteristics (traits) of an in-
dividual, which result from interactions between its genetic makeup and the envi-
ronment. Generally phenotypes can be divided into one of two categories:

Quantitative traits, such as height or blood pressure, vary continuously in the
population; they are typically complex polygenic traits. Genetic association test-
ing can be performed directly on raw quantitative traits, though it is important
to test the extent to which the trait is really normally distributed in the popula-
tion as this is often required for the statistical tests used to analyze them to be
valid (Balding, 2006). Standard measures to determine whether a trait is normally
distributed are to calculate deviations from normality in terms of skewness (the
lack of symmetry of the distribution in either direction) and kurtosis (being more
or less peaked compared to a normal distribution). Often, the data will be trans-
formed to improve its fit to a normal distribution.

It is also common to search for and exclude outliers (observations that deviate
notably from other values in a random sample from a population). Such unusual

observations are often detected using box plots of the phenotypes in the popula-
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tion. Routinely people exclude values that deviate from the mean of measures
more than 2 standard deviation but importantly there is no universal mathematical
rule for what an outlier definition is and one has to treat these carefully. It is good
practice to investigate the reason for the extreme value (measurement error, unit
errors and unit conversion errors are common sources) to determine the source.
Qualitative or dichotomous traits form the second category. For these traits,
the phenotype is discrete and can take on one of only a few different values. By
far the most common in this context is the classification of individuals as cases
(suffering from the disease in question) or controls (strictly, not suffering from
the disease, but in practice controls are often just a sample of individuals from the
population.) Sometimes, the diagnosis of a disease (dichotomous trait) is based
on a threshold of a quantitative trait. An example of this is T2D, where a fasting
plasma glucose level of 7mmol/l or above is used for diagnosing an individual

with T2D.

1.2.2 Genotypes and Genotyping Methods

Traditionally in genetics a genotype describes the genetic make-up of an indi-
vidual (i.e. the specific allele make-up of the individual) but more recently the
definition is modified to describe the specific variants (alleles) an individual has
for a given genetic polymorphism.

In the early days of genetic experiments, an individuals genotype was not di-
rectly measured but inferred from the segregation of phenotypes of a pedigree
of related individuals (Mendel, 1865)). Later after DNA was discovered (Wat-
son and Crick, 1953) and scientists started to construct maps of genetic variation

the common method of analyzing genetic polymorphisms was restriction frag-
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ment length polymorphism (RFLP) analysis of single base substitutions. These
are labour-intensive, DNA consuming and difficult experiments to perform and
as a result only be performed in small scale. They were soon replaced by PCR
based investigations of tandem repeat polymorphisms, particularly microsatellite
polymorphisms. These have the major advantage over base substitution RFLPs
that they are far more informative (due to the higher number of alleles) and can be
typed much faster (Weber, 1990).

Those early genetic efforts were limited by the limited number of available
polymorphisms (Collins et al., 1997) but later it was realized that single base sub-
stitutions are much more common than initially thought (Nickerson et al., 1998)).

The approaches to assessing DNA sequence differences between individu-
als offer considerable promise for reducing the cost and increasing the rate at
which large numbers of single nucleotide polymorphisms (SNPs) can be geno-
typed either using DNA chips (Fodor et al., 1991)) for genome wide detection and
for smaller scale projects, versions of single base extension (or minisequencing

primer extension) methods (Syvanen, 1999).

1.3 Recombination

Recombination is the natural process of crossing over between homologous chro-
mosomes during meiosis. Measuring recombination is a technically challenging
process but they have shown that recombination is non-random (Kauppi et al.,
2004). In humans analysis of inheritance in pedigrees, sperm studies or popula-
tion genetic data are used to estimate recombination rates (Auton and McVean,

2007).
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These methods have been used to identify specific regions in which crossing-
over events cluster in so called “recombination hotspots”. These are abundant
throughout the human genome, occurring non-randomly on average every 200 kb,
preferentially outside genes (McVean et al., 2004). The discovery and subsequent
map of the recombination hotspots throughout the genome have facilitated both
the design and analysis of association studies through an improved understanding
of the distribution of linkage disequilibrium (LD, see “Linkage Disequilibrium”

in this chapter) in natural populations (Stumpt and McVean, 2003)).

1.4 Linkage Analysis and Monogenic Disorders

Linkage analysis is one method traditionally used for searching for genetic loci
harboring disease causing genetic variants. In linkage analysis, genetic loci are
assayed sparsely across the genome in a set of related samples, some of which
are affected by the disorder and some unaffected. Genetic polymorphisms are
used to track co-segregation of chromosomal regions and a trait or a disorder
within a set families. In families, two loci that are located near each other on a
chromosome (e.g. within 10Mb in humans) will tend to be inherited together, i.e.
they are “linked together”. Recombination may occur during meiosis, resulting in
the separation of previously linked loci (Cardon and Bell, 2001)).

The probability of recombination is a function of the genetic distance between
two loci. For each locus, the probability of recombination between the locus and
a putative “disease locus” can be calculated. The key measure of evidence used
in linkage is the logarithm of odds (LOD) score. This is the log of the likelihood

comparing each locus being linked to the disease locus vs. the likelihood of them

10



CHAPTER 1. LITERATURE REVIEW

being unlinked (Cardon and Bell, 2001).

In monogenic disorders, parametric (i.e. model based) linkage can sometimes
be used, as the mode of inheritance may be known. In this scenario, the disease
model must be specified, along with several other parameters including disease
prevalence and allele frequencies. This is a tool with substantial power to de-
tect effects, provided the model is right and accurate parameter estimates exist.
However, when using linkage to study complex phenotypes, most or all of these
parameters are unknown, and so model free (i.e. non-parametric) methods must
be used. In multiply-affected families, the affected relatives will tend to display
excess sharing of haplotypes that are identical by descent, in the region associated
to disease. Non-parametric methods generally take advantage of this idea, most
commonly using affected sib-pairs (Risch, 1990).

One desirable feature of using a linkage strategy is that it searches the entire
genome without any a priori hypothesis about which loci or genes might be of im-
portance, and so is “hypothesis free*. While linkage analysis proved successful in
many monogenic disorders, for all but a few common diseases such studies pro-
duced non-significant results which could not be consistently replicated (Risch,
2000).

Linkage efforts are most well powered for identification of low frequency or
rare disease causing variants (minor allele frequency (MAF)<< 1%) with large
effects on the disorder. It is becoming increasingly clear that we are not sur-
veying this range of the allele frequency spectrum, as the tools hereto used to
identify genetic susceptibility variants in common complex disorders have very
limited detection power (McCarthy et al., 2008). For example, the type 2 dia-

betes (T2D) associated variant Prol2Ala on PPARY would require a linkage study

11
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involving around 3 million sib-pairs to obtain a significant LOD-score and be de-
tected through linkage (Altshuler et al., 2000).

Recently, this progress in Mendelian disease loci identification is further sped
up by the advent of exome sequencing which offers an alternative to linkage anal-
ysis as it allows the detection of underlying coding variants using a small number

of unrelated, affected individuals, such as for Millers Syndrome (Ng et al., 2010).

1.5 Association Studies and Common Complex Traits

One hypothesis about allelic architecture for common, complex diseases and trait
risk is that it is due to loci containing one or more common disease predisposing
genetic variant(s). The common disease-common variant hypothesis (CD-CV)
is based on the idea that common alleles (MAF > 5%) will be, at least partly,
underlying susceptibility to complex polygenic diseases. In contrast to monogenic
disorders caused by rare variants (MAF << 1%) with very large effect sizes, the
CD-CV hypothesis suggests that each variant at each gene influencing a complex
disease will have a small additive or multiplicative effect on the disease phenotype
(Gabriel et al., 2002).

Based on these notions, an alternative primary approach for searching for ge-
netic disease loci known as association studies was shown to be a powerful tool
for detecting common loci of small effect (Risch and Merikangas, 1996). An asso-
ciation study looks for simple correlations between a phenotype (any observable
characteristic or trait of an organism) and the genotype (combination of alleles) at
a genetic variant (Cardon and Bell, 2001).

Association studies are typically performed using either a set of unrelated

12
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cases and controls, or on a set of nuclear families with affected offspring. In
a ‘“case/control” setting, one collects a set of samples with a particular disorder
(cases), and an unrelated set of samples without that disorder (controls). Ge-
netic variants are genotyped in both sets of samples. Then, the variation data are
analysed for statistical correlation between the phenotype and genotype; in other
words, for each genetic variant, one ask the simple question “does this disorder
occur more frequently in samples with allele A of this variant than allele B” (Risch:
and Merikangas, 1996). If the difference is observed to be statistically significant,
typically at a stringent level of significance (see the section ‘“Statistical signif-
icance”), then the variant is considered associated to the disorder. There are a
number of potential difficulties to this approach however, most prominently that
of “population stratification”: the frequency of genetic loci varies across human
population groups, and so any differences in ancestry between cases and controls
can result in spurious associations (Cardon and Palmer, 2003). Until recently as-
sociation studies were limited to studying only small regions of the genome (a

limited number of markers) at a time due to cost and genotyping capacity.

1.6 Linkage Disequilibrium

The completion of the human genome reference sequence (Lander et al., 2001) en-
abled the systematic localization and categorization of genetic variants throughout
the genome. The most common type of genetic variant in the human genome is
the single nucleotide polymorphism (SNP) (Wang et al., 1998). A SNP is DNA
sequence variation at a single nucleotide base, most often bi-allelic. Generally,

a genomic location will only be described as a SNP when both the original al-

13
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lele and a second allele are observed to be present in the relevant population. To
date, current databases (e.g. dbSNP (Sherry et al., 2001a)) and the HapMap (Frazer
et al., 2007))) contain more than ten million common (MAF > 5%) SNPs, which
is a density of about one SNP per 290 base-pairs and these are thought to account
for 90% of human genetic variation (Kruglyak and Nickerson, 2001) (Reich et al.,
2003) (Carlson et al., 2003) (Goddard et al., 2000) (Stephens et al., 2001a).

The HapMap project was launched in 2002 with the aim to provide a cata-
log and description of common genetic variation (Frazer et al., 2007). This was
followed in 2008 by the 1000 Genomes Project which is currently investigating
the anonymized genomes of about 2500 people from about 25 populations around
the world using next-generation sequencing technologies. This will expand the
HapMap’s initial catalogue of common variants to also include low-frequency
variants (1000 Genomes Project Consortium, 2010).

The recent and rapid progress in genetic association studies has partly been fu-
eled by the characterization of the allelic correlation between nearby genetic vari-
ants, known as “linkage disequilibrium” (LD). This correlation is a non-random
association of alleles at two or more loci, resulting from the loci being located
close to each other on the same chromosome, and thus tending to be inherited
together (Lewontin, 1964).

While the concept of LD had long been known, theoretical analyses based on
population genetic models suggested that strong correlation would only be present
for very short distances and would drop off quickly (Kruglyak, 1999). One of the
first demonstrations that this might not be the case occurred during a search for
genes predisposing to Inflammatory Bowel Disease (Daly et al., 2001). Daly and

colleagues reported that the correlation between SNPs extended much farther than

14
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expected; in fact, across long stretches of the region, a small number of combina-
tions of alleles seemed sufficient to represent variation across regions as large as
92 kb. Further, when looking at regions that spanned more than one of these seg-
ments virtually no correlation was observed, suggesting that recombination in the
region may be limited (Daly et al., 2001, Wall and Pritchard, 2003, Jefireys et al.,
2001])). It was concluded that the genome consists of stretches of high LD regions
(also called “LD-blocks” or “haplotype blocks” ) separated by short distinct seg-
ments of very low LD, which are now known to be caused by ‘“recombination
hotspots” (Altshuler et al., 2005). These common LD-blocks display only limited
haplotype diversity and a small number of distinct common haplotypes account
for the majority of chromosomes in the population (Daly et al., 2001) (Gabriel
et al., 2002) (Patil et al., 2001)).

This block structure within high LD regions might aid the association studies
of common alleles, because recombination sites could make up boundaries for
causative candidate genes and variants and also indicate how far to extend the
search for functional variants. With this realization about the common haplotype
blocks in high LD regions, allelic correlation between SNPs allow a subset of them
to act as proxies for (or “tag”) the majority of common SNPs. As a result, it is
possible to capture a large proportion ( 80 %) of allelic diversity across the genome
by genotyping only a fraction of known SNPs (300,000-500,000 SNPs) (Barrett
and Cardon, 2006) (Pe’er et al., 2006).

Another important consequence of the correlation structure is that semi-dense
genotyping captures the information at both known and unknown common vari-
ants. Thanks to projects such as 1000genomes we now have a nearly complete

catalogue of common variants for many populations, but that is a quite recent
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development.

1.6.1 LD Measures

More specifically, LD refers to association between the alleles at two loci. If we
have two biallelic loci located near each other on a chromosome, a and b, with al-
lele frequencies p,, and p,,, and py, pp,, then the probabilities of observing pairs
of alleles at these loci are pg,p,; Pa by, and pg,p, - In a state of linkage equilibrium,
the alleles are independent between loci, and so the multi-allele probabilities can
be calculated as pgp; = pq;pp;- In the presence of LD, alleles at the two loci are
not independent, and this relationship does not exist (Wray NR, 2008)). These
multi-allele probabilities may also be referred to as haplotype probabilities (or
frequencies). The term haplotype is used to describe pairs of alleles at loci nearby
on the same chromosome and which tend to be transmitted together.

One of the most common and simplest measures of LD is the covariance D

(Falconer DS, 1996) (Lynch M, 1998)). For biallelic loci this is defined as:

D = pa,b, — Pa, Pb,
:pa2b2 _pazpbz
= _(palbz _Palpbz)

= (pazbl — Pa, Pby )

The sign of D is determined by which allele is assigned to al or a2, and so

16
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in comparisons between loci the absolute value can be used. The maximum and

minimum values of D depend on the allele frequencies of the loci. The absolute

D max

value of the maximum value, , 1s the smaller of p,, pp, and pg,pp, When
D > 0 and the smaller of p,, pp, and p,, pp, when D < 0 (Wray NR, 2008). An-
other measure of LD is a scaled version of D, known as D": D' = D/D,,,,. The
absolute value of this measure is generally used. |D’| is much less dependent on
allele frequency than D, which more readily allows comparisons of value between
different pairs of loci (Wray NR, 2008, Wang et al., 2005)).

Another key metric for measuring LD between SNPs is 72, which is the squared
correlation between alleles at two SNPs (Ardlie et al., 2002, Hill and Robertson,

1968).

r? is defined as:

D2

e —
pa1pazpblpb2

While % and D (and D') are closely related, r% is more commonly used in the con-

text of association studies. One reason for this is that there is a direct relationship

between the power to detect a causal variant and the 7> between the genotyped

and causal variant (Wray NR, 2008,|Wang et al., 2005).

1.7 Genome Wide Association Studies

As of 2004, little progress had been made towards dissecting the genetic mecha-
nisms underlying common complex disease. In the time since, the possibility to
perform association studies on a far larger scale has transformed this picture.

Rapid technological improvements culminated in the availability of commer-

17
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cial genotyping assays allowing the simultaneous, accurate and affordable geno-
typing of hundreds of thousands of SNPs across the entire genome (Fan et al.,
2006). By leveraging the available tagSNP information from the HapMap, these
assays were able to characterize the majority of common variation across the
genome, while only directly genotyping about 10% of common SNPs (Barrett
and Cardon, 2006)) (Pe’er et al., 2006) (Gabriel et al., 2002). Two early examples
of commonly used genotyping arrays are the Affymetrix GeneChip Human Map-
ping 500k Array Set and the Illumina 317K chip. The technology behind these
arrays continues to improve, and genotyping arrays are now available containing
> 5 million SNPs.

One of the first published reports of a GWAS described a case control study of
age-related macular degeneration (AMD). The results of this study were striking.
Using only 96 cases and 50 controls, Klein et al. discovered a SNP in the gene
complement factor H with an odds ratio of 2.72 (Klein et al., 2005)) (Haines et al.,
2005). This finding was later repeatedly replicated (Maller et al., 2006) (Des-
priet et al., 2006). Also in 2005, Rivera et al. discovered a SNP in an unchar-
acterised gene with an odds ratio of 2.69 for AMD (Rivera et al., 2005). These
two findings combined with two further discoveries resulted in a report suggesting
that the combined effects of the four loci explained greater than 50% of the ge-
netic component of AMD (measured using sibling recurrence risk) (Maller et al.,
2006) (Maller et al., 2007). This was an early and striking success story for com-
plex disease genetics. After almost two decades of searching unsuccessfully for
genes predisposing to AMD, half of the genetic predisposition had been explained
in just two years. The success in AMD provided hope for many planned or ongo-

ing GWAS. It quickly became clear that the common SNPs with high odds ratios

18



CHAPTER 1. LITERATURE REVIEW

observed in AMD were atypical, with odds ratios in the highest 1% of SNPs found
via GWAS (as of November 2011) (NHGRI, 2011). Much more common for dis-
eases have been odds ratios on the order of 1.1-1.3, requiring substantially larger
sets of samples. With this realization that the effect sizes of associations would be
much smaller than anticipated it became clear that to find true associations, stud-
ies would need to become far larger (thousands or tens of thousands of samples).
No studies of that size had been previously performed or even considered, and this
necessity has catalysed large-scale international collaboration around association
analysis.

As the odds ratio drops the contribution to the overall heritability of the disor-
der rapidly drops. A typical example is T2D. While for AMD 5 SNPs explained
approximately 50% of the heritability, the first 18 replicated SNPs for T2D ex-
plained about 6% (Manolio et al., 2009). Another example is Crohn’s disease
(CD), where the first 32 replicated SNPs explain approximately 20% of the ge-
netic risk (Manolio et al., 2009).

One challenge that arose quickly for GWAS was that of technical artifacts.
Even subtle genotyping error or bias is a non-trivial problem in the context of
a GWAS. This can result from a number of causes including problems in the
lab handling of samples, different handling of cases vs. controls, among many
others (Hirschhorn and Daly, 2005). While these are always important issues
in an experiment, the very large increase in the scale of data being collected in
GWAS has made this much more prominent and presents a continuing challenge
in the analysis and interpretation of data (WTCCC, 2007). This can be minimized
through rigorous quality control of genotype data and careful analysis as well as

strict replication of any promising findings.
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Due to their design (i.e. to genotype common variants that act as tags or prox-
ies of other common variants) GWAS are well-powered to characterize common
variants down to relatively small effect sizes, as SNP variation is very effectively
captured down to a MAF of 5% (Pe’er et al., 2006). Sample size plays an im-
portant role in the design of these studies, and power will depend very much on
the sample size (both in cases and controls). For variants below MAF of 5%
“coverage” (the proportion of variation at untyped SNPs which can be recovered
as a result of LD) drops off rapidly. Current large-scale resequencing efforts in
both public (1000Genomes , (1000 Genomes Project Consortium, 2010) ) and
disease specific (eg. GoT2D) settings hold promise to aid identification of lower

frequency variants relevant for diseases and traits.

1.7.1 GWAS Significance Levels

Controlling the false positive rate is of central importance when testing hundreds
of thousands of SNPs for association to a phenotype. The most common approach
to this is via a threshold for statistical significance. From a Bayesian of Frequentist
perspective there are (different) norms for having stringent significance thresholds
for GWAS. There is no “right” answer as to what this threshold should be, but the
field has settled on a p-value threshold of 5 x 108, which seems to work quite
well for avoiding false positives. For a general discussion of GWAS significance
see (WTCCC, 2007). However, no matter how significant an initial finding may
appear, replication of a putative association in an independent sample is consid-

ered essential.
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1.7.2 Success of GWAS

In the seven years since the first GWAS results were published it has proven a
major success. As of June 2011 there were over 1,600 independent associations
at genome wide significance (p < 5 x 1078, see previous section on statistical
significance) for 237 diseases and traits reported including AMD, T2D, T1D, can-
cer, inflammatory bowel disease (IBD) as well as a variety of anthropometric and
laboratory traits (Manolio et al., 2008)).

Figure [[.1]displays associations which have been detected in GWA studies,

labelled according to their position in the genome.
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Published Genome-Wide Associations through 09/2011
oo 1,617 published GWA at p<5X10°2 for 249 traits 2011 3rd quarter
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Figure 1.1: SNP-trait associations detected in GWA studies. Associations signifi-
cant at P < 9.9 x 107 are shown according to chromosomal location and involved
or nearby gene, if any. Colored boxes indicate similar diseases or traits. From:
Hindorff LA, MacArthur J (European Bioinformatics Institute), Morales J (Euro-
pean Bioinformatics Institute), Junkins HA, Hall PN, Klemm AK, and Manolio
TA. A Catalog of Published Genome-Wide Association Studies. Available at:
www.genome.gov/gwastudies. Accessed 11/8/2012.
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As mentioned above, the identified common susceptibility variants taken to-
gether only account for a small portion (< 10%) of the heritability of the studied
diseases and traits . There are exceptions to this, such as IBD, where meta-analysis
of GWAS have identified 71 loci associated with one of the sub-forms of the dis-
ease (CD) and these associated loci taken together account for about 23% of the
heritable portion of disease risk (Franke et al., 2010) .

One of the strengths of the GWAS strategy is that as a hypothesis free screen-
ing strategy it will lead to the discovery of associations without any prior knowl-
edge or assumptions about disease and trait aetiology. In the GWAS results yielded
so far we see the implication of genes of both known and unknown function in
both known and new etiological pathways. Example of novel pathways that are
highlighted are the autophagy pathway in IBD (Rioux et al., 2007) and the com-
plement pathway in AMD (Klein et al., 2005). The hope is that the identifications
of genes and pathways that are associated to diseases may accelerate the develop-
ment of new therapies.

It is important to highlight the fact that while GWAS has been very success-
ful at identifying true associations, we have thus far rarely been able to translate
this success into identification of the actual causal variant(s) and through which

gene(s) the associations are exerting their effect.

1.8 Beyond GWAS

While the field is continually expanding the GWAS efforts into larger collabora-
tions to increase samples sizes and identify additional common variation associ-

ated with traits and diseases, loci already associated often remain largely unex-
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plored.

While there is no clear path for how to best move forward, a number of re-
search avenues are open to investigate these including: fine-mapping and bioinfor-
matic efforts to identify the causal variant(s), use expression data and phenotype
refinements to identify the gene(s) through which the association exerts an effect

on the disease or trait in question.

1.8.1 Fine-scale Mapping of Associated Regions

Once a significant and replicated association has been established, a natural next
step would be to exhaustively fine map the region to fully characterize the geno-
type (and haplotype) patterns.

The first step in fine-mapping would be to generate as complete a list of genetic
variants as possible in the associated locus. New sequencing technologies allow
full re-sequencing of individuals across the entire region of association to identify
all variants present. Understanding and characterizing the association and the role
of genetic variants within low LD regions will be challenging and will require
deeper re-sequencing efforts in larger samples to get a comprehensive catalogue
of variants.

The second step would be confirmatory genotyping efforts to expand the num-
ber of individuals available for association testing of the newly discovered mark-
ers which will hopefully refine the association signal(s) and localize the causative
variant(s).

One option to supplement the information from the re-sequencing effort is to
capitalize on the 1000Genomes (1000 Genomes Project Consortium, 2010) effort.

The high density of SNPs in the 1000Genomes dataset allows the imputation of a
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very high proportion of common (MAF > .05) SNPs. These imputed datasets may
help to narrow the boundaries of an associated region before costly re-sequencing
and genotyping efforts take place. This is standard practice today but these re-
sources were not available when this project and thesis were initiated.

Another possibility is to utilize differences in LD patterns between samples of
different ethnicities to fine-map associated regions. See Discussion chapter for a

description of this and other approaches to fine mapping.

1.8.2 Association Tests

Table 1.1: Genotypes

0 1 2 Total
Cases | ro | r1 | 2 R
Controls | so | 1 | $2 S
Total | ng | ny | no N

By far the most common association test, under the assumption that genetic
effect is multiplicative on the log odds scale, is known by various names: the
additive test, Cochran-Armitage trend test or simply the trend test. For a SNP a,
with genotypes AA, AB and BB represented, respectively, as {0,1,2} and genotype

counts represented as in Table|l.1|the trend test statistic Xcz; is defined, as:

N{N(r1 +2r2) = R(ni +2ny)}*

Xz =
G R(N—R){N(nl —|—4I’L2) — (m —|—2n2)2}
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Most of the association testing in this thesis is based on the trend test except
where stated otherwise such as testing for secondary signal. In such cases the test
being used will be specified in the relevant sections. For more background and
further details of the trend test see (Sasieni, 1997) (Balding, 2006) (Zeggini and
Morris, 2010).

Logistic Regression

Another approach to association testing when working with a binary phenotype is
using logistic regression. One key benefit of logistic regression is that it readily
accommodates a number of different inheritance models (Balding, 2006)). Let ¥;
represent the phenotype of individual i, with ¥; = 0 for controls (for both popu-
lation or cohort controls) and ¥; = 1 for cases. For an additive model, let X [i]
represent the genotype of an individual, with coding of 0,1,2 corresponding to
genotypes AA,AB and BB (Balding, 2006) . Let the disease risk of individual i
conditional on their genotype be p = E(Y;|X;[i]). Then, using the logit transfor-

mation we have

Di
1 —pi

logit(p;) = log (1.1)

And

logit(p) ~ Bo +B1X1 (1.2)

. This model is then tested using the likelihood ratio test, against the general

model in which By = B;. The corresponding B; represents the expected log odds
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ratio for the SNP represented by X; for cases and controls, or the log relative risk

when using a population based sample (WTCCC, 2007) (Balding, 2006).

1.8.3 Imputation of Genetic Variants

Imputation is a method for predicting genotypes at unassayed sites in a sample
of individuals. Generally, imputation is used in a situation where there is a refer-
ence panel of densely genotyped samples, and a larger set of study samples typed
at a subset of the SNPs in the reference panel. Imputation uses SNP correlation
patterns from the reference panel and a recombination map to statistically pre-
dict genotypes at untyped sites in the set of study samples. (Marchini and Howie,
2010)

There are a number of uses for imputation. First, it can be used to predict
genotypes at SNPs that are completely untyped in a study. This is one of the
most frequent scenarios in which imputation is used, due to the public availability
of large, very dense public reference panels from the HapMap and 1000 genome
projects. Other common uses for imputation include filling in missing genotype
data or identifying genotyping errors. Imputation also has the potential to be par-
ticularly useful in the context of fine mapping (loannidis et al., 2009). After the
identification of a region associated with a particular phenotype, the identifica-
tion of the SNP or SNPs underlying the association is of key interest. Imputed
genotype data can help narrow the set of possible candidates and limit the set of
SNPs to be typed. The drop in the number of SNPs required to be genotyped can
be substantial, as I will show in the chapter discussing imputation. It may also be
possible to directly identify potentially causal variant, though to do this accurately

requires, at minimum, a large and quite complete reference panel. Even with such
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a reference, confidently differentiating between highly correlated SNPs is quite
challenging due to the inherent uncertainty of imputed genotypes. See Chapter 4
for further discussion of these and other issues.

Figure [[.2)illustrates how imputation works in several settings.

1.9 Aims of thesis

In Chapter 2 and Chapter 3 of this thesis I describe a fine mapping experiment,
undertaken with a number of collaborators. Chapter 2 describes the design, im-
plementation and primary analysis of this study. Chapter 3 describes a number of
secondary analyses of the data, including annotation of potentially causal variants,
secondary/conditional tests and evaluation of GWAS and imputation contributions
to the results.

In Chapter 4 I describe an evaluation of how genotype imputation can be used
in the context of fine mapping. I first evaluate the potential for imputation as a
direct fine mapping approach. I then investigate whether imputation can be used
in the design stage of fine mapping studies as a mechanism to increase efficiency

in such studies.
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Figure 1.2: The figure above illustrates imputation for a sample of unrelated individuals. The raw
data consist of a set of genotyped SNPs that has a large number of SNPs without any genotype data
(part a). Testing for association at just these SNPs may not lead to a significant association (part
b). Imputation attempts to predict these missing genotypes. Algorithms differ in their details but all
essentially involve phasing each individual in the study at the typed SNPs. The figure highlights three
phased individuals (part c). These haplotypes are compared to the dense haplotypes in the reference
panel (part d). The phased study haplotypes have been coloured according to which reference hap-
lotypes they match. This highlights the idea implicit in most phasing and imputation models that the
haplotypes of a given individual are modeled as a mosaic of haplotypes of other individuals. Missing
genotypes in the study sample are then imputed using those matching haplotypes in the reference set
(part e). Testing these imputed SNPs can lead to more significant associations (part f) and a more
detailed view of associated regions. Reprinted from: Marchini J., Howie B. Genotype imputation for
Genome-wide association studies. Nature Reviews Genetics 11, 499-511 doi:10.1038/nrg2796
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Chapter 2

Design and Primary Analysis of a

Fine-Mapping Experiment

2.1 Aims of this chapter

2.1.1 Fine Mapping of Genetic Loci Associated with Human

Disorders

In the quest to illuminate the aetiology of common complex disorders in humans,
GWA studies are a powerful tool that can provide substantial insight into associ-
ated genomic variants. However, these studies are not geared towards identifying
specific variants associated with a disorder; their power lies in identifying small
regions of the genome associated with a disorder. In nearly all cases, further study
will be required to identify the variant(s) functionally influencing the disorder. In
this way, a GWAS can be thought of as Hypothesis generating rather than a way

of addressing a particular hypothesis.
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Once an association has been established between a region of the genome and
a phenotype, a natural next step is to try to refine and localize the signal, as well
as determine the underlying mechanism. This process is commonly referred to
as “fine mapping” an associated locus. Put simply, the goal of fine mapping is
to fully characterize the genotype (and haplotype) patterns for a particular as-
sociated region. The hope is that this would make it possible to determine the
variant functionally influencing the phenotype, known as the causal variant (or
variants). While full characterization is the ideal outcome, it is not currently real-
istic for a number of reasons. One limiting factor is genotyping technology; the
best medium to large scale genotyping assay currently available can only success-
fully genotype around 80% of SNPs. Another limitation is the lack of a complete
catalogue of variant sites in the genome, although this has recently improved sub-
stantially thanks to the 1000 Genomes Project and the continued efforts of the
HapMap project.

These and other issues affecting fine mapping studies will be covered in greater
depth in this chapter. An overview diagram of the design and analysis of the

project described in this chapter is shown in Figure [2.1]

2.2 Wellcome Trust Case Control Consortium

The Wellcome Trust Case Control Consortium (WTCCC) GWAS was an early,
large scale study involving seven common disorders: bipolar disorder, coronary
artery disease, Crohn’s disease, hypertension, rheumatoid arthritis, type 1 diabetes
and type 2 diabetes (WTCCC, 2007). Earlier family studies had shown all seven

disorders to be consistently heritable, but at the time the WTCCC study com-
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menced little was known about the genetic architecture of these disorders. For
each disorder 2000 unrelated case samples were collected. In addition, two sets
of control samples were collected: 1500 individuals from each of the 1958 Birth
Cohort and the UK Blood Services. All 17000 samples were genotyped using the
Affymetrix GeneChip 500k Human Mapping Array Set, which contains 500,568
SNPs from across the genome.

As one of the first GWAS’, and particularly the first very large one, the WTCCC
study demonstrated both the utility of the GWAS approach, as well as the potential
pitfalls involved. Once the genotype data was cleaned and analysed, 24 indepen-
dent association signals (p < 5 x 10~7) were found across six of the disorders.
Nearly all of these associations were later replicated in independent studies. As
well as demonstrating the feasibility and utility of this powerful new approach
to disease genetics, the results shed light on a central property of the genetics of
heritable common complex disease. The results shed light on the range of effect
sizes at common SNPs for common disorders, finding not a single SNP of large

effect (OR > 2) aside from a small number of previously known loci.

2.3 WTCCC Fine-mapping Study

In order to evaluate possible strategies for fine-mapping GWAS hit regions, we
undertook a large scale fine mapping study. The design of the study included
associated regions for 3 diseases, which were chosen with a mind towards repre-
senting a diversity of allele frequencies, effect sizes, region sizes and LD structure.
SNPs for genotyping were drawn from a number of sources including dbSNP and

a number of regional resequencing efforts; all known SNPs which successfully
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designed were genotyped.

This chapter describes the design, data gathering, QC and primary analysis
of this fine-mapping study. The subsequent chapter describes secondary analyses
of this study. The study was a part of a large collaboration, and my contribution
is only a portion of the overall effort. I will explain in detail the portions I have
worked on. Descriptions of work performed by others in the project are noted,

such as the annotation work performed together with Jake Byrnes.

2.3.1 Phenotypes and Samples

The experiment included 13 regions known to be associated to one of type-2 dia-
betes (T2D), coronary artery disease (CAD), or Graves’ disease (GD). Six regions
were associated with T2D, five regions were associated with CAD and three re-
gions were associated with GD One of the regions is associated to both T2D and
CAD, though the associations were independent and separated by a recombina-
tion hotspot). For GD, 1,963 samples were included, 1,934 for CAD, and 2,037
for T2D, as well as 1,930 controls taken from the 1958 Birth Cohort and the NBS,
for a total of 7,894 samples. Samples were genotyped at 8000 SNPs using a cus-

tom designed Illumina iSelect chip.

2.4 Defining Regions

While it’s generally quite clear where the most strongly associated variant lies,
deciding how far the signal extends in an associated region is a non-trivial task,
particularly given the lack of a complete catalogue of genomic variation. Given

the relatively small number of comprehensive fine mapping efforts applied to com-
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mon variants connected with common complex phenotypes, not much is known
about any general properties of causal SNPs or mechanisms.

It follows that even less is known about the relationship between an initial
finding and the underlying causal variant(s). Imputing genotypes at untyped SNPs
can assist in estimating how far the signal extends, but the reference datasets used
in imputation are also incomplete.

There are many methods one could use to define region boundaries, but here

we use the 3 common approaches of using pairwise 7

, using the association sig-
nal, and using information on recombination.

When using pairwise 72 to refine the signal, the core idea is to define the region
based on correlation to the focal SNP. One way of doing this would be to choose an
r? threshold and define the region boundaries such that all SNPs with an > above
the threshold are within the region. Correlations would generally be calculated
using a reference dataset such as the HapMap in order to include as many SNPs
as possible (assuming there is a suitable population in the reference).

The approach using the association signal across the region is similar to the
correlation based method, but defines boundaries to include all SNPs where the
measure of association exceeds some threshold. The threshold can be either an
absolute threshold or relative to the focal SNP. Note that as this uses association
information, data from the GWAS is used rather than a reference data set.

The third approach uses information on recombination levels in order to define
the boundaries. There are different ways to do this, but a natural approach is to
define the region to extend far enough that any common SNPs beyond the bound-

aries would be minimally correlated to the focal SNP . This requires estimates of

recombination rates across the region for a sufficiently similar population. Given
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those estimates, one can specify the region by starting from the focal SNP, extend
the boundaries until the genetic distance, which is the sum of recombination rate
across the interval, exceeds some threshold (performed both to the left and right
of the focal SNP).

For this fine mapping study we employed a combined strategy across the three
approaches. Our approach was deliberately generous in terms of boundary place-
ment, as we wanted to minimise the chance of missing any potential signal. While
the recombination estimates and correlations were fairly robust as both were cal-
culated using HapMap data, the available association signal data varied across
phenotypes. There was no genome-wide data available for GD, and so we could
not confidently assess how far the signal stretched for the three GD regions. For
T2D we generally had strong association signals, anddense genotype data in a
substantial number of samples available. However, for CAD there were several
regions in which the signal was very weak or effectively non-existent in the initial
WTCCC GWAS (this is likely to be due at least in part to the number of samples
and the modest effect size in some CAD regions). Given these limitations, our
strategy was to first choose a set of boundaries using recombination information,
and then adjust those boundaries as necessary based on correlation and association
signal. The boundaries were chosen to be a distance of at least 0.1 centimMor-
gans both upstream and downstream from the focal SNP. We then checked if any
SNPs outside these boundaries had an ?> > 0.2 to the focal SNP and expanded
the boundaries to include any such SNPs. The boundaries were then further ad-
Jjusted outwards if necessary to include any SNPs with a p-value within 2 orders of
magnitude of the p-value of the focal SNP, where this information was available.

Generally, the initial boundaries chosen solely based on recombination ended up
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as the final boundaries. Table [2.T]includes information on each of the regions.

2.5 SNP Selection

After defining a region, the next step was to select which variants to assay. We
limit the discussion of SNP selection methods here to the simple and conservative
approach of comprehensively genotyping any sites reported to exhibit variation in
an appropriate population. There are a number of more sophisticated approaches,
such as using public reference genotype data (i.e. HapMap) together with GWAS
data to increase efficiency by reducing the set of variants to genotype, perhaps by
avoiding typing of pairs of SNPs which are apparently perfectly correlated. Given
the relative lack of knowledge about the structure and properties of causal alleles
in regions found via association with common variants, the more conservative
approach of comprehensively typing all known variants in each region seemed
far safer than a strategy aimed at genotyping efficiency. Indeed, one of the goals
of the study was to investigate exactly this sort of question through improved

understanding of the structure of the underlying association.

2.5.1 SNP Sources

While public databases of genetic variation have grown exponentially in size in
the past several years, they do not as yet contain a complete catalogue of common
variation across the genome. The most prominent of these databases is dbSNP,
which is comprised of reports of variation submitted by researchers worldwide.
The level of detail in these reports ranges from a simple report of observed vari-

ation by a single researcher, to complete genotype data on hundreds of samples
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from multiple populations. As such, many sites listed as exhibiting variation may
turn out to be monomorphic when genotyped (though this can also be due to pop-
ulation differences or low frequency). Additionally, an appreciable proportion of
variable sites are not present in dbSNP, particularly in the lower end of the fre-
quency spectrum. One way to address this is to resequence the region of interest
in order to find variants not present in the public datasets.

The variability in the scope of reports in dbSNP presented a challenge. If the
stated plan for the study was to genotype “all known variants” in each region,
how does one define “all known variants”? There is no doubt that many reports
of variants in dbSNP are inaccurate; one need only look at the substantial number
of cases in which multiple reported “SNPs” are folded into a single SNP (Sherry
et al., 2001a)).

This is not surprising given, among other things, the many difficulties involved
in resequencing, as well as the tendency of small structural variants (“indels”) to
look like one or more SNPs. It became clear that while dbSNP would be hugely
useful in identifying SNPs to type, we could not simply type all sites reported
to vary in dbSNP, as a large portion of sites would turn out to be monomorphic.
There are many criteria upon which dbSNP can be filtered, including number of
distinct reports of variation, number of samples in which variation is observed,
whether actual genotypes or frequency data have been uploaded and whether any
of the aforementioned information was generated by the HapMap project. In the
end, we took forward any SNP in dbSNP which had genotype or frequency data
showing variation and any which had been reported by more than one group. We
felt this provided a good balance between limiting the number of non-varying

sites that we typed, while not excessively restricting ourselves to sites which had
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already been characterized and thus less likely to provide fresh insight into the

structure of these regions.

WTCCC Resequencing Project

Prior to the fine mapping study, the WTCCC embarked on a regional resequencing
project. The goal of this project was to assess how effectively GWAS associated
regions could be resequenced, and how useful this data would be towards charac-
terizing the underlying signal in those regions. In all, sixteen regions were chosen
from nine diseases in the original WTCCC study, with resequencing performed on
samples used in the HapMap project. Of these regions, five overlap with the fine
mapping project. This provided a potentially useful source of previously unknown
SNPs in those regions that could be typed in the fine mapping study. Indeed, in
choosing sites to genotype for the fine mapping project, we included any novel
sites identified in the resequencing project (WTCCC, 2012).

The regions sequenced and their properties are shown in Table

Combining across sources

In addition to dbSNP and the WTCCC resequencing study, we drew upon several
other sources for sites to type. These include SNPs from the publicly available
Craig Venter and James Watson genomes, which were found using comparisons
with the human genome reference sequence. We also included SNPs found in
regional resequencing by several collaborators. While this provided a rich set of
variants to potentially type, we were also presented with an additional informatics
challenge. The issue of reference genome build cropped up a number of times,

which often occurs in projects assaying genomic data and results involving dis-
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parate sources of data and multiple research groups. Physical positions frequently
shift subtly between versions of the Human genome reference, and the difficultly
in updating data annotation results in differences in build version between sources.
This difficulty combined with differences in SNP-id schemas meant much care
was needed to ensure that the final list of regions and variants were consistently
and correctly annotated. Table [2.1]displays information on SNP sources. Individ-

ual SNPs may be counted more than once if they appear in multiple categories.

2.6 Quality Control

Quality control is a key step in any genetic study, and particularly so in fine-
mapping. If we are to have any success in teasing apart and characterizing highly
correlated SNPs, it is critical to have a clear sense of the data quality and ide-
ally to remove any SNPs or samples that performed poorly. Genotype calling was
performed in two stages at the Sanger Institute. First, genotypes were called us-
ing Illuminus (Teo et al., 2007). Only SNPs which Illuminus called with high
confidence were taken forward directly; the remainder underwent manual cluster
inspection and re-calling where appropriate. The first QC filter applied was to
remove individual genotypes with an Illuminus “confidence score” < 0.2, which
is the recommended threshold (Teo et al., 2007). Samples with call rates < 90%
were then filtered out. Sample heterozygosity was calculated, as it is a useful
marker for sample failure or contamination, but the structure of the data (a small
number of relatively small regions) made it unlikely that we would be able to
clearly identify outliers. After applying these filters, we then performed SNP QC.

We filtered SNPs based on the following criteria:
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e SNP call rate < 0.95
e Hardy-Weinberg p-value < 0.001

e minor allele frequency < 0.001.

Table shows SNP counts by region, both pre and post QC.

2.7 Expanded Reference Group

As stated above, all samples were typed at all SNPs on the assay, which presented
the opportunity to substantially expand the reference set (this was also the case
in the original WTCCC study) (WTCCC, 2007). This is feasible thanks to the
independence between T2D and GD, and between CAD and GD. This allows us to
include the GD samples as controls when analysing T2D regions as well as CAD
regions, and to include both the CAD and T2D samples as controls when analysing
the GD regions. We compared the results using only the common controls (58BC
+ NBS cohorts) to the results using the expanded set just described. The signal
patterns did not differ between the two sets, and using just the common controls
showed somewhat weaker signal as expected (data not shown). Unless stated
otherwise, all analyses that follow were performed using the expanded sample

set.

2.8 Single Marker Analysis

Single SNP association tests under the additive model were performed on the QC-

cleaned data using SNPTEST (Marchini et al., 2007).
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In the later section titled “Results by region”, the first figure for each region
shows the strength of evidence for association for each region. Strength of ev-
idence is illustrated here using the Bayes Factor (BF) for each SNP. The BF is
defined as the ratio of two probabilities: the denominator is the probability of the
genotype configuration at that SNP in cases and controls under the null hypothesis
that disease status is independent of genotype at that SNP, while the numerator is
the probability of the genotype configuration at that SNP in cases and controls
under the alternative hypothesis, namely the assumption that the SNP is associ-
ated with disease status. Large values of the BF correspond to strong evidence for

association.

2.8.1 Identifying Causal Variants

Identifying causal variants is one of the primary goals of fine-mapping. While
there are a number of methods for functionally determining which of a set of
partially-correlated variants is causal, they are labor intensive, expensive, and only
feasible for small numbers of SNPs. As such, any robust information we extract
from in-silico analyses is of large utility.

One feature of the Bayesian perspective is that BFs for different SNPs can
be compared quantitatively. For example, for a particular region, under specific
assumptions about how many causal SNPs are in the set of genotyped SNPs, it is
straightforward to calculate for each SNP, the posterior probability that that SNP is
causal, in the light of the data from the fine mapping experiment. For definiteness,
we will calculate these posterior probabilities under the simple assumption that
exactly one of the genotyped SNPs in each region is causal, that we have typed

all variation in the region, and that it is equally likely, a priori, to be any of the
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genotyped SNPs in the region. We cannot know that these prior assumptions are
true for any particular region, and they may well not be. Even so, the resulting
probabilities can be thought of as the relative strength of evidence in favour of
each of the SNPs studied. Writing BF;, for the BF for SNP «, it can be shown that:

((WTCCC, 2012) (Vukcevik, 2009)):

BE,
Y;BF;"

Let My be the null model, in which the phenotype is independent of all SNPs,

Posterior probability for SNP k =

and M; be the model under which SNP i is the sole causal SNP in the region.
”Let BF; be the BF that compares M; and M. Under the assumption that there is
exactly one causal SNP, we show that the posterior that a given SNP is causal is

proportional to its BF. By Bayes’ Theorem,” (WTCCC, 2012)

Pr(data | M;,M)Pr(M; | M)

Pr(M; | data,M) = Pr{data | M) (2.1)
. 1 Pr(data | Ml) (2 2)
~ k Pr(data | M) '
_ 1 Pr(data | M;)/ Pr(data | Mo) (2.3)
~ k Pr(data | M)/ Pr(data | M) '

BF;
_ o BF.. 2.4
T , (2.4)

(WTCCC, 2012)

In each region one can choose the smallest set of SNPs accounting for 95%
(respectively 99%) of the cumulative posterior probability. These sets, which we
call credible sets, are somewhat analogous to confidence intervals: in a particular
region, if the true causal SNP has been genotyped, we can be reasonably confident

that it will be in the relevant credible set. The size of these sets give a rough sense
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of the success of fine-mapping in localising a region’s causal variant. The smaller
the set, the closer we have come to identifying the causal variant. A large set
suggests that we may not have added much resolution, or that there are multiple
variants very highly correlated with the causal variant.

In the later section titled ‘“Region by region results”, each regions second fig-
ure plots the posterior probability associated with each SNP. SNPs in the 95%
credible set are coloured yellow, and those in the 99% credible set which are not
in the 95% set are coloured purple. The number of SNPs in each set is also indi-

cated next to the title of the plot.

2.8.2 Imputation

While we attempted to genotype all known SNPs, a non-trivial proportion were
not present in our final dataset due to assay design failure, genotyping failure, and
QC filtering. All told, we obtained QC passing genotypes for 73% of the SNPs
for which we attempted assay design. Given our dense genotyping, we were able
to infer data for many of the missing SNPs using imputation. By using a densely
typed set of reference haplotypes along with data on recombination, imputation
can infer data at many untyped SNPs in a study sample using SNPs which overlap
between the study and the reference. We used the tool IMPUTE (Marchini et al.,
2007), which uses a population genetics model-based approach to imputation.
For the reference panel we used 286 haplotypes from the CEU, GBR, IBS and
TSI 1000 Genomes panels (June 2011 release), all of european ancestry. Given
the substantial overlap of SNPs between the reference panel and our data, we were
able to impute genotypes at a substantial number of failed SNPs with a high degree

of accuracy. We filtered the output of impute using the recommended cut-offs of
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< 0.9 for average maximum posterior,< 0.4 for imputation confidence and > 0.1
for missing data proportion (Marchini et al., 2007). Across all regions, a total of
1,943 polymorphic SNPs were imputed confidently. In the section titled “Region
by region results”, the third (bottom) panel adds the set of imputed SNPs to the
regional results shown in the top panel. Imputed SNPs are shown as green. For
further discussion of this imputation and various analyses of the imputed data see

the next chapter.

2.9 Results by Region

2.9.1 Coronary Artery Disease (CAD)

Coronary artery disease (CAD) occurs when the arteries and vessels that provide
oxygen to the heart are narrowed or blocked by an accumulation of fatty materials
on the inner linings of arteries (atherosclerosis). This restricts the blood flow to
the heart and when the blood flow is completely cut off, the result is a heart attack
(or myocardial infarction), which is the clinical manifestation of CAD (Maouche
and Schunkert, 2012). We fine mapped five regions for CAD, all detected through
GWAS efforts.

SORT1

This locus was not highlighted for CAD in the initial WTCCC study (rs599839
chrl: 109534208, risk allele A with frequency 0.77 ; OR(95%CI ) : 1.24(1.12,1.38)
and p = 2.19 x 107>) but it did reach significance in the follow up study of CAD:
OR(95%CI) : 1.29(1.18,1.4) and p = 4.05 x 10~° (Samani et al., 2007).
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The SNPs in the 1p13 locus are located in a noncoding DNA region between
two genes of unknown function: CELSR2 and PSRC].

It was first associated with low-density lipoprotein cholesterol (LDL-C), a
causal risk factor for MI and CAD (Willer et al., 2008)) (Kathiresan et al., 2008))
and this locus has the strongest association with LDL-C of any locus in the genome
(beta:-5.65, p = 1 x 107179 (Teslovich et al., 2010). It was associated with
early onset MI (MIGC, 2009). The lead SNP (rs646776) is 3636 bp away from
the initial WTCCC marker for which it is also a very good proxy (r> = 0.895,
D’ = 1.000) at position 109,530,572. The T risk allele had frequency of 0.81 and
OR(95%CI) : 1.18(1.12 - 1.25) p =9.36 x 1011,

The locus provides a useful positive control for our analysis, because the func-
tional variant has subsequently been identified (Musunuru et al., 2010) (indepen-
dently of our genotyping experiment).

The minor allele of rs646776 associated with mRNA levels in liver of three
genes in and around the associated region: CELSR2, PSRCI and SORTI. The
functional variant, rs12740374 (940 bp away from the MI/lipid lead SNP for
which it is a perfect proxy, and 4576 bp from the WTCCC lead SNP, has been
shown to create a C/EBP (CCAAT/enhancer binding protein) transcription factor
binding site which affects the expression of SORTI which in turn affects intracel-
lular apolipoprotein B (apoB) processing (Musunuru et al., 2010). We designed
genotyping assays for the functional SNP in our assay, but unfortunately the SNP
failed genotyping QC. Figure [2.2] shows the result of imputation from the 1000
Genome data set (June 2011 release) into our fine mapping data in this region.
With CAD as the phenotype of interest, the imputed version of the functional

SNP is the sixth strongest association signal, with non-trivial, but not large, poste-
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rior probability. Our data do not allow an assessment of the relative contributions
of imputation error, and our use of an indirect phenotype, to the failure to see a

large posterior probability.
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Figure 2.2: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are in
the title of each panel. a ) Additive logo Bayes Factors for each SNP in the SORT region for CAD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in
the SORT1 region for CAD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively
in the 99% set are coloured purple. c¢) Single marker additive logo Bayes Factors across the SORT]
region for CAD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g

BF scale.
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CDKN2A/B (CAD)

This region on chromosome 9p21.3 contains the most notable new finding for
CAD in the original WTCCC study. The strongest signal is observed at rs1333049
(chr9: 22115503. Risk allele C MAF = 0.53, OR (95% CI) 1.37 (1.27 — 1.49)
p = 1.8 x 10~!%), but the association spans approximately 100 kb around the SNP.

This region has not been associated with lipids hereto but has been shown to
be associated with risk of abdominal aortic (rs10757278 OR = 1.31, p = 1.2 X
10~'2) and intra-cranial aneurysms (rs10757278 OR = 1.29, p = 2.5 x 1079).
1510757278 is 1026 bp away from and in perfect LD with the WTCCC SNP (1 =
1.00, D = 1.00) (Helgadottir et al., 2008, Low et al., 2012). This region is also
associated with MI (rs4977574, chr9: 22,088,574, risk allele G MAF = 0.56,
OR (95% CI): 1.28 (1.24 —1.33), p = 1.08 x 10~*!) and the SNP is 27kb away
but in high LD with the WTCCC lead marker (> = 0.967, D = 1.000). It is also
associated with T2D (see below) and suggested to be associated to several cancers,
frailty in the elderly (Murabito et al., 2012), and glaucoma (Wiggs et al., 2012).

This locus contains two cyclin dependent kinase inhibitors genes, CDKN2A
(encoding p16INK4a) and CDKN2B (encoding pl5INK4b) which both play a role
of cell cycle regulation. The only other known gene in the region is MTAP, which
encodes methylthioadenosine phosphorylase. This is an enzyme that contributes
to polyamine metabolism (Schmud et al., 2000).

The best SNP after the fine mapping is rs1537370 (RR = 1.40; 95% CI =
1.29 — 1.51), accounting for 26% of the posterior weight. There are 12 other
SNPs in the 95% credible set.

All SNPs in the 99% credible set for this region are within the 3 half of ANRIL
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and within a region showing weak evidence of selective sweep in the Bantu sam-
ples of HGDP. Our top SNP (rs1537370) appears to be in a nuclease accessible
domain and has evidence for polymerase II binding. It also has evidence of hi-
stone modifications associated with active transcription including H3K4me3 and
H3K9ac in human mammary epithelial cells (HMEC) and H3K27ac in HMEC,
normal human epithelial keratinocytes (NHEK) and normal human lung fibrob-
lasts (NHLF). Perhaps of interest is the fact that four SNPs (rs1333045, rs10757278,
rs10757279, rs10757277) in the 95% credible set appear to be in regions that bind

TCF7L2 and one shows some evidence of conservation (rs10757278).

52



CHAPTER 2. DESIGN AND PRIMARY ANALYSIS OF A FINE-MAPPING

CDKN2A/B (CAD) (13,21)
15
®
13 s 0 60
o é
" @
— o
B, ® oaw
o o %0
‘577’ wa’® © o 8§ %°°
o) oo °©
=5
o ©
3. o0 ®
2
o} o o 2
01 3 ® @ ° ° °° o ° ° o
8 Mo} @ JOF 8 §deooge Sl oot pmmay e ° moawd’, el e pue s g o0 600 e B 0b  sRapec Soaftocses
a4 il B S LA U T S 0.0 . S S U sy
N AN — 1 Lo
CCCCCC cones —_
o
> =
=
=
&
o)
CDKN2A/B (CAD) (13,21) ©
c
2
=
©
0.S
o
075 £
S
3
= o
s b
2
=
.2
©
o= @
8 20
¢ [
©
0 ﬂ/\_ O ) f o A‘n U 777777
~— 0
coren cones
_— —_—
CDKN2A/B (CAD) (14,23)
15
®
1 8 60
8 e
1" L4 @
— o
L, "k,
= e o ko
'577 & o &K
g,] . :
3 o S
54
2
o} N ) 20
01 o ® s F %°° o o ° e o,
8 B 200 ?ﬁﬁww g%ﬁgo;@&?@ég@o"% g%, Beod "oy poo stg o8 200 2B @R 0% cRFeped Gooafbosdos
a4 BT Saf CIC TS i . Y U - sy
N AN — 1 Lo
coKnza cones

Figure 2.3: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive logiy Bayes Factors for each SNP in the CDKN2A/B region
for CAD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are
coloured purple. The left y-axis is logjo BF scale. b) The posterior probability associated with each
SNP in the CDKN2A/B region for CAD. SNPs in the 95% credible set are coloured yellow and SNPs
exclusively in the 99% set are coloured purple. c¢) Single marker additive logo Bayes Factors across
the CDKN2A/B region for CAD including imputed SNPs. Imputed SNPs are coloured green. The left

-axis is log1g BF scale.
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CXCLI2

The association of a locus at 10g11.21 with CAD was not significant in the WTCCC
(rs501120 position 44073873 bp, T allele frequency 0.87, OR(95%CI) = 1.24(1.09,1.41),
p = 1.31 x 1073). However, a close to significant association was observed in
the combined analysis of the WTCCC and German MI I studies (OR(95%CI) =
1.33(1.2—1.48), p = 9.46 x 10~®) (Samani et al., 2007).

This locus has been supported by at least one further MI study and is now
significantly associated (rs1746048; 44,095,830 bp, C risk allele with frequency
0.86, combined OR(95%CI) = 1.19(1.13 — 1.25), p = 8.14 x 10711, 151746048
is a perfect proxy of the initially described WTCCC marker rs501120 (+* = 1.000,
D' =1.000, 21957 Bp away) (MIGC, 2009) (CADC, 2009). There is some evi-
dence that the effect of the locus on CAD risk may be stronger in women than in
men (CADC, 2009)), although this requires further confirmation.

The association signal cluster is about 100 kb downstream of the CXCLI2
gene, which is the only coding gene in a 500 kb window of the association. It
encodes stromal cell-derived factor-1 (SDF-1), which is a chemokine that plays
a key role in stem-cell homing and tissue regeneration in ischemic cardiomyopa-
thy (Askari et al., 2003)) and in promoting angiogenesis through recruitment of
endothelial progenitor cells (Zheng et al., 2007).

Our fine mapping data failed to refine the signal in this region. The top SNP
(rs34161818) accounted for 7% of the posterior weight, and 266 SNPs were in-
cluded in the 95% credible set.

54



CHAPTER 2. DESIGN AND PRIMARY ANALYSIS OF A FINE-MAPPING

CXCL12 (CAD) (266,338)
[y
o
o @ o
1) %°
ke]
o & opopo [ e
g) ] @ a0 0o & & Mc«w%oogs &2D 0D oo % ol © oCow@ ©
) ooomm B8 & g omn @ @, . ® e ..
8 Tpme © 0d® 028e0 888 el °o
O
A . 3 WA o N | PN I
a
=
=
&
CXCL12 (CAD) (266,338) %
c
8
T
o0 .S
el
0.7 1S
I}
o
o)
= o
s 0
©
2
ke
Hes
g I 20
o o
L IR SRR CHIED T - - -0~ SXERKICRIARD- 050~ RS ORI KR - -~ -0 RXRRIDED - AR EDBTSRIRCIEKE -~
A " e N A
CXCL12 (CAD) (423,525)
o
o
o @ &
> %
8 .
kel o & © Pap, 300 o gu‘h@o{ ° twoo ~8
o oo 0e0 0 o cwe s o 9,8 @oe § B M oo e Sepeep L3 meond o tpen o 00 as o beo o
o o o _© N ° 9, © o0 ®® 04 80 o %° °@ 0 8o o
@ o BIBRSE % D o800 el T T IIRIDT o 0T | Lo - 22 & e
2 v o e Usa®™ & 0o gl ped 00 0 %% °® °
O
A . 3 WA o N | PN I

Figure 2.4: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are in
the title of each panel. a ) Additive logo Bayes Factors for each SNP in the CXCL12 region for CAD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
CXCLI2 region for CAD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in
the 99% set are coloured purple. c) Single marker additive log9 Bayes Factors across the CXCLI2
region for CAD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g
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1q41

The nominal association signal for CAD on the locus on chromosome 1g41 (rs17465637
at position 220,890,152, risk allele C, MAF = 0.71, OR(95%CI) = 1.23(1.12 —
1.34), p=1.00 x 10~) has been confirmed when incorporating additional studies
(rs17465637; chrl 220,890,152bp, risk allele C with frequency 0.72. OR(95%CI) =
1.13(1.09 — 1.19), p = 1.33 x 10~3) (MIGC, 2009) (CADC, 2009).

The most strongly associated SNPs lie within the melanoma inhibitory activ-
ity family, member 3 (MIA3) gene. This gene has not been very well character-
ized functionally but may play a role in cell growth or inhibition (Bosserhoff and
Buettner, 2002). The association signal include at least four other coding genes:
TAFIA, AIDA, Clorf58 and FAM177B, non of which are very well characterized.

Our fine mapping data failed to refine the signal in this region. The top SNP
(rs2936023) accounted for 4% of the posterior weight, and 240 SNPs were in-
cluded in the 95% credible set.
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Figure 2.5: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive log o Bayes Factors for each SNP in the /g4 region for CAD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
1g41 region for CAD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the
99% set are coloured purple. ¢) Single marker additive logy Bayes Factors across the /g4 region for
CAD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is logjo BF scale.
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2q36

The chromosome 2q36 association signal for CAD was nominally significant
in the WTCCC study (rs2943634- 226893585 bp, risk allele C with frequency
0.66, OR(95%CI) = 1.22(1.11 — 1.33), p = 1.19 x 10~°). In the combined anal-
ysis of the WTCCC and German MI Study it was also nominally significant
(OR(95%CI) = 1.20(1.12 — 1.3), p = 1.27 x 107%) (WTCCC, 2007) and after
adding in further studies (MIGC, 2009) (CADC, 2009) there is still some evi-
dence of association of the locus with CAD (rs2943634 on 2q36 (OR (95%CI) =
1.05(1.01 —1.10), p = 0.01) albeit no definite confirmation.

There are no coding genes within a 500 kb window around the lead SNP in
this region. Our fine mapping data failed to refine the signal in this region. The
top SNP (rs2673145) accounted for 6% of the posterior weight, and 86 SNPs were

included in the 95% credible set.
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Figure 2.6: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive log ¢ Bayes Factors for each SNP in the 2¢36 region for CAD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
236 region for CAD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the
99% set are coloured purple. c) Single marker additive logo Bayes Factors across the 2¢36 region for
CAD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is logjo BF scale.

59



CHAPTER 2. DESIGN AND PRIMARY ANALYSIS OF A FINE-MAPPING
EXPERIMENT

2.9.2 Graves’ Disease (GD)

Autoimmune thyroid disease (AITD) primarily consists of Graves’ Disease (GD)
which is characterized by hyperthyroidism, and Hashimoto’s Thyroiditis (HT)
which is characterized hypothyroidism. AITD is characterized by T and B cell
infiltration of the thyroid and by the production of thyroid autoantibodies.

We fine mapped three regions for GD, of which two were candidate regions

that were known previously and one detected through GWAS efforts.

CTLA-4

This locus was known before the GWAS era and early studies of CTLA-4 in
Graves’ disease (GD) reported association of a limited number of variants, includ-
ing, a dinucleotide (AT)n repeat within the 3’ untranslated region of exon 3 (Yana-
gawa et al., 1995), an A/G SNP within exon 1 (Ala/Thr position 17) (Heward
et al., 1999) a C/T SNP within the CTLA-4 promoter region —318bp from the
ATG start codon (Braun et al., 1998)) and a C/T SNP within the non-coding intron
1 of CTLA-4 (Vaidya et al., 2003)).

A more detailed fine mapping study genotyped 108 SNPs across 330 kb con-
taining CD28 , CTLA-4 and ICOS (Ueda et al., 2003). The association (maximum
OR = 1.51) was refined to within a 6.1 kb region, 3* of CTLA-4, containing at least
four SNPs CT60 (rs3087243), JO31 (rs11571302), JO30 (rs7565213) and JO27_1
(rs11571297) all highly associated with GD (Ueda et al., 2003). In 672 cases and
844 controls the rs3087243 A>G SNP was nominally stronger associated with
GD than the other markers and the susceptibility allele (A) of rs3087243 was asso-

ciated with reduced mRNA levels of a soluble CTLA-4 isoform (Ueda et al., 2003)).
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Also, in a recent meta-analysis of 10 studies (4,906 GD subjects and controls) and
two of the SNPs studied commonly supported findings that rs3087243 is the most
associated SNP and calculated a combined OR = 1.49 for rs3087243 (Kavvoura
et al., 2007). It is noted, however, that accurate genotyping of the functional can-
didate, the polymorphic (AT)n microsatellite variants near the main polyA site of
the CTLA-4 3' UTR, in large numbers of samples has not been reported, and the
entire region of linkage disequilibrium (LD) has not been thoroughly re-sequenced
to reveal all the variants that might be strongly associated with GD in the region.
The best SNP after our fine mapping is rs11571297 (RR = 1.39; 95% CI =
1.29 — 1.50), accounting for 77% of the posterior weight. This SNP is 6 kb away
from the initially reported variant (rs3087243) and is in close LD with it (2 =
0.875 and D’ = 1.000). It was not typed in many of the studies included the
earlier meta-analysis so we cannot compare our results with previous ones. There
are five other SNPs in the 95% credible set, with rs3087243, the top SNP from the
earlier meta-analysis ranking in a group of three similarly ranked SNPs behind
the top SNP. Its posterior weight was 5.2%. rs3087243, located near the 3 end of

CTLA-4 also has some evidence of regulatory potential and conservation.
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Figure 2.7: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are in
the title of each panel. a ) Additive logop Bayes Factors for each SNP in the CTLA-4 region for GD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in
the CTLA-4 region for GD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively
in the 99% set are coloured purple. ¢) Single marker additive log;g Bayes Factors across the CTLA-4
region for GD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is logig

BF scale.
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CD25/IL2RA

A genetic association between type 1 diabetes (T1D) and the interleukin-2 recep-
tor alpha (IL-2R)/CD25 locus was first identified in a study using tag SNPs and an
LD mapping approach (Vella et al., 2005). Further fine mapping in T1D suggested
a localization of association to two independent groups of SNPs, a combined odds
ratio of 2 and which span two overlapping regions of 14 and 40 kb, including /L2R
intron 1 and the 5 regions of /IL2R and RBM 17 (Lowe et al., 2007).

Using the same 20 tag SNPs used in the original T1D study and applying a
multilocus test upon a case-control study of 1896 GD cases and 1892 matched
controls, evidence for association between GD and the CD25 region was found
(p = 4.5 x 107%), with the pattern of association similar to that seen in T1D
(Brand et al., 2007) with SNPs rs7093069 (OR = 1.15; 95% CI = 1.04 — 1.31,
P=2x10"%)and rs12722592 (OR = 1.24;95% CI = 1.09 — 1.45, P =6 x 1073),
Subsequently, studies in T1D and in multiple sclerosis (MS) have reported evi-
dence of three association signals in the IL2RA region, with SNPs, rs41295061,
rs11594656 and rs2104286 being required to explain the risk of T1D region, and
two of these, rs11594656 and rs2104286, being associated with MS risk (Maier
et al., 2009) (Dendrou et al., 2009).

The top SNP after the fine mapping, rs10905669 (RR = 1.20;95% CI =1.10—
1.30), accounted for 21% of the posterior weight, however there were 76 SNPs in

the 95% credible set, so that the experiment failed to exclude many possible SNPs.
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Figure 2.8: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive logio Bayes Factors for each SNP in the CD25/IL2RA region
for GD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are
coloured purple. The left y-axis is logjo BF scale. b) The posterior probability associated with each
SNP in the CD25/IL2RA region for GD. SNPs in the 95% credible set are coloured yellow and SNPs
exclusively in the 99% set are coloured purple. ¢) Single marker additive logo Bayes Factors across
the CD25/IL2RA region for GD including imputed SNPs. Imputed SNPs are coloured green. The left
y-axis is log1g BF scale.
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FCRL3

Association of the FC receptor like (FCRL) region with autoimmune disease was
first detected within a Japanese rheumatoid arthritis cohort and with maximum
effect seen with SNP rs7528684 within FCRL3 (OR = 2.15). In the same study
association of rs7528684 was also reported in a GD cohort (OR = 1.79) (Kochi
et al., 2005). Subsequently, in a UK Caucasian cohort of 983 GD patients and
733 controls association with rs7528684 was also detected (OR = 1.17) but less
significant than that seen in the Japanese cohort (Stimmonds et al., 2000).

Later, the results from the WTCCC 14,500 nsSNP screen detected association
of 157522061 SNP (which tagged rs7528684, 2.4 kb away and r> = 0.872, D =
1.000).

Seven tag SNPs capturing 11 common variants (MAF > 0.05) within FCRL3
(including one tag SNP that captured rs7528684) were typed in the National AITD
cohort consisting of 5000 Graves cases and controls (Burton et al., 2007). Out of
these 7 tags, four SNPs (rs3761959, rs11264794, rs11264798 and rs11264793)
were found to be associated with GD (p = 0.01 — 1.6 x 107°) with rs11264798
now producing the strongest signal (p = 1.6 x 107>, OR = 1.22). Our fine map-
ping data failed to refine the signal in this region. The top SNP, rs11264798,
accounted for 7% of the posterior weight, and 114 SNPs were included in the

95% credible set.
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Figure 2.9: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive log|o Bayes Factors for each SNP in the FCRL3 region for GD.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
FCRL3 region for GD. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the
99% set are coloured purple. c) Single marker additive log o Bayes Factors across the FCRL3 region
for GD including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1o BF scale.
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2.9.3 Type 2 diabetes (T2D)
CDKN2A/B

The T2D association with variants in the 9p21 region close to CDKN2A/B was first
identified through the attempts to replicate sub-significant signals of the GWA
analysis of WTCCC, DGI and FUSION samples where the region generated a
promising signal in all three scans. Replication was observed in all three efforts
(rs10811661, risk allele: T. OR (95%CI)=1.19 (1.11-1.28), p=4.9 x 10~7; DGI
samples, OR (95%CI)=1.20 (1.12-1.28), p=5.4 x 10~%; FUSION: OR (95%CI)=1.20
(1.07-1.36), p = 2.2 x 1073, All samples combined: OR (95%CI)=1.20 (1.14-
1.25), p = 7.8 x 10~1%) (WTCCC, 2007) (Zeggini et al., 2007) (Saxena et al.,
2007) (Scott et al., 2007)).

The variants influencing susceptibility to CAD (rs1333049) (Samani et al.,
2007) (Helgadottir et al., 2007) and aneurysm formation (rs10757278 and rs10811661)
(Helgadottir et al., 2008]) at this locus (see above) are distinct from those involved
in T2D (2 = 0.009, D' = 0.179 between ).

Based on functional data from mouse (Krishnamurthy et al., 2006), the T2D-
association signal is likely to involve gain of function of CDKN2A, potentially
mediated via the non-coding RNA ANRIL (or CDKN2BAS) (Pasmant et al., 2007).

In our analysis, the best T2D-associated SNP after the fine mapping is rs12555274
(RR =1.26; 95% CI = 1.15 —1.37), accounting for 68% of the posterior weight.

There are 4 other SNPs in the 95% credible set.
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Figure 2.10: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive logiy Bayes Factors for each SNP in the CDKN2A/B region
for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are
coloured purple. The left y-axis is logjo BF scale. b) The posterior probability associated with each
SNP in the CDKN2A/B region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs
exclusively in the 99% set are coloured purple. c¢) Single marker additive logo Bayes Factors across
the CDKN2A/B region for T2D including imputed SNPs. Imputed SNPs are coloured green. The left

-axis is log1g BF scale.
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CDKALI

The association between variants mapping close to CDKALI and T2D was iden-
tified first in the original WTCCC paper (rs9465871, risk allele C with frequency
0.178, OR(95%CI) = 1.18(1.04 — 1.34), p = 1.02 x 10~%) (WTCCC, 2007). This
locus was subsequently confirmed and strengthened in several GWA studies (Zeg-
gini et al., 2007) (Saxena et al., 2007) (Scott et al., 2007) (Steinthorsdottir et al.,
2007) and the associated variants near CDKAL/ that are implicated in psoriasis
(lead SNP: rs6908425) (Quaranta et al., 2009) and Crohns disease (lead SNP:
rs6908425) (Barrett et al., 2008)) appear to be distinct from those associated with
T2D, though they might reside on the same haplotype (r> = 0.029, D’ = 1.000).

The mechanism of action of this association on T2D is unclear though CD-
KALI shows homology with CDK5RAP1, a known inhibitor of CDK)5 activation;
in turn CDKS5 has been implicated in the regulation of pancreatic beta cell func-
tion (Ubeda et al., 2006) (Wei et al., 2005)).

The best SNP after the fine mapping is rs7756992 (RR = 1.29; 95% CI =
1.19 — 1.40), accounting for 35% of the posterior weight. The risk-variant previ-
ously highlighted at this locus, rs10946398 (> = 0.73 with rs7756992) accounts
for only 1.7% of the posterior in our analysis. There are 32 other SNPs in the 95%
credible set.

All SNPs in this region are located in the third and fourth introns of CD-
KAL]. In the 95% credible set, there are 17 SNPs which are within a block with
evidence of extended haplotype homozygosity in the HGDP samples from the
Mideast, Europe, and South Asia. Four SNPs (rs9460544, rs9460545, rs4712526,

1$35456723) in the 95% set show conservation and regulatory potential, with one
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(rs35456723) among the most conserved regions in a 28-way alignment of mam-
malian genomes. The entire 99% credible set is within a broad domain containing

histone modifications associated with active transcription.
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Figure 2.11: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are in
the title of each panel. a ) Additive log;9 Bayes Factors for each SNP in the CDKALI region for T2D.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
CDKALI region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in
the 99% set are coloured purple. ¢) Single marker additive logoy Bayes Factors across the CDKALI
region for T2D including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g
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FTO

The association between FTO variants and T2D was detected as one of the strongest
signals in the WTCCC effort (rs9939609 with risk allele A with frequency 39.8%,
OR(95%CI) = 1.34(1.17 — 1.52) and p = 5.04 x 10~8) (WTCCC, 2007). Inter-
estingly this association was not observed in subsequent, independent efforts in
leaner T2D patients (Saxena et al., 2007) (Scott et al., 2007) and it was discovered
that this association is mediated through a strong, primary effect on BMI and risk
of obesity (Frayling et al., 2008]) (Scuteri et al., 2007) (Dina et al., 2007).

The T2D/BMI associated variants map to a 50kb interval in intron 1 of the
FTO gene. Recent evidence from both mouse and human studies, implicates F7O
as the gene through which the effect is mediated (Fischer et al., 2009) (Boissel
et al., 2009) though it is not proven beyond doubt yet. F'7TO, localizes in the brain,
shares sequence motifs with Fe(II)- and 2-oxoglutarate-dependent oxygenases and
catalyzes the Fe(Il)- and 20G-dependent demethylation of 3-methylthymine in
single-stranded DNA, with concomitant production of succinate, formaldehyde,
and carbon dioxide. Taken together this suggests a potential role for F70 in nu-
cleic acid demethylation in the brain (Gerken et al., 2007).

In the analyses here, we investigate SNPs in the region in terms of their ef-
fect on the endpoint of T2D, rather than directly on obesity (as BMI information
was not available on many of our samples). We would expect use of T2D rather
than BMI as an endpoint to attenuate the primary signal somewhat, but would not
expect it to affect broad conclusions.

There is a set of 33 SNPs, for which all pairwise r% values are at least 0.95:

together, these account for 95% of the posterior weight after fine mapping. The
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RR associated with the top SNPs is 1.26 (95% CI = 1.16 — 1.36). A single com-
mon haplotype spans the entire region, with multiple SNPs segregating with the
haplotype. In settings such as this, fine mapping focuses attention on the haplo-
type background, but will not be able to distinguish between the correlated SNPs
unless very large numbers of samples are typed or transethnic analyses provide
access to distinct haplotypic structures. Functional annotations for the associated

SNPs offer few clues to which of these might be causal.
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Figure 2.12: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive log|o Bayes Factors for each SNP in the F7O region for T2D.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in the
FTO region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the
99% set are coloured purple. c) Single marker additive log o Bayes Factors across the FTO region for
T2D including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is logo BF scale.
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HHEX

The association between variants mapping within an interval containing the genes
HHEX, KIF11 and IDE was first reported in a GWAS of French subjects (rs1111875
with risk allele G and frequency 0.6, OR (with 95% CI)=1.19+0.19, p = 3.0 X
10~¢ (Sladek et al., 2007) and subsequently confirmed in other studies (Saxena
et al., 2007) (Scott et al., 2007) (Zeggini et al., 2007).

The recombination interval contains two genes with strong biological candi-
dacy for a role in T2D pathogenesis: HHEX which encodes a homeobox protein
implicated in pancreatic development (Bort et al., 2006)), and I/DE (insulin degrad-
ing enzyme) has a role in insulin metabolism (Fakhrai-Rad et al., 2000) (Farris
et al., 2003)).

The best SNP after the fine mapping is rs10882098 (RR = 1.21; 95% CI =
1.12 —1.31), accounting for 20% of the posterior weight. This SNP is well corre-
lated (r> = 0.73) with the previously reported lead SNP for this region. There are
13 other SNPs in the 95% credible set, of which two (rs10882099, rs10882106)
appear to lie in polymerase II binding sites: rs10882106 is also in a region of high

conservation and suggestive DNase hypersensitivity.
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Figure 2.13: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive log o Bayes Factors for each SNP in the HHEX region for T2D.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in
the HHEX region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively
in the 99% set are coloured purple. ¢) Single marker additive logop Bayes Factors across the HHEX
region for T2D including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g
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TCF7L2

Transcription factor 7-like 2 (TCF7L2) was initially detected by linkage and fine-
mapping efforts localized the likely causal variant(s) to chromosome 10 and an
intron within TCF7L2 (Helgason et al., 2007).

In the WTCCC effort, a cluster of SNPs within TCF7L2, generates the strongest
association signal for T2D (rs4506565 T allele with frequency 0.32, OR(95%CI ) =
1.36(1.2 — 1.54) and p = 5.68 x 10~13) and rs7903146 is in strong LD with
4506565 (12 = 0.892 and D’ = 1.000) and it remains the strongest common
variant effect for T2D-predisposition in GWAS and meta-analysis efforts (Saxena
et al., 2007) (Scott et al., 2007) (Sladek et al., 2007) (WTCCC, 2007) (Zeggini
et al., 2007)). The T2D association maps to a 64kb interval including exon 4 and
flanking introns, with rs7903146 identified as the strongest causal candidate (Hel-
gason et al., 2007). TCF7L2 acts within the WNT-signaling pathway, and effects
on diabetes risk seem to be mediated predominantly through beta-cell dysfunc-
tion. More specifically, rs7903146 maps to an enhancer region active in pancre-
atic islets identified using FAIRE (Formaldehyde-Assisted Isolation of Regulatory
Elements), and has allele-specific differences in both islet enhancer activity and
chromatin accessibility (Gaulton et al., 2010).

In our analysis, rs7903146 remains the best SNP after fine mapping (RR =
1.40; 95% CI = 1.29 — 1.52), accounting for 75% of the posterior weight. There
are four other SNPs in the 95% credible set (6 in the 99% set), all mapping within
the largest intron of TCF7L2. rs7903146 maps to an enhancer region active in pan-
creatic islets identified using FAIRE (Formaldehyde-Assisted Isolation of Regu-

latory Elements), and has allele-specific differences in both islet enhancer activity
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and chromatin accessibility (Gaulton et al., 2010).
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Figure 2.14: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are in
the title of each panel. a ) Additive logo Bayes Factors for each SNP in the TCF7L2 region for T2D.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in
the TCF7L2 region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively
in the 99% set are coloured purple. ¢) Single marker additive logo Bayes Factors across the TCF7L2
region for T2D including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g

BF scale.
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JAZF1

Variants around the JAZFI gene were not detected in the initial WTCCC effort
but were implicated later in T2D-susceptibility through a meta-analysis of three
European GWA studies with subsequent replication (combined results from all
individuals: rs864745 at position 27,953,796 bp, risk allele T with frequency
0.501, OR(95%CI) = 1.10(1.07 — 1.13), p = 5.0 x 10~1%) (Zeggini et al., 2008).
This association has since been confirmed in studies from non-European popula-
tions (Omori et al., 2009).

JAZFI is a transcriptional repressor of NR2C2 and variants at this locus have
also been described with associations to both height (Johansson et al., 2009, |So-
ranzo et al., 2009) and prostate cancer (Frayling et al., 2008,/ Thomas et al., 2008).
There is evidence that supports the effect of JAZFI mediation via reduced insulin
secretion (Grarup et al., 2008)).

Our fine mapping data failed to refine the signal in this region. The top SNP
(rs12531540) accounted for 9% of the posterior weight, and 252 SNPs were in-
cluded in the 95% credible set.
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Figure 2.15: Regional results. All panels have genomic position on the x-axis. Recombination rate
(cM/MDb) is shown in blue, with the scale on the right y-axis. SNP counts for 95% and 99% sets are
in the title of each panel. a ) Additive logo Bayes Factors for each SNP in the JAZF'I region for T2D.
SNPs in the 95% credible set are coloured yellow and SNPs exclusively in the 99% set are coloured
purple. The left y-axis is logio BF scale. b) The posterior probability associated with each SNP in
the JAZF'I region for T2D. SNPs in the 95% credible set are coloured yellow and SNPs exclusively
in the 99% set are coloured purple. ¢) Single marker additive log o Bayes Factors across the JAZF']
region for T2D including imputed SNPs. Imputed SNPs are coloured green. The left y-axis is log1g
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2.10 Discussion

The regional signal plots reveal several features. Only two of the regions have
most of the cumulative posterior probability resting on a single SNP: rs7903146
for TCF7L2 in T2D (posterior probability = 0.75) and rs11571297 for CTLA4
in GD (posterior probability = 0.77). Seven of the 14 regions (CDKN2A/B CAD,
CDKN2A/BT2D, CDKALI, CTLA-4, FTO, HHEX, TCF7L2) have relatively small
credible sets. This suggests that the fine mapping experiment has provided useful
information, at least in excluding large numbers of SNPs from being causal. In the
other remaining 7 regions, (/1g41, 2q36, CD25, CXCL12, FCRL3, JAZFI, SORTI)
the fine mapping experiment seems to have added little. Even with extensive new
genotyping data, dozens or even hundreds of the SNPs in the region cannot be

excluded as being causal.

2.10.1 Comparison with recently published data

Ranking of SNPs by posterior probability is in general different from ranking
based on p-values, complicating direct comparisons of our findings with other
studies. In comparing our top SNPs with those in a recent large follow-up study of
T2D (the DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) Con-
sortium et al., 2012), they were identical for three regions (CDKN2A/B, CDKALI,
TCF7L2), and almost perfect proxies in the other two regions for which our ex-
periment was informative (F70, r2 =0.995; HHEX, 2 = 0.967) (Table which
also compares our findings with a recent review of the GWAS results for CAD (Pe-
den and Farrall, 2011), for which comparison is complicated because our top

SNPs may not have been typed in the studies reviewed.)
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2.10.2 Excluding SNPs

We undertook to investigate whether the fine-mapping data and results allow us
to effectively exclude SNPs as causal. In seven of the 14 regions (CDKN2A/B in
CAD; CTLA4 in GD; CDKN2A/B, CDKALI, FTO, HHEX, and TCF7L2 in T2D),
including the three just mentioned, the credible sets are relatively small, fewer
than 34 SNPs, and the fine mapping experiment has provided useful information,
at least in excluding large numbers of SNPs from being causal (see Table[2.4). In
the other seven regions, 1q41, 2q36, IL2RA, CXCLI12, FCRL3, JAZF1, SORTI,
the project has failed to exclude many of the SNPs as potentially being causal (or
for being good markers) for each region the 95% credible set contains at least 75
and typically over 100 SNPs. Nonetheless, two of these seven regions (SORTI
and /L2RA) have the property that even though large numbers of SNPs cannot be
excluded, substantial posterior weight rests on one or a few SNPs, and so typing

additional samples in these regions should lead to a much smaller credible set.
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Region Total SNPs  SNPs Excluded Proportion Excluded
TCF7L2 157 152 0.97
CDKNZ2A/B (T2D) 519 514 0.99
FTO 207 174 0.84
CDKALI 497 464 0.93
HHEX 560 546 0.98
CDKN2A/B (CAD) 515 502 0.97
SORTI 231 139 0.60
CTLA4 293 287 0.98
CD25 426 350 0.82
JAZF1 339 87 0.26
1g41 354 114 0.32
2q36 343 257 0.75
CXCLI2 363 97 0.27
FCRL3 607 493 0.81

Table 2.4: For each region, the number and proportion of SNPs excluded from
the set of potentially causal variants. Any SNP not included in the 95% credi-
ble set was considered to be excluded. Total SNPs is the number of genotyped
SNPs in each region which pass QC and are polymorphic. SNPs excluded is the
number of SNPs in each region not included in the credible set accounting for
95% of the posterior probability. Proportion excluded is the proportion of SNPs
in each region not included in the credible set accounting for 95% of the posterior
probability.
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3.1 Functional Annotation

For most of the regions where the fine mapping considerably refined the signal,
there were still a set of SNPs which could not be separated based only on the
genotype data. One way to further narrow the set of potential causal variants is
to look at annotation data to see if any of the top SNPs have functional roles. For
example, are there any non-synonymous coding variants, do any correspond to
known splice sites, or are any known to be conserved across species? Together
with Jake Byrnes, I cross-referenced our top SNPs against all relevant annotation
tracks in the UCSC genome browser. The results, for the seven regions where
the fine mapping refined the picture, are shown in Table [3.1] The lack of putative
functional annotations is striking. Of the 109 SNPs in the 95% credible sets (247
in the 99% credible sets) across the seven regions, there were no SNPs in exons,
splice-site variants or enhancers, only 1 SNP (3 in the 99% set) in a putative
transcription factor binding site, 5 SNPs (7 in 99% set) in mammalian highly
conserved regions, and none are present in the eQTL lists of two recent genome-
wide studies (Stranger et al., 2007), (Dixon et al., 2007). Looking further, we
find that only 4 SNPs are in predicted high nucleosome occupancy sites, 1 isin a
low occupancy site, 4 SNPs are located in DNase hypersensitive sites, and none
are in predicted miRNAs or their target sites. One notable exception may be at
TCF7L2. The top SNP for this locus, rs7903146, which accounts for 75% of
the posterior evidence of association, is annotated to be within a predicted FOX2
binding site (Yeo et al., 2009a). FOX2 is known to be expressed in muscle and
neuronal tissue and plays a role in tissue specific alternative splicing.

Table3.1]shows the complete biological annotations for the 109 and 247 SNPs
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making up the 95% and 99% credible sets across seven fine mapped regions.
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Annotation Proportion of SNPs in  Proportion of posterior probability in 95%

95% (99%) credible set (99%) credible set

refGene exon/intron

all exons 0(0.03) 0(0)
coding exons 0(0) 0(0)
largest intron 0.05 (0.09) 0.14 (0.14)
first intron 0.3 (0.19) 0.14 (0.14)

Ensembl introns

largest intron 0.05 (0.11) 0.14 (0.14)
first intron 0.3 (0.18) 0.14 (0.14)

dbSNP 130 functions

nonsynonymous 0(0) 0(0)
synonymous 0(0) 0(0)
intron 0.67 (0.53) 0.43 (0.43)
splicing 0(0) 0(0)
5’ utr 0(0) 0(0)
3’ utr 0(0.02) 0(0)
near-gene-5’ (< 2kb) 0.01 (0.01) 0(0)
near-gene-3’ (< 2kb) 0.01 (0) 0.01 (0.01)
unknown (intergenic) 0.31 (0.44) 0.56 (0.56)

Other gene prediction methods

alternative splicing events 0(0) 0(0)
noncoding RNA 0(0) 0(0)
AceScan 0(0) 0(0)
EVOfold secondary structure 0(0) 0(0)
miRNA (mirBase) 0(0) 0(0)

HGDP Fst and signals of selective sweep

positive selection on human branch p < 0.05 0 (0) 0(0)
HGDP Fst p < 0.05 0.06 (0.07) 0.03 (0.03)
HGDP Bantu iHS p < 0.05 0.12 (0.10) 0.14 (0.14)
HGDP Mideast iHS p < 0.05 0(0) 0(0)
HGDP Europe iHS p < 0.05 0(0) 0(0)
HGDP S. Asia iHS p < 0.05 0(0) 0(0)
HGDP E. Asia iHS p < 0.05 0.13 (0.42) 0.14 (0.14)
HGDP Oceania iHS p < 0.05 0(0) 0(0)
HGDP Americas iHS p < 0.05 0.05 (0.02) 0.01 (0.01)
HGDP Bantu XP-EHH p < 0.05 0.09 (0.08) 0.04 (0.04)
HGDP Mideast XP-EHH p < 0.05 0.22 (0.10) 0.06 (0.06)
HGDP Europe XP-EHH p < 0.05 0.15 (0.07) 0.04 (0.04)
HGDP S. Asia XP-EHH p < 0.05 0.22 (0.10) 0.06 (0.06)
HGDP E. Asia XP-EHH p < 0.05 0.12 (0.36) 0.24 (0.24)
HGDP Oceania XP-EHH p < 0.05 0.02 (0.01) 0.12 (0.12)
HGDP Americas XP-EHH p < 0.05 0.02 (0.01) 0.12 (0.12)

Broad/Uppsala/GIS ChIP-PET histone methylation and acetylation
Continued on Next Page. ..
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Annotation Proportion of SNPs in  Proportion of posterior probability in 95%
95% (99%) credible set (99%) credible set

Broad H3K4mel any —logp > 5 0.71 (0.57) 0.67 (0.67)

Broad H3K4me2 any —logp > 5 0.47 (0.38) 0.54 (0.54)

Broad H3K4me3 any —logp > 5 0.17 (0.14) 0.15 (0.15)

Broad H3K9ac —logp > 5 0.33 (0.24) 0.21 (0.21)

Broad H3K9mel —logp > 5 0.40 (0.36) 0.31(0.31)

Broad H3K27ac —logp > 5 0.48 (0.34) 0.37 (0.37)

Broad H3K27me3 —logp > 5 0.38 (0.43) 0.71 (0.71)

Broad H3K36me3 —logp > 5 0.58 (0.71) 0.49 (0.50)

Broad H4K20mel —logp > 5 0.72 (0.70) 0.48 (0.49)
Uppsala H3ac 0(0.02) 0(0)

GIS ChIP-PET H3K4me3 0(0.01) 0(0)

GIS ChIP-PET H3K27me3 0.03 (0.03) 0.02 (0.02)

Transcription factor binding sites (ChIP-Seq)

Uppsala USF1 0(0) 0(0)
Uppsala USF2 0(0) 0(0)
HAIB NRSF signal > 5 0(0) 0(0)
HAIB Pol2 signal > 5 0(0) 0(0)
Broad/Duke Pol2 p < 0.05 0.03 (0.08) 0.06 (0.06)
Yale Pol2 ¢ < 0.05 0(0.03) 0(0)
Broad/Duke CTCF p < 0.05 0.04 (0.05) 0.04 (0.04)
Duke c-Myc p < 0.05 0(0.01) 0(0)

GIS ChIP-PET c-Myc score > 800 0.03 (0.02) 0.03 (0.03)
Yale JunD ¢ < 0.05 0 (0) 0(0)

Yale Max ¢ < 0.05 0(0) 0(0)

Yale SREBP1 ¢ < 0.05 0(0) 0(0)

Yale SREBP2 g < 0.05 0(0) 0(0)

Yale c-Fos ¢ < 0.05 0.04 (0.04) 0.02 (0.02)
Yale c-Jun g < 0.05 0.01 (0) 0.01 (0)
Yale NF-E2 ¢ < 0.05 0(0) 0(0)

Yale Rad21 ¢ < 0.05 0(0.01) 0(0)

Yale ZNF263 g < 0.05 0(0) 0(0)

Yale GATA1 ¢ < 0.05 0(0) 0(0)

Yale TCF7L2 ¢ < 0.05 0.05 (0.05) 0.03 (0.03)
Yale SATA1 ¢ < 0.05 0.06 (0.05) 0.05 (0.05)
GIS ChIP-PET p53 score > 800 0(0) 0(0)

DNase I hypersensitivity and nucleosome occupancy/accessibility

Duke/UW DNaseHS p < 0.05 0.10 (0.11) 0.07 (0.08)
EIO/JCV Nucleosome Accesibility CD34+ 0.03 (0.02) 0.04 (0.04)
EIO/JCV Nucleosome Accesibility CD34- 0.02 (0.02) 0.05 (0.05)
UW Nucleosome Occupancy A375 > 1.0 0.01 (0.03) 0(0)
UW Nucleosome Occupancy Dennis > 1.0 0.03 (0.04) 0.02 (0.02)
UW Nucleosome Occupancy Mec < —1.0 0.01 (0.01) 0(0)

Other regulatory predictions

NHGRI NRE score > 800 0(0) 0(0)
Continued on Next Page. ..
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Annotation Proportion of SNPs in  Proportion of posterior probability in 95%
95% (99%) credible set (99%) credible set

ORegAnno 0.01 (0) 0.01 (0.01)
switchGear TSS 0(0) 0(0)

TFBScons 0.01 (0.01) 0(0)

miRNA target site 0(0) 0(0)

Vista Enhancer 0(0) 0(0)

7Xreg score > 0.1 0.14 (0.1) 0.07 (0.07)

FOX2 binding sites 0.14 (0.07) 0.15 (0.15)

LI TAF1 sites 0(0) 0(0)

NKI LADs 0.06 (0.06) 0.14 (0.14)
eponine TSS 0(0) 0(0)

firstEF 0(0.01) 0(0)

NHGRI BiPro score > 800 0.30 (0.16) 0.14 (0.14)

Sequence conservation

17-way most conserved Vertebrate 0.05 (0.04) 0.02 (0.02)
28-way most conserved Mammals 0.05 (0.03) 0.02 (0.02)

Table 3.1: Complete biological annotations for the 109 and 247 SNPs making up
the 95% and 99% credible sets across seven fine mapped regions.

3.1.1 Methods

We used the Galaxy web platform to parse relevant SNP annotations found in
the UCSC genome browser for the human genome release hg18 (Giardine et al.,
2005). All 247 SNPs contained in the 99% credible sets for the seven regions
in which fine mapping was informative, along with SNPs contributing significant
secondary signals to these regions, were cross-referenced for annotations in the

following tracks (details to follow below):

e Genes and Gene Prediction Tracks

— RefSeq Genes
x refGene (extracted exons and introns)

— Ensembl Genes
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x ensGene (extracted exons and introns)
Alt Events
RNA Genes
ACEScan
EvoFold
sno/miRNA
Pos Sel Genes

e Variation and Repeats Tracks

SNPs (130)

HGDP Smoothd Fst
HGDP iHS

HGDP XP-EHH

e Regulation Tracks

Broad Histone (peaks tables only)
— EIO/JCVI NAS
— Eponine TSS
— First EF
— GIS ChIP-PET (peaks tables only)
— HAIB Methyl-seq
— HAIB Methyl27
— HAIB TFBS (peaks tables only)
— NHGRI Bi-Pro
— NHGRI NRE
— Open Chromatin
— ORegAnno
% oreganno
— SUNY RBP
— SwitchGear TSS
— TFBS Conserved
* tfbsConsSites
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— TS miRNA sites
— UW DNasel HS
— Vista Enhancers
— Yale TFBS
— 7X Reg Potential
FOX2 CLIP-seq
x fox2ClipSeq
LI TAFI Sites
NKI LADs (Tig3)
Nucl Occ: A375
Nucl Occ: Dennis
Nucl Occ: MEC
UU ChIP Sites

e Comparative Genomics Tracks

— phastConst28wayPlacMammal
— phastConst17way

Unless otherwise specified, all available tables for each annotation track were
used.

Among the Genes and Gene Prediction track group, RefSeq Genes (Kent,
2002, Pruitt et al., 2006) and Ensembl Genes (Hubbard et al., 2002) tracks were
used to annotate SNPs to coding and non-coding (UTR) exons (appearing as re-
fGene all exons and refGene coding exons in annotation tables). Since both
the first and the largest intron in each transcript often contains regulatory infor-
mation, we wanted to quantify which of our intronic SNPs were in either the
first and/or largest introns. A SNP was annotated as refGene largest intron or
refGene first intron if it was contained in largest or first intron of any anno-

tated transcript from the refGene gene set respectively. The same criteria was
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used for the ensGene largest intron and ensGene first intron annotations using
the Ensembl gene set. The Alt Events track (appearing as alternative splicing
events in annotation tables), based on analysis from the txgAnalyse program by
Jim Kent, contains annotations of various alternative splicing events. The RNA
Genes track (appearing as noncoding RNA in annotation tables) contains all non-
protein coding RNA genes including tRNAs, rRNAs, miRNAs, etc. (Pasquinelli
et al., 2000, Mourelatos et al., 2002). The ACEScan track contains predicted al-
ternative conserved exons (Yeo et al., 2005). The EvoFold track (appearing as
EvoFold secondary structure in the Table [3.1)) contains the predictions of the
EvoFold program, a method which uses evolutionary conservation to help locate
regions with RNA secondary structure (Pedersen et al., 2006). The sno/miRNA
track (appearing as miRNA in annotation tables) includes annotations for snoR-
NAs from snoRNABase and miRNAs from miRBase (formerly the miRNA Reg-
istry) (Griffiths-Jones, 2004,(Weber, 2005). The Pos Sel Genes track (appearing
as positive selection on human branch p < 0.05 in Table ()) shows the results
of a genome-wide scan for positively selected genes from a six species sequence
alignment. We focused on genes showing significant evidence of positive selec-
tion on the human branch of the phylogenetic tree (Kosiol et al., 2008, Yang and
Nielsen, 2002).

Among the Variation and Repeat track group, we used SNPs (130) to fur-
ther annotate SNPs to genic functional positions (nonsynonymous, synonymous,
intron, splicing, 5’ utr, 3’ utr, near-gene-5’ and near-gene-3’, unknown) (Sherry
et al., 2001b). Human Genome Diversity Panel (HGDP) tracks were used to look
for population differentiation and population-specific selection (Pickrell et al.,

2009, L1 et al., 2008blCann et al., 2002, Sabeti et al., 2007,|Voight et al., 2000).
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Among the Regulation track group, many tracks were used to search for
higher-order functional effects of SNPs. The Broad Histone track (appearing, for
example, as Broad H3K4mel any -logp > 5 in Table contains regions with
significant enrichment for histones with specific modification tags that affect chro-
matin conformation and thus local gene expresion (Bernstein et al., 2005, Bern-
stein et al., 2006, Mikkelsen et al., 2007). The data are provided as part of
the ENCODE project and each annotation is available for numerous cell types.
For this and all other ENCODE annotation data, we used only data available
for unrestricted usage as of February 2010. For our analysis, annotations were
combined across cell types. A SNP was scored with an annotation if, for any
cell type, it was within a peak with significant (—log;yp > 5) ChIP-Seq enrich-
ment. The EIO/JCVI NAS track (appearing as EIO/JCV Nucleosome Acce-
sibility CD34 in Table provides maps of nuclease hypersensitive regions,
known to correlate with functionally active cis-regulatory elements (Boyle et al.,
2008a). The Eponine TSS track contains annotations of predicted transcrip-
tion start sites (Down and Hubbard, 2002). The firstEF annotation track con-
tains the predictions of the first Exon Finder program for the locations of first
exons, promoters, and CpG windows (Davuluri et al., 2001). The GIS ChIP-
PET track provides transcription factor binding site maps for p53, STATI, c-
Myc, along with histone modifications H3K4me3 and H3K27me3 (Ng et al.,
2005, /Chiu et al., 2006, (Wei et al., 2006, (Choo et al., 2006, [Zeller et al., 2006)).
The three HAIB tracks provide Hudson Alpha’s ENCODE data of transcrip-
tion factor binding sites mapped using ChIP-Seq (Johnson et al., 2007, Valouev
et al., 2008). NHGRI BiPro (Yang et al., 2008, Piontkivska et al., 2009) and
NHGRI NRE (Petrykowska et al., 2008) tracks contain the National Human
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Genome Research Institute’s maps of bidirectional promoters and negative reg-
ulatory elements respectively. The Open Chromatin track contains the data from
the collaborative Duke/UNC/UT-Austin/EBI ENCODE group mapping accessi-
ble chromatin by DNasel hypersensitivity (appearing as Duke/UW DNaseHS p
< 0.05), Formaldehyde-Assisted Isolation of Regulatory Elements, and ChIP-chip
of transcription factors (appearing combined with Broad ENCODE annotations,
for example, Broad/Duke CTCF p < 0.05) (Bhinge et al., 2007, Boyle et al.,
2008a, Boyle et al., 2008b, Buck et al., 2005,|Crawford et al., 2006b)) (Crawford
et al., 2006a,[The ENCODE Project Consortium, 2007) (Giresi et al., 2007, Giresi
and Lieb, 2009, Li et al., 2008a). The ORegAnno track provides literature-curated
regulatory regions (Montgomery et al., 2006). SwitchGear TSS, created by
Nathan Trinklein and Shelley Force Aldred, maps transcription start sites. The
TFBS Conserved (appearing as TFBScons) track contains computationally pre-
dicted conserved transcription factor binding sites from a human, mouse, and rat
genome alignment. It was created by Matt Weirauch and Brian Raney of UCSC
using the Transfac Matrix and Factor databases (Wingender, 2008)). TS miRNA
sites (appearing as miRNA target site) contains conserved miRNA target sites
in refSeq genes predicted by TargetScanS (Lewis and Shih, 2003, Lewis et al.,
2005,|Grimson et al., 2007). UW DNasel HS (appearing as Duke/UW DNaseHS
p < 0.05) provides the University of Washington ENCODE data on DNase hyper-
sensitivity sites (Sabo et al., 2006, Sabo et al., 2004). The track Vista Enhancers
contains conserved non-coding sequences that have shown reproducible enhancer
activity in a transgenic mouse reporter assay (Pennacchio et al., 2006). The Yale
TFBS track contains the data from the collaborative Yale/UC-Davis/Harvard EN-

CODE group mapping binding sites for multiple transcription factors across mul-
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tiple cell types (Euskirchen et al., 2004, Euskirchen et al., 2007, Martone et al.,
2003, Robertson et al., 2007, Rozowsky et al., 2009). Again, a SNP was scored
with an annotation if, for any cell type, it was within a peak with significant
(g < 0.05) ChIP-Seq enrichment. The 7X Reg Potential track shows regula-
tory potential (RP) scores derived from an alignment of human, chimp, macaque,
mouse, rat, dog, and cow genomes (King et al., 2005, |Kolbe et al., 2004). The
score compares the frequency of short regulatory motifs in a region to that of
neutral DNA. We include only regions with a score > 0.1, which is the suggested
cutoff for regions with high regulatory potential. The FOX2 CLIP-seq (appearing
as FOX2 binding sites in Table[3.1]) track contains FOX2 CLIP-seq (cross-linking
immunoprecipitation combined with high-throughput sequencing) reads from hu-
man embryonic stem cells uniquely mapped to the reference genome (Yeo et al.,
2009b). LI TAF1 Sites shows TAF1 binding sites (Kim et al., 2005)). NKI LADs
shows lamina associated domains. The three Nucl Oce (A375, Dennis, and MEC)
tracks (appearing as UW Nucleosome Occupancy) contain nucleosome occu-
pancy scores determined by MNase digestion assays (Dennis et al., 2007, Ozsolak
et al., 2007, |Gupta et al., 2008). A375 and Dennis tracks are tuned to locate re-
gions of high occupancy and MEC is tuned to locate regions of low occupancy.
The threshold of 1.0 (—1.0 for MEC) corresponds to a confident prediction. Fi-
nally, the phastCons17way and phastConst28wayPlacMammal tracks (appear-
ing as 17-way most conserved Vertebrate and 28-way most conserved Mam-
mals) contain predicted conserved elements from a 17-way vertebrate genome
alignment and a 28-way placental mammal genome alignment respectively (Sie-
pel et al., 2005). UU ChIP Sites (appearing as Uppsala USF1, Uppsala USF2,

and Uppsala H3ac) contains a map of USF1, USF2, and H3ac sites (Rada-Iglesias
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et al., 2005,Rada-Iglesias et al., 2008]).

3.1.2 Annotations of interest by region
T2D:TCF7L2

All 5 SNPs in the 95% posterior set (all 7 in 99% set) are within the largest in-
tron of TCF7L2. The best SNP after the fine mapping, rs7903146 (accounting for
75% of the posterior weight) maps into a putative FOX2 binding site identified
by cross-linking immunoprecipitation coupled with high-throughput sequencing
(CLIP-seq) (Yeo et al., 2009b)). FOX2 is known to be expressed in muscle and neu-
ronal tissue and plays a role in tissue specific alternative splicing. One of the four
other SNPs in the 95% credible set, rs4132670 (accounting for 1% of the poste-
rior), is in a conserved domain with regulatory potential and apparent nucleosome
occupancy. This domain also appears to be DNase/nuclease hypersensitive in
the CD34- neuroblastoma cell line SK-N-MC, and in CD34- maturating myeloid
cells. There is also evidence for extended haplotype homozygosity in East Asia
samples from the Human Genome Diversity Panel (HGDP) in this intron which is

suggestive of a selective sweep.

T2D:CDKN2A

Looking in to SNP annotations for this region, we find that two SNPs in the 99%
credible set (rs7866783 and rs564398 with posterior probabilities of 5% and 2%
respectively) are in exons of the non-coding antisense RNA (CDKN2BAS, also

known as ANRIL).
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T2D:CDKALI

All SNPs in this region are located in the third and fourth introns of CDKALI. 17
SNPs in the 95% credible set are within a block with evidence of extended hap-
lotype homozygosity in the HGDP samples from the Mideast, Europe, and South
Asia. Four SNPs (rs9460544, rs9460545, 1rs4712526, rs35456723 accounting for
2%, 2%, 2%, 1% of the posterior respectively) in the 95% set show conserva-
tion and regulatory potential, with one (rs35456723) among the most conserved
regions in a 28-way alignment of mammalian genomes.

We find that 1 SNP in the 99% credible set (rs35612982 with a posterior prob-
ability of 0.4%) shows high Fst in the HGDP.

T2D:HHEX

Two SNPs among the 95% set (rs10882099 and rs10882106 accounting for 9%
and 4% of the posterior respectively) appear to be in polymerase II binding sites.
rs10882106 is also in a region of high conservation and suggestive DNase hyper-
sensitivity. Looking for signals of selection and population differentiation, we find
that 1 SNP (rs7923866 accounting for 4% of the posterior) in the 95% credible set
(11 in 99% set) shows high Fst in HGDP. Also, the entire associated region, in-
cluding HHEX, IDE, and KIF11 shows extended haplotype homozygosity among
East Asian samples, suggesting the effect of a selective sweep.

5 SNPs in the 99% credible set are also in untranslated gene regions (1 in the

5 UTR of IDE and 4 in the 3 UTR of KIF11).
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CAD:CDKN2A

All SNPs in the 99% credible set for this region are within the 3° half of AN-
RIL and within a region showing weak evidence of selective sweep in the Bantu
samples of HGDP. Our top SNP (rs1537370 accounting for 26% of the posterior)
appears to be in a nuclease accessible domain and has evidence for polymerase II
binding. Perhaps of interest is the fact that four SNPs (rs1333045, rs10757278,
rs10757279, rs10757277 accounting for 5%, 4%, 4%, and 3% of the posterior re-
spectively) in the 95% credible set appear to be in sites that bind TCF7L2 and one

shows some evidence of conservation (rs10757278).

3.2 Secondary Signals

It has been demonstrated a number of times that a region identified as associated to
a phenotype can harbor further associated variants (Speliotes et al., 2010) (Maller
et al., 2006)) (the DIAbetes Genetics Replication And Meta-analysis (DIAGRAM)
Consortium et al., 2012)) (Yang et al., 2012)). These can represent completely
independent effects on the phenotype, or modify the main effect. When two as-
sociated variants are within the same region, they will often be correlated as a
result of linkage disequilibrium. In such circumstances, a single marker associa-
tion test - such as the one described earlier in this chapter - can in effect mask the
presence of the weaker signal. In the case of two (or more) independent signals,
the signal at the variants with weaker associations may appear to be solely due
to the LD to the strongly associated variant. In the case of a modifying effect,
the single marker association test we’ve used will not have any statistical power

to observe the effect. One powerful and effective way to find secondary associ-
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ations in a region is by stratifying on the genotype at the main SNP in a region.
For a comprehensive discussion of this and related approaches, see (Yang et al.,
2012) (Purcell et al., 2007a). The conditional test used here is implemented in
the PLINK package (Purcell et al., 2007b). As the regions in this study were pre-
viously implicated we adopt a less stringent threshold of p < 1073 as a filter for
investigating secondary signals.

The conditional ("independent effect”) test in PLINK is implemented via hap-
lotypes. In short, say we have SNPs X and Y, with X being the best in a region,
and Y being the SNP we wish to test for a secondary signal, with alleles A, B and
C, D respectively. The null and alternative models are constructed as follows: the
haplotypes in the null model are grouped based on genotype at SNP Y (thus allow-
ing only an effect at snp X, whereas the alternative model allows each haplotype
to have an individual effect. Thus, for SNPs X and Y, the two haplotype groups
are:

Null model: {AC, AD} {BC,BD}

Alternative model: {AC} {AD} {BC} {BD}

These two models are then compared using a likelihood ratio test (Purcell
et al., 2007b) (Purcell et al., 2007aJ).

Following the conditional test, we used PLINK to examine the estimated fre-

quencies and risks conferred by individual haplotype configurations.

FTO T2D

Conditional analysis on rs17817449 reveals an additional signal at SNP rs8063946
with MAF in controls of 0.06 and RR 1.37 (95% CI =1.14 —1.64; P = 5.9 x

10~%) comparing the model with both the primary signal at SNP rs17817449 and
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rs8063946 vs. the model with just the primary signal). The three haplotypes at
rs17817449 and rs8063946 are GC (ancestral), TC, and TT, with respective rela-
tive risks of 1.68 (95% CI = 1.40 —2.02), 1.37 (95% CI = 1.15 — 1.65), and 1.
Note that the relative risk of the high risk haplotype, at 1.68, is high by GWAS
standards, although the low frequency (5% in CEU Hapmap) of the low-risk TT
haplotype makes precise estimation of this RR difficult. The frequencies of these
haplotypes differ substantially between populations. Most obviously, the derived,
protective TT haplotype emerges as the most common haplotype in JPT/CHB
(47%) and YRI (41%). Four SNPs in the 95% set (rs62033408, rs10468280,
1s7202296, rs7202116) have high Fst in the Human Genome Diversity Panel
(HGDP), adding further weight to the evidence for population differentiation at

this locus.

CDKN2A/B T2D

Previous suggestions that this region contains multiple signals (Zeggini et al.,
2007)) are confirmed following this denser fine-mapping. There are two key sets
of SNPs, (rs10811661, rs2383208, rs10965250, rs10811660) and (rs10217762,
rs10757283, rs7019778), the SNPs within each set displaying strong correlations.
The model including rs12555274 alone fits the data significantly less well than
that based around these pairs of SNPs. The best SNP on the conditional tests here
is rs10965250 with a p-value of p = 4.1 x 1077,

As expected in a region of very low combination, only three of the four pos-
sible haplotypes involving these two sets of SNPs occur with any substantial fre-
quency in the data, and haplotype phase at the pair of SNPs is uniquely determined

by the SNP genotypes. As a result, statistical models in which disease risk at this
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locus depends on the two-SNP haplotypes cannot be distinguished from those in
which it depends on the pair of genotypes at the two SNPs. For convenience
we describe results in terms of the haplotypes, described explicitly by the pair of
SNPs rs10811661 and rs10217762. The three haplotypes present are CC, TT, and
TC with frequencies 16%, 59%, and 25%, respectively, listed in increasing order
of disease risk, with the unobserved CT haplotype being ancestral. Estimated rel-
ative risks for the three haplotypes are 1, 1.19 (95% CI = 1.06 — 1.34), and 1.49
(95% CI =1.31 —1.69). We note that the relative risk for the high-risk haplotype,
namely 1.49, is at the high end for recent GWAS findings for common complex
diseases.

The best single SNP in our data (rs12555274) has a substantially elevated BF
compared to those previously typed including those that define these haplotypes.
However, whilst rs12555274 tags the high-risk haplotype reasonably well, it fails
to distinguish between the two lower-risk haplotypes. Performing a conditional
analysis with this top SNP identifies a secondary signal at rs10965250 which is
highly significant. This pair of SNPs capture essentially the same effects as those
described in terms of haplotypes above, although not quite as well.

Although the best single SNP in our data does not explain the data as well as
the pair of SNPs rs1081161 and rs10217762, we cannot in principle exclude the
possibility that there is another, untyped, single SNP which explains the data better

than this pair of SNPs. None of the SNPs described has compelling annotations.

CDKALI

Conditional analysis reveals an additional signal at SNP rs6456360 (RR = 1.16;

95% CI = 1.08 — 1.25), with MAF in controls of 0.47 (p = 8.7 x 10~ for the con-
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Table 3.2: Two-SNP additive disease model CDKALI (T2D)

SNP MAF Relative risk (CI)

rs7756992 0.28  1.28 (1.18-1.40)
rs6456360 0.49 1.17 (1.08-1.26)

ditional test comparing the model with both the primary signal at SNP rs7756992
and rs6456360 vs. the model with just the primary signal). The data are con-
sistent with a model in which risks at the primary SNP(s) and this second SNP
combine multiplicatively. Analyses of the joint risks at rs7756992 and rs6456360
estimate the relative risk for each additional copy of both risk alleles as 1.50 (95%
Cl = 1.34 —1.68), large by GWAS standards, and considerably larger than the
effect considering the top SNP alone. Details of the model for the two SNPs are

shown in Table

3.3 Disease Models

We assessed the best model for relating SNP genotype to disease risk. For most
reported GWAS associations there is no significant evidence for departure from
the simple model in which each additional copy of the risk allele increases dis-
ease risk by the same multiplicative factor. In this simple model, the log-odds of
disease increase in an additive manner with each additional copy of the risk allele,
so the model is sometimes referred to as the “additive” model. But, as has been
noted elsewhere (WTCCC, 2007), the power to detect departures from this model
is limited unless the true causal variant, or a SNP highly correlated with it, is typed
in the study. With the much more extensive genotyping in this study, it is natural

to revisit this question. We found no compelling evidence for departure from the
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additive model in any region in our study.
In order to test for deviation for additivity, we extend the logistic model we

introduced in Section 1.8.2:

logit(p) ~ Bo+P1X

We achieve this by adding an additional term allowing the heterozygote to
have an additional effect beyond that of the log-linear in the additive model.
Specifically, we add a variable X, , coded 0,1,0 (corresponding to the hetorozy-
gous genotype of AB from the three genotype categories AA,AB,BB), and a cor-

responding 3. The logistic equation now becomes

logit(p) ~ Bo+ 1 X1 + P2 X2

The value of B, corresponds to the deviation from the predicted effect of the
additive model observed in samples with a heterozygous genotype. The p-value
for this term can be used to compare the models. That is to say that a significant

p-value suggests that the data may be better modeled in a non-additive framework.

3.4 Proportion of heritability explained

We also attempted to determine how much we have learned through fine mapping

beyond what was known from the original GWAS efforts. Table [3.5] (CAD), Ta-
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ble 3.6 (T2D) and Table (GD) compare the top SNP after the fine mapping
experiment with the top SNP in the region on each of three commercial genotyp-
ing chips (Affymetrix Human 500K SNP Array, [llumina 550K and 1.2M SNP
Arrays ). The “BF Ratio” column of the tables allows a direct comparison of the
relative evidence for the top SNP from a particular chip to the top SNP from the
FM experiment: for example, a BF ratio of 0.22 means that the posterior prob-
ability for the top SNP from the chip is smaller by a factor of 0.22 than that for
the top FM SNP. The top FM SNP improved on the top SNP from Affymetrix
500K, the Illumina 550k and 1.2M arrays respectively in 13, 12, and 8 of the 14
regions, with comparisons amongst SNP-chips differing across regions. As has
been widely expected, the fine mapping experiment thus indicates that typically
the top GWAS SNPs will not be causal; even if the top FM SNP is not itself causal,
the fact that it has a higher BF strongly suggests the top chip-SNP is not causal.
Table [3.3] gives another comparison of GWAS and FM findings. It shows, for the
Affymetrix 500K array, how many of the SNPs in the credible set after the fine
mapping experiment were typed in the original GWAS. In most regions, the vast
majority of the SNPs which were important after the fine mapping experiment
were not typed in the original association study.

These results show that there can be strong evidence in favour of one SNP
over another, even when there are only relatively small differences in effect sizes
(most strikingly CTLA4 for GD, but several other SNP comparisons), and hence
only slight differences in heritability explained by the locus. The intuition is that
in large samples, small differences in effect sizes can result in strong evidence
in favour of one SNP over another in fine mapping. Thus while the fine mapping

experiment does substantially change the picture as to potential causal SNPs com-
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pared to the original association study, the new top SNPs do not greatly change the
proportion of heritability explained by the locus. One caveat is that this requires a
high level of accuracy in genotyping, and can be affected by even relatively small

population differences.

3.5 Proportion of SNPs captured

One limitation with our study is that we were restricted to genotyping only those
SNPs known at the time of design and our specific sequencing efforts, and so we
could simply have missed the causative variants or the most associated SNP mark-
ers, particularly at lower MAFs. However, we used data from the 1,000 Genomes
Project to assess our coverage of variants in the regions studied (Table [3.4). For
example, in the June 2011 1,000 Genomes release, there were 1920 and 1601
SNPs in Caucasian samples in our FM regions with MAF in the range 1%-2%
and 2%-4% respectively. Of these, we directly typed 92 (4.8%) and 240 (15%) re-
spectively, and in addition obtained good quality imputation data on a further 746
and 1065 SNPs respectively. Our project typed a much denser set of SNPs than
GWAS chips, leading to improved imputation. Thus in these frequency ranges,
we obtained actual, or good imputed, data on 44% and 82% of these variants. For
all higher MAF ranges, the proportion captured or well-imputed is at least 85%
(Table [3.4). Coverage via genotyping or imputation of variants with MAF < 1%

1s much lower, but we do not believe this undermines our main conclusions.
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3.6 Contribution of imputed SNPs

Table [3.8] gives an overview of what we have learned from the 1000 genomes
imputation and shows the proportion of the imputed 95% (and 99%) posterior
weight that is placed on imputed SNPs.

This table has several interesting attributes. First, in regions such as CDKN2A/B
(both CAD and T2D), CDKALI, there are a substantial number of imputed SNPs
in the 95% posterior set, but these SNPs have a relatively low contribution to the
overall weight. These are regions where the highest weighted genotyped SNPs
clearly stand out, but not so much that they are the overwhelming contributors to
the 95% posterior weight. In certain other regions such as TCF7L2 and CTLA4,
there are individual SNPs which contribute the majority of the weight to the 95%
posterior weight, and this is reflected in the very small number of imputed SNPs
in the 95% set, as well as even smaller contributions to the overall weight. For
regions where we do not believe we have learned anything in the fine mapping,
the imputed results reflect that as well. In JAZFI, the imputed data corresponds to
nearly half of the 95% set, as well as nearly half of the posterior weight. Similar
results are observed for /g41, though the proportions are closer to 0.33. Again,
for FCRL3, the proportion of imputed SNPs in the 95% causal is about 0.3 which
is virtually identical to the overall proportion of imputed SNPs, and the proportion

of the posterior weight is about 0.24.

3.7 Discussion

This chapter has covered a number of more in depth analyses of the fine-mapping

data. First, we assessed the extent to which genome annotation provides insight
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into the underlying mechanisms of putative causal variants. While these annota-
tion databases help shed light on potential avenues for further functional inves-
tigation, it is clear from the work presented here that genome-scale annotation
databases are not likely (at present) to provide understanding of the mechanism
of action of a particular associated variant. Specifically in the context of fine-
mapping, it would be ideal to use such annotations towards differentiating be-
tween highly (or perfectly) correlated variants. However, this is also challenging
at the moment given the variability in coverage and depth of currently available
annotation datasets.

We then described assesments of secondary signals and deviation from addi-
tivity of putative causal variants. While we observed several regions with evidence
for secondary signals, in the majority regions we did not observe substantial ev-
idence of complexity in signal beyond the single-snp of additive effect model of
regional association. However, this is likely due, at least in part, to the issue of
limited power.

We then moved on to aggregate analyses of heritability and an assessment
of SNP coverage and the contribution of imputation. The issue of coverage is a
particularly important one in the context of fine mapping. This experiment utilized
a genotyping platform that was (at the time) able to provide the best available
coverage in terms of proportion of type-able SNPs. Imputation was still required
to capture the remainder of SNPs, and was able to do so very successfully with
currently available reference panels. The obvious question resulting from these
overall analyses is how well would we do if we skipped the extra step of direct
genotyping for fine-mapping and simply attempted to fine map using imputation

directly from the original GWAS array? This question will be covered in depth by
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the next chapter.
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Minor Allele Fre- Genotyped Genotyped 1000 Genomes Proportion

quency Range in FM or well Captured
imputed”

MAF < .01 125 1665 20306 (12263") .082 (0.14%)

01 <MAF<.02 92 838 1920 0.44

.02 < MAF < .04 240 1305 1601 0.82

.04 < MAF < .06 256 675 794 0.85

.06 < MAF < .10 260 808 901 0.9

JO0<MAF < .20 614 972 1083 0.9

20 < MAF 1784 2824 3196 0.88

Table 3.4: Imputation and minor allele frequency based on a reference panel of
143 European Haplotypes in the 1,000 Genomes Project June 2011 data release.

(a) SNPs were deemed to be well imputed if average maximum posterior (as re-
turned by IMPUTEI) was greater than 0.98, and the IMPUTE] info score above

0.8.

(b) Numbers in parentheses refer to the SNP count (column 4) and proportion
(column 5) restricted to SNPs with at least two observations of the minor allele in
the reference panel.
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Chapter 4

Imputation

The new generation of sequencing technologies has enabled the cost-effective
deep-resequencing of thousands of samples, which provides a more complete
catalogue of variation in regions of interest prior to fine mapping. Additionally,
genome-wide resequencing data for hundreds of samples is available from the
1000 genomes project. If this sort of sequence data could be used to accurately
infer genotypes at both known and novel SNPs in an original disease-study sam-
ple, it has the potential to greatly improve fine mapping efficiency. In this chapter
we attempt to answer the question of whether genotype imputation from GWAS
data can be used to fine map associated regions and identify which variant(s) are
likely to be causal. We also investigate whether imputed data can be used to iden-
tify sets of variants which are very unlikely to be causal.

We attempted to assess the accuracy of imputing from resequencing and geno-
type data, as well as the effectiveness of using such imputation to improve fine

mapping efficiency.
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4.1 Imputation of the Regions of Interest Using Four
Reference Panels

Genotype imputation has been widely used for several years, particularly for in-
creasing coverage in GWAS and for meta-analyses (Marchini and Howie, 2010) .
One area in which imputation could potentially be useful is that of fine mapping
of associated regions. With large and highly accurate publicly available genone-
wide reference data sets, it may be possible to avoid the time, effort and expense
of dense genotyping in many samples by simply imputing into a GWAS dataset.
A second way that imputation might prove useful for fine mapping is in limiting
the number of SNPs to be genotyped. Even if imputed genotype datasets are inad-
equate for direct use for fine mapping, they may be sufficiently accurate to be used
to identify sets of SNPs so unlikely to be causal that they need not be genotyped.
These are the two possible approaches to using imputation in the context of fine
mapping that I will be discussing in this chapter.

There have been many evaluations of the accuracy of imputed genotype data
(Nothnagel et al., 2009) (Marchini and Howie, 2010) (Huang et al., 2009), but
the focus of these has been on “how accurately do you impute this SNP” on a
marker-by-marker basis. While this type of accuracy is critical to the utility of
imputed genotype data, we are mainly concerned with a number of bigger picture
questions. We want to get a sense, in a number of different ways, of how useful
imputation can be in fine mapping. We want to know how accurately can we get a
sense of what’s going on in a particular region, which is a fundamentally different
question. We are interested in relative differences between associated SNPs in

each region, which is one of the primary goals of fine mapping. These SNPs
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will frequently be highly correlated and difficult to differentiate. With enough
samples genotyped, a fine mapping study can differentiate between SNPs with
very small differences between then. It is asking a lot of imputation to achieve
such high accuracy, especially given the density of SNPs in GWAS target samples,
and evaluations of imputation to date have not generally dealt with these questions.

We sought to address these questions as follows, using our fine mapping data
(as described in Chapter 2) and publicly available reference panels. We treated the
fine mapping dataset as the “gold standard”, containing a “complete” catalogue
of SNPs for our regions. We took the FM data for all 8000 FM samples at all
SNPs, and thinned the SNPs such that we only look at SNPs on the Affymetrix
500K genotyping array. We used this thinned dataset as the target for imputation
(eg. these are the samples for which genotypes are imputed). We then imputed
data for all the other SNPs which actually have genotype data (but which were
hidden by the thinning procedure). This forms the basis for our comparisons.
We repeated this using several reference panels. After generating these datasets,
we analysed the data in the same way as in the FM experiment (see Chapter 2).
Having done that, we assessed these results in several ways: visual inspection of
the signal plots, assessment of how much of each regions posterior probability
is captured, how this posterior probability is distributed across SNPs, and how
well we can exclude SNPs as likely to be causal. Our main focus across these
analyses was determining whether any of the reference panels perform adequately
for fine mapping, and how much of a difference the choice of reference panel will
make. There have been numerous evaluations of the SNP-by-SNP accuracy of
genotype imputation (Nothnagel et al., 2009) (Marchini and Howie, 2010) (Huang

et al., 2009), and the results and assessments in this chapter focus on the aspects
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particular to fine mapping.

There are a number of prominent imputation methods that are broadly similar
in performance (Marchini et al., 2007) (L1 et al., 2010) (Browning and Browning,
2007). In order to simplify our analyses we’re going to focus on one of these
methods. We used the IMPUTE package to perform the imputation (Marchini
et al., 2007)).

4.1.1 Samples

We used the dataset from the fine mapping experiment described in Chapter 2 as
the target samples for imputation. The complete dataset consists of approximately
8000 samples, densely genotyped across 13 regions with a total of 3668 QC-
passing SNPs. These samples are comprised of approximately 2000 case samples
for each of T2D, CAD and GD, and a further 2000 58C/NBS control samples (see

Chapter 2 for details).

4.1.2 SNPs

We treated the set of QC-passing SNPs from the fine mapping as the complete
set of SNPs for the fine mapping regions we are looking at. In order to mimic a
GWAS, we thinned the data to include only SNPs that are on the Affymetrix SO0K
genotyping array. We then attempted to impute data for all of the non-500k SNPs

in our regions.

4.1.3 Reference Panels

We compared imputation using several different reference panels.
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Fine-mapping Controls

We sought to create a “best case” reference panel using our fine mapping genotype
data. We phased the complete set of 8000 samples using fastPHASE (Scheet and
Stephens, 2006). We then randomly selected 100 of the S8C/NBS control samples,
and used their haplotypes as a reference panel. These samples were excluded from
the set of imputation target samples. These haplotypes are generated from high
quality genotypes, as part of the same genotyping experiment as the imputation
targets, with data at a very high density and at all target sites. The data was
generated in the same experiment as the target samples, removing most or all
experimental variation between the reference and the target panels. Therefore,
this reference panel is effectively a best case scenario, with the high accuracy of a
genotyped reference panel and the density of a resequenced reference panel. This
reference panel gives us an approximate upper bound of how well imputation is

likely to do for the particular set of samples and SNPs we are imputing into.

Regional Resequencing

Data from the WTCCC regional resequencing project formed the second imputa-
tion reference panel. This data was generated in parallel with the fine mapping
data, in order to assess the performance of a high-throughput sequencing plat-
form for discovery of variants in GWAS association regions (see Chapter 2 for a
detailed description). This dataset contained 32 samples, taken from the CEPH
samples included in the HapMap project (Altshuler et al., 2005). Five (of 16)
resequenced regions overlapped with the regions included in the fine mapping

project; SORT1, CDKN2A/B, FTO, HHEX 2¢36. Only QC passing, polymorphic
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SNPs were included, as described in Chapter 2. This data was phased using the

PHASE package (Stephens et al., 2001b).

HapMap2

Phased haplotype data in 60 individuals from the CEU population from the HapMap?2
project made up the third reference panel. This panel is generated from directly
genotyped data, which will generally be more accurate than the reference panels
generated from resequenced data. However, the SNP density is lower than in the

resequenced panels.

1000 Genomes

Haplotype data for 143 Caucasian samples (samples from the CEPH population
(CEU), individuals from England and Scotland (GBR), Iberian populations from
Spain (IBS) and Tuscan individuals (TSI)) from the June 2010 release of the 1000
Genomes project form the final reference panel. These haplotypes are gener-
ated from genotypes called from low-pass resequencing data. While these geno-
types has proven to be quite accurate when compared to direct genotyping (1000
Genomes Project Consortium, 2010), this type of data will still be more error-
prone than directly genotyped datasets such as HapMap2. However, the SNP

density for this panel should be substantially higher than direct genotyping.

4.1.4 Association Testing

The imputed data was filtered to include only SNPs which were well imputed, as

determined by confidence measures provided by IMPUTE and SNPTEST (Mar-
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chini et al., 2007). SNPs with info < .4 or certainty < .9 were filtered out from

the imputed data.

4.2 Results

Figure through Figure 4.14{ show association signal for the imputed data for
each of the imputation reference panels, as well as for the full fine mapping geno-
type data. These are similar to the plots shown earlier in Chapter 2. For regions
included in the WTCCC resequencing reference panel there are five signal plots
shown, while four are shown for the rest of the regions.

These plots reveal several features of the imputed data. It is immediately ap-
parent that while general patterns are similar across the imputation sources, there
is non-trivial variation in signal patterns. This is true not just for the high quality
1000 genomes panel, but even our “gold standard” genotyped reference panel is
substantially different from the real data in many of the regions. For the more
strongly associated regions, there is particular variability in the association peak,
such that the location of the peak shifts, contains noticeably fewer SNPs or even
disappears completely. There is also substantial variability in the size of 95%/99%
credible sets, though for regions showing stronger signal this is less pronounced
(e.g. TCF7L2).

We will now focus on the imputed results for the F70, HHEX and TCF7L2
regions. All three regions are robustly associated to T2D in our real FM data, but
represent three distinct patterns of association and will provide a broad sense of

how well imputation performs.
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4.2.1 FTO

In the real FM results, the 95% credible set for FTO contains 33 SNPs which are
all highly correlated, and have very similar posterior weights. For the “best case”
genotyped reference panel, the results (Figure closely resemble the real FM
results, both visually and in terms of the posterior weight distribution and the 95%
credible set size. The 1000 genomes performs quite well as well, though the log
Bayes Factors spread a bit in both directions for the top SNPs, and more SNPs are
included in both the 95% and 99% sets. All reference panels retain the general
signal shape across the region, but the close correlation between the top SNPs is

not retained except in the imputation with the genotyped reference panel.

4.2.2 HHEX

In the real results for HHEX there is a relatively small 95% credible set with 14
SNPs, but the strength of signal in our data is only just strong enough to differ-
entiate these SNPs. In this region, both the genotyped reference panels and 1000
genomes perform reasonably well, though for the 1000 genomes there is a sub-
stantial increase in the size of the 99% credible set, which more than doubles in
size (Figure [4.5). For both of these panels, the general pattern of signal is re-
tained in the area to the right where the signal is strong. The genotyped reference
panel retains the best SNP, as does the HapMap imputation, while this SNP is not
present in both the QC-passing 1000 genomes imputed data and the resequenced

reference panel.
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423 TCF7L2

There is a sharp peak in the real data for TCF7L2 with a clearly established and
replicated best SNP, accounting for 75% of the posterior weight. While the im-
puted results (Figure for the genotyped reference panel in this region visu-
ally appear to be broadly consistent with the real results, as will be seen in Figure
4.17(c) in the next section, there is substantial variability among the top SNPs.
The best SNP in the real results (with 75% of posterior weight) has about 10% of
the weight in the genotyped imputation, 35% in the 1000 genomes and a mere 3%
in the HapMap imputed data. The results across these three regions, especially
in TCF7L2, a region with a simple, clear picture of association in the real results
illustrate that fine mapping via imputation as attempted here will present many

challenges.
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Figure 4.1: Imputed signal for the region CDKN2A/B T2D for each of 4 reference panels, as well as in the FM
genotype data. The x-axis corresponds to genomic position, and the y-axis corresponds to /ogoBF. Recombi-
nation is shown in blue on the right y-axis, and genes are shown in green at the bottom. SNPs are coloured by
membership in the 95% (yellow) and 99% (purple) credible sets or grey if neither. The number of SNPs in each
of the 95 (99) credible sets is shown in the title of each subfigure. Subfigure a-d correspond to: (a) WTCCC
resequenced reference panel, (b) HapMap?2 reference panel, (c) 1000 genomes reference panel, (d) genotyped
reference panel. Subfigure (e) shows the results for the full fine mapping genotyped data.
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Figure 4.2: Imputed signal for the region CDKN2A/B CAD for each of 4 reference panels, as well as in the FM
genotype data. The x-axis corresponds to genomic position, and the y-axis corresponds to /ogoBF. Recombi-
nation is shown in blue on the right y-axis, and genes are shown in green at the bottom. SNPs are coloured by
membership in the 95% (yellow) and 99% (purple) credible sets or grey if neither. The number of SNPs in each
of the 95 (99) credible sets is shown in the title of each subfigure. Subfigure a-d correspond to: (a) WTCCC
resequenced reference panel, (b) HapMap?2 reference panel, (c) 1000 genomes reference panel, (d) genotyped
reference panel. Subfigure (e) shows the results for the full fine mapping genotyped data.
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Figure 4.3: Imputed signal for the region SORTI CAD for each of 4 reference panels, as well as in the FM geno-
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reference panel, (b) HapMap?2 reference panel, (c) 1000 genomes reference panel, (d) genotyped reference panel.
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Subfigure (e) shows the results for the full fine mapping genotyped data.
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Subfigure (e) shows the results for the full fine mapping genotyped data.
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Figure 4.5: Imputed signal for the region HHEX T2D for each of 4 reference panels, as well as in the FM genotype
data. The x-axis corresponds to genomic position, and the y-axis corresponds to log1oBF. Recombination is shown
in blue on the right y-axis, and genes are shown in green at the bottom. SNPs are coloured by membership in
the 95% (yellow) and 99% (purple) credible sets or grey if neither. The number of SNPs in each of the 95
(99) credible sets is shown in the title of each subfigure. Subfigure a-d correspond to: (a) WTCCC resequenced
reference panel, (b) HapMap?2 reference panel, (c) 1000 genomes reference panel, (d) genotyped reference panel.
Subfigure (e) shows the results for the full fine mapping genotyped data.
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Subfigure (e) shows the results for the full fine mapping genotyped data.
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Figure 4.7: Imputed signal for the region 1g41 CAD for each of 3 reference panels, as well as in
the FM genotype data. The x-axis corresponds to genomic position, and the y-axis corresponds
to log10BF. Recombination is shown in blue on the right y-axis, and genes are shown in green at
the bottom. SNPs are coloured by membership in the 95% (yellow) and 99% (purple) credible
sets or grey if neither. The number of SNPs in each of the 95 (99) credible sets is shown in
the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference panel, (b) 1000
genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows the results for the

full fine mapping genotyped data.
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Figure 4.8: Imputed signal for the region CXCLI2 CAD for each of 3 reference panels, as
well as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis
corresponds to log1oBF. Recombination is shown in blue on the right y-axis, and genes are
shown in green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99%
(purple) credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible
sets is shown in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference
panel, (b) 1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows

the results for the full fine mapping genotyped data.
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Figure 4.9: Imputed signal for the region CDKALI T2D for each of 3 reference panels, as
well as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis
corresponds to log1oBF. Recombination is shown in blue on the right y-axis, and genes are
shown in green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99%
(purple) credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible
sets is shown in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference
panel, (b) 1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows

the results for the full fine mapping genotyped data.
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Figure 4.10: Imputed signal for the region JAZF'1 T2D for each of 3 reference panels, as well
as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis corre-
sponds to log1oBF. Recombination is shown in blue on the right y-axis, and genes are shown in
green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99% (purple)
credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible sets is shown
in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference panel, (b)
1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows the results
for the full fine mapping genotyped data.
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Figure 4.11: Imputed signal for the region TCF7L2 T2D for each of 3 reference panels, as
well as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis
corresponds to log1oBF. Recombination is shown in blue on the right y-axis, and genes are
shown in green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99%
(purple) credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible
sets is shown in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference
panel, (b) 1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows

the results for the full fine mapping genotyped data.
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Figure 4.12: Imputed signal for the region CD25 GD for each of 3 reference panels, as well as in
the FM genotype data. The x-axis corresponds to genomic position, and the y-axis corresponds
to log10BF. Recombination is shown in blue on the right y-axis, and genes are shown in green at
the bottom. SNPs are coloured by membership in the 95% (yellow) and 99% (purple) credible
sets or grey if neither. The number of SNPs in each of the 95 (99) credible sets is shown in
the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference panel, (b) 1000
genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows the results for the
full fine mapping genotyped data.
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Figure 4.13: Imputed signal for the region CTLA4 GD for each of 3 reference panels, as well
as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis corre-
sponds to log19BF. Recombination is shown in blue on the right y-axis, and genes are shown in
green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99% (purple)
credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible sets is shown
in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference panel, (b)
1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows the results

for the full fine mapping genotyped data.
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Figure 4.14: Imputed signal for the region FCRL3 GD for each of 3 reference panels, as well
as in the FM genotype data. The x-axis corresponds to genomic position, and the y-axis corre-
sponds to log1oBF. Recombination is shown in blue on the right y-axis, and genes are shown in
green at the bottom. SNPs are coloured by membership in the 95% (yellow) and 99% (purple)
credible sets or grey if neither. The number of SNPs in each of the 95 (99) credible sets is shown
in the title of each subfigure. Subfigure a-c correspond to: (a) HapMap?2 reference panel, (b)
1000 genomes reference panel, (c) genotyped reference panel. Subfigure (d) shows the results

for the full fine mapping genotyped data.
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4.3 Step Plots

The distribution of posterior probability across SNPs in a region is of fundamen-
tal interest in fine mapping. Metrics such as the size of 95%/99% credible sets
provide a general sense of differences between imputed results and results from
our real FM and between reference panels. We now look at the distribution of
posterior probability across SNPs in each region, and how this differs between
reference panels. This will provide substantial insight into how differences be-
tween reference panels affect patterns of association among the most interesting
SNPs. In order to assess this we plot the cumulative posterior captured in the im-
puted results, at the actual top SNPs (SNPs in the 95% credible set) from the fine
mapping experiment. We compare this distribution between the genotyped and
imputed results, as well as between the various reference panel.

Figure [4.15] through Figure [4.18] show, for each region, the imputed cumu-
lative posterior across reference panels, among SNPs in the 95% credible set as

determined by the real fine mapping genotype results.

4.4 Average Posterior Captured

Figure [4.19] shows the proportion of the real posterior captured by the imputed
data, across all regions and reference panels. The vertical position corresponds,
for each region, to the proportion of the 95% credible set in the real genotypes
that is captured at the same set of SNPs in imputed data. In other words, for each
region, for each reference panel, we calculated the proportion of imputed posterior
captured by the set of SNPs in the 95% credible set from the real genotyped data.

In the figure, the Position on the horizontal indicates the reference panel. The
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Figure 4.15: Step plots for imputed posterior weight at fine mapping SNPs. In each region, for each SNP (x-axis)
in the 95% credible set in the real fine mapping results, the imputed posterior (y-axis) is shown cumulatively.
Each region contains a series for each of the reference panels (Genotyped, 1000 genomes, HapMap and where
applicable, Resequencing).
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Figure 4.16: Step plots for imputed posterior weight at fine mapping SNPs. In each region, for each SNP (x-axis)
in the 95% credible set in the real fine mapping results, the imputed posterior (y-axis) is shown cumulatively.
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Figure 4.17: Step plots for imputed posterior weight at fine mapping SNPs. In each region, for each SNP (x-axis)
in the 95% credible set in the real fine mapping results, the imputed posterior (y-axis) is shown cumulatively.
Each region contains a series for each of the reference panels (Genotyped, 1000 genomes, HapMap and where
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vertical position indicates the proportion of posterior captured. Therefore, the
maximum value is 0.95 (the dashed line). The red diamonds correspond to the
average proportion of posterior captured for each of the reference panels. There
are 14 regions shown for the HapMap2, genotyped and 1000 genomes reference
panels, and five regions for the resequenced reference panel.

Figure [4.20]is the same as Figure 4.19] but with the addition of lines connect-
ing the same regions between reference panels. This illustrates the variability of

imputation performance between reference panels for particular regions.

4.5 Evaluating and Improving Fine Mapping Effi-
ciency

The WTCCC fine-mapping and resequencing pilot projects in combination with
publicly available data provide a unique opportunity to empirically evaluate strate-
gies for following up GWAS results.

One question of particular interest is whether it is possible to use statistical
methods such as imputation to cut down on the number of SNPs that need to be
genotyped. For example, a GWAS follow-up experiment involving regional re-
sequencing of 100 samples followed by large scale genotyping in thousands of
samples. This is a labor intensive and expensive undertaking, and so improving
the efficiency of genotyping for fine mapping is of obvious interest. If it were pos-
sible to use the resequenced samples as a reference panel for imputation, it might
be possible to confidently exclude the need to genotype certain SNPs. In many of
the fine-mapping regions we genotyped, the large majority of SNPs showed es-

sentially no signal. While we don’t expect that imputation could very accurately
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identify the most associated 1% of SNPs, a more modest task such as marking 1/3
of SNPs in the region as extremely unlikely to be in the most associated 10% of
SNPs, seems plausible and worth investigating. The data from the fine-mapping
pilot provides a great resource for empirically comparing approaches in this con-
text, as the 14 regions span the spectrum of allele frequency, effect size, region
size, region complexity, and also span multiple disorders. We have undertaken an
detailed investigation of imputation for increasing fine-mapping efficiency, look-
ing at several reference panels including regional resequencing, HapMap, 1000

Genomes project data, and fine-mapping genotype data.

4.5.1 Excluding SNPs From Credible Sets

We undertook to evaluate the possibility of excluding SNPs based on GWAS im-
putation with dense reference panels. Our primary strategy was to filter the im-
puted data based on various posterior thresholds, and then look at how accurately
SNPs were excluded. After imputing the data, we used SNPTEST (Marchini et al.,
2007) to generate log; Bayes Factors (as described previously), and then, for each
region, calculated the proportion of posterior assigned to each SNP. We then tried
excluding SNPs at various thresholds. For each threshold, we then calculated the
proportion of these excluded SNPs present in the 95% credible set from the real
fine mapping genotypes. The closer this proportion gets to zero, the better the
exclusion method is performing.

One challenge in this evaluation is in interpreting the results across regions.
As discussed in the fine mapping chapter, we had limited ability to observe clear

signal in some of the regions. For regions where we have sufficient samples and
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the effect size is relatively large (eg. FTO, TCF7L2; See Chapter 2 for a detailed
discussion), the 95% credible sets are fairly small (< 10% of SNPs in the region).
In these regions, the SNPs in the 95% credible set will generally be strongly asso-
ciated and thus clearly differentiated from the non-associated SNPs. However, in
regions where the signal is weak and/or there is substantial LD, the 95% credible
set will include some or many SNPs with a very small proportion of posterior.

Tables 4.1, [4.2] and [.3] show the results of this analysis. Table [4.1] shows
the results for excluding in the 1000 genomes imputed data, Table for the
genotype reference panel and Table [{.3|for the HapMap?2 reference panel.We did
not include the locally resequenced reference panel in this evaluation due to the
limited number of regions available.

The results of this analysis for the genotyped reference panel are striking.
We considered imputation with this reference as our “best case” scenario, and in
this evaluation, the performance appears to be quite impressive. The regions are
divided almost exactly along the lines of our ability to observe/refine the signal
(along the lines of the discussion in Chapters 2 and 3). For the regions where we
clearly observe the association signal, in seven out of eight regions we exclude
at least 55% of imputed SNPs at a posterior weight threshold of 0.005, with only
a single mistake in CTLA4 (i.e. excluded SNP in the 95% credible set in the
real FM results). These seven regions are CDKN2A/B CAD/T2D, FTO, HHEX,
CDKALI, TCF7L2, CTLA4. This corresponds to a total of 1877 SNPs excluded
for these regions, out of a total of 2140, which corresponds to 88% of imputed
SNPs excluded. For the 1000 genomes reference panel, the numbers are nearly as
encouraging. For the same posterior weight threshold, 1616 SNPs are excluded

out of 1805, corresponding to 90% of imputed SNPs excluded. The error rate
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is very slightly higher, with seven of the excluded SNPs appearing in the 95%
credible sets in the real data. This result is arguably much more encouraging than
that obtained via the genotyped reference panel, as the 1000 genomes imputation

more accurately reflects how this approach would be applied in practice.

4.6 Discussion

The results for the genotyped reference panel imputation suggest that using im-
putation to fine map associated regions will present considerable challenges, if it
is at all possible. From the signal plots and particularly from the step plots, it
becomes clear that there is considerable variability in terms of accuracy and cov-
erage among the most strongly associated SNPs. The average posterior captured
across regions is relatively low, even for the best-case genotyped reference panel.
For the other reference panels the results are even less encouraging, both in terms
of coverage and accuracy for potentially causal SNPs. While some regions do
appear substantially better imputed than others, an investigator attempting to use
imputed data for fine mapping has no good a-priori way of predicting the perfor-
mance for a particular region. This may improve for denser imputation targets
as genotyping density increases, and as resequencing data is rapidly improving in
accuracy while the cost is also rapidly dropping.

The attempt to improve efficiency via SNP exclusion seems to hold more
promise, for both the genotyped reference panel as well as the 1000 genomes
and HapMap references. Our results suggest that fine mapping genotyping ex-
periments could realistically substantially limit the number of SNPs per region.

Among the benefits of such an approach would be reduced cost for the experiment,
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an order-of-magnitude increase in the number of regions that could be surveyed as
well as the possibility of targeting the SNPs identified with multiple proxies that
might not have otherwise been included for cost or other reasons. It would also be
possible to substantially increase the number of samples involved in a fine map-
ping study. Given the results of our fine mapping efforts (described in previous

chapters), this possibility is perhaps the most exciting.
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Figure 4.18: Step plots for imputed posterior weight at fine mapping SNPs. In each region, for each SNP (x-axis)
in the 95% credible set in the real fine mapping results, the imputed posterior (y-axis) is shown cumulatively.
Each region contains a series for each of the reference panels (Genotyped, 1000 genomes, HapMap and where
applicable, Resequencing).
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Figure 4.19: For each region and reference panel, the proportion of imputed pos-
terior assigned to SNPs in the 95 % credible set in the real FM genotype data,
shown on the left vertical axis. Each blue diamond corresponds to a particular
region imputed from a particular reference panel. Reference panel is indicated by
the horizontal axis. For each reference panel, the average value across regions is
indicated by the red triangle.
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Figure 4.20: For each region and reference panel, the proportion of imputed pos-
terior assigned to SNPs in the 95 % credible set in the real FM genotype data,
shown on the left vertical axis. Each blue diamond corresponds to a particular
region imputed from a particular reference panel. Reference panel is indicated by
the horizontal axis. For each reference panel, the average value across regions is
indicated by the red triangle. Black lines link individual regions across reference
panels.
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Region Exclusion ~ SNP Imputed Excluded Wrongly Proportion Prop.

threshold count SNPs SNPs excluded excluded wrongly
excluded
SORTI 0.001 230 162 0 0 0 0
0.005 230 162 26 0 0.11 0
1/nSNPs 230 162 148 41 0.64 0.28
CDKN2A/B  0.001 518 279 246 0 0.48 0
0.005 518 279 263 1 0.51 0.01
1/nSNPs 518 279 271 2 0.52 0.01
CDKN2A/B  0.001 514 279 252 2 0.49 0.01
0.005 514 279 257 3 0.5 0.01
1/nSNPs 514 279 259 3 0.50 0.01
CXCLI2  0.001 362 282 0 0 0 0
0.005 362 282 44 1 0.12 0.02
1/nSNPs 362 282 252 157 0.70 0.62
1¢41 0.001 353 305 0 0 0 0
0.005 353 305 39 5 0.11 0.13
1/nSNPs 353 305 253 146 0.72 0.58
2436 0.001 342 187 103 15 0.30 0.15
0.005 342 187 108 18 0.32 0.17
1/nSNPs 342 187 119 24 0.35 0.20
FTO 0.001 206 134 80 0 0.39 0
0.005 206 134 82 0 0.40 0
1/nSNPs 206 134 102 4 0.50 0.04
HHEX 0.001 559 380 319 0 0.57 0
0.005 559 380 355 1 0.64 0
1/nSNPs 559 380 363 2 0.65 0.01
CDKALI  0.001 496 352 297 2 0.60 0.01
0.005 496 352 309 2 0.62 0.01
1/nSNPs 496 352 326 8 0.66 0.03
TCF7L2 0.001 156 120 107 0 0.69 0
0.005 156 120 109 0 0.70 0
1/nSNPs 156 120 112 0 0.72 0
JAZF1 0.001 338 235 0 0 0 0
0.005 338 235 55 26 0.16 0.47
1/nSNPs 338 235 216 133 0.64 0.62
CTLA4 0.001 292 261 240 0 0.82 0
0.005 292 261 241 0 0.83 0
1/nSNPs 292 261 245 0 0.84 0
CD25 0.001 425 282 32 0 0.08 0
0.005 425 282 222 35 0.52 0.16
1/nSNPs 425 282 267 60 0.63 0.23
FCRL3 0.001 606 377 229 12 0.38 0.05
0.005 606 377 322 61 0.53 0.19
1/nSNPs 606 377 344 81 0.57 0.24

Table 4.1: Exclusion from 95% causal set (1000 Genomes). For each region, the total
number of genotyped SNPs is shown, followed by the number of QC-passing imputed
SNPs. Posterior weights are generated for the imputed SNPs, which are then filtered
based on the specified exclusion threshold. The Excluded SNPs column shows how many
SNPs have a posterior weight below the threshold (and thus excluded). Wrongly excluded
shows the number of these excluded SNPs which appear in the 95% credible set in the
real FM results. Proportion excluded is the proportion of Imputed SNPs that are excluded.
Proportion wrongly excluded is the proportion of excluded SNPs which are present in the
real 95% credible set. 152
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Region Exclusion ~ SNP Imputed Excluded Wrongly Proportion Prop.

threshold count SNPs SNPs excluded excluded wrongly
excluded
SORTI 0.001 230 174 0 0 0 0
0.005 230 174 0 0 0 0
1/nSNPs 230 174 162 40 0.70 0.25
CDKN2A/B  0.001 518 373 259 0 0.5 0
0.005 518 373 333 0 0.64 0
1/nSNPs 518 373 357 1 0.69 0
CDKN2A/B  0.001 514 373 332 0 0.65 0
0.005 514 373 342 0 0.67 0
1/nSNPs 514 373 350 0 0.68 0
CXCLI2  0.001 362 297 0 0 0 0
0.005 362 297 0 0 0 0
1/nSNPs 362 297 207 114 0.57 0.55
1¢41 0.001 353 319 0 0 0 0
0.005 353 319 6 0 0.02 0
1/nSNPs 353 319 239 126 0.68 0.53
2436 0.001 342 264 168 8 0.49 0.05
0.005 342 264 179 18 0.52 0.10
1/nSNPs 342 264 187 20 0.55 0.11
FTO 0.001 206 171 114 0 0.55 0
0.005 206 171 114 0 0.55 0
1/nSNPs 206 171 135 0 0.66 0
HHEX 0.001 559 456 412 0 0.74 0
0.005 559 456 417 0 0.75 0
1/nSNPs 559 456 420 0 0.75 0
CDKALI  0.001 496 399 327 0 0.66 0
0.005 496 399 334 0 0.67 0
1/nSNPs 496 399 361 0 0.73 0
TCF7L2 0.001 156 130 117 0 0.75 0
0.005 156 130 118 0 0.76 0
1/nSNPs 156 130 122 0 0.78 0
JAZF1 0.001 338 280 0 0 0 0
0.005 338 280 0 0 0 0
1/nSNPs 338 280 220 140 0.65 0.64
CTLA4 0.001 292 238 218 1 0.75 0.01
0.005 292 238 219 1 0.75 0.01
1/nSNPs 292 238 221 1 0.76 0.01
CD25 0.001 425 315 25 0 0.06 0
0.005 425 315 251 22 0.59 0.09
1/nSNPs 425 315 285 47 0.67 0.17
FCRL3 0.001 606 410 220 5 0.36 0.02
0.005 606 410 338 43 0.56 0.13
1/nSNPs 606 410 362 66 0.60 0.18

Table 4.2: Exclusion from 95% causal set (Genotyped Reference Panel). For each region,
the total number of genotyped SNPs is shown, followed by the number of QC-passing
imputed SNPs. Posterior weights are generated for the imputed SNPs, which are then fil-
tered based on the specified exclusion threshold. The Excluded SNPs column shows how
many SNPs have a posterior weight below the threshold (and thus excluded). Wrongly
excluded shows the number of these excluded SNPs which appear in the 95% credible
set in the real FM results. Proportion excluded is the proportion of Imputed SNPs that
are excluded. Proportion wrongly excluded is the proportion of excluded SNPs which are
present in the real 95% credible set. 153
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Region Exclusion ~ SNP Imputed Excluded Wrongly Proportion Prop.

threshold count SNPs SNPs excluded excluded wrongly
excluded
SORTI 0.001 230 126 0 0 0 0
0.005 230 126 0 0 0 0
1/nSNPs 230 126 115 36 0.5 0.31
CDKN2A/B  0.001 518 296 39 0 0.08 0
0.005 518 296 261 0 0.50 0
1/nSNPs 518 296 274 2 0.53 0.01
CDKN2A/B  0.001 514 295 279 6 0.54 0.02
0.005 514 295 279 6 0.54 0.02
1/nSNPs 514 295 279 6 0.54 0.02
CXCLI2  0.001 362 281 0 0 0 0
0.005 362 281 45 1 0.12 0.02
1/nSNPs 362 281 254 158 0.70 0.62
1¢41 0.001 353 305 0 0 0 0
0.005 353 305 48 5 0.14 0.10
1/nSNPs 353 305 235 129 0.67 0.55
2436 0.001 342 246 164 13 0.48 0.08
0.005 342 246 175 20 0.51 0.11
1/nSNPs 342 246 183 22 0.54 0.12
FTO 0.001 206 128 93 5 0.45 0.05
0.005 206 128 105 12 0.51 0.11
1/nSNPs 206 128 122 23 0.59 0.19
HHEX 0.001 559 383 341 0 0.61 0
0.005 559 383 356 0 0.64 0
1/nSNPs 559 383 369 2 0.66 0.01
CDKALI  0.001 496 348 280 1 0.57 0
0.005 496 348 291 1 0.59 0
1/nSNPs 496 348 304 1 0.61 0
TCF7L2 0.001 156 119 104 0 0.67 0
0.005 156 119 109 1 0.70 0.01
1/nSNPs 156 119 111 1 0.71 0.01
JAZF1 0.001 338 238 0 0 0 0
0.005 338 238 35 9 0.10 0.26
1/nSNPs 338 238 219 135 0.65 0.62
CTLA4 0.001 292 267 244 0 0.84 0
0.005 292 267 248 1 0.85 0
1/nSNPs 292 267 253 1 0.87 0
CD25 0.001 425 284 240 35 0.57 0.15
0.005 425 284 273 65 0.64 0.24
1/nSNPs 425 284 278 70 0.65 0.25
FCRL3 0.001 606 3717 205 6 0.34 0.03
0.005 606 377 311 48 0.51 0.15
1/nSNPs 606 377 340 75 0.56 0.22

Table 4.3: Exclusion from 95% causal set (HapMap2). For each region, the total number
of genotyped SNPs is shown, followed by the number of QC-passing imputed SNPs.
Posterior weights are generated for the imputed SNPs, which are then filtered based on the
specified exclusion threshold. The Excluded SNPs column shows how many SNPs have
a posterior weight below the threshold (and thus excluded). Wrongly excluded shows
the number of these excluded SNPs which appear in the 95% credible set in the real
FM results. Proportion excluded is the proportion of Imputed SNPs that are excluded.
Proportion wrongly excluded is the proportion of excluded SNPs which are present in the
real 95% credible set. 154



Chapter 5

Discussion and next steps

5.1 Fine Mapping Results

Our fine mapping of GWAS loci that I have described in this thesis suggest that
follow-up of GWAS hits will typically not be straightforward, but that, at least
in some cases, genetic approaches can help to refine the signal from the original
GWAS, prior to functional studies. The Bayesian statistical approaches for as-
signing posterior probabilities and credible sets of causal SNPs were efficient in
interpreting the data for these regions. In addition to the detailed analyses of the
particular fine mapping regions described in Chapters 2 and 3, there are several
general conclusions to be made from the overall fine mapping experiment. Al-
though it is obvious that the sample size for such an experiment should depend on
the true effect size, the experience in this study is that in all cases where the orig-
inal GWAS signal was relatively weak, fine mapping failed to add greatly to the
resolution of the signal for experiments of our size (2000 cases and in effect 4000

or 6000 controls). Had the modest GWAS signal in these regions resulted from
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poor tagging of a variant with a larger effect size, this fine mapping experiment
would have been powered to find the larger-effect variant (if it were genotyped or
tagged well), but this did not occur in any region. Given this I conclude that for
FM experiments at GWAS loci for complex disease with typical effect sizes (say
RR of 1.2 and below) much larger experiments than the ones described here would
be prudent. In half the investigated regions, fine mapping eliminated the vast ma-
jority of SNPs as potential causal variants underlying the association study. In
these regions, it typically remained the case that there was a collection of SNPs
which might still be causal. In virtually all of these cases, the top SNPs after
fine mapping were different from those from the GWAS experiment, so that the
fine mapping experiment added substantial new information. In only two cases,
corresponding to the two strongest association signals in the original study did the
post-fine mapping evidence concentrate on a single SNP. It is striking that amongst
the 109 SNPs in the 95% credible regions of the seven regions where fine mapping
eliminated many of the SNPs, none had obviously compelling conventional func-
tional annotations. This adds to evidence that the mechanisms underlying GWAS
signals may often be different from those associated with standard annotations in
genome browsers. In their current status, annotations as to histone modifications
or chromatin accessibility did not seem to be particularly helpful in separating
interesting SNPs, but this position could change as these annotations are devel-
oped and refined. It is also important to highlight that functional consequence of
specific variation is still not characterized on a very fine level. The functional an-
notation is often based on computer-based algorithms, which is a great first step
towards a better understanding of the functional impact of variation but cannot

replace actual investigations. It is possible, though not very likely, that we miss or
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under appreciate functional consequence of the queried variants due to this.

5.2 Next steps in fine mapping

5.2.1 Custom designed genotyping arrays

Metabochip, Immunochip and similar custom designed genotyping arrays present
a cost-effective strategy to follow-up and fine-map large-scale association stud-
ies (Voight et al., 2012)) (Cortes and Brown, 2011). On Metabochip, 122,241
SNPs to fine-map 257 loci which showed genome-wide significant evidence for
association with one or more of the 23 traits were selected from the catalogues
of the International HapMap Project and the August 2009 release of the 1000
Genomes Project and contributed results for the design of the chip. Immunochip
contains 196,524 variants across 186 known autoimmunity risk loci (Cortes and
Brown, 2011)) (Liu et al., 2012)). While success using these custom arrays for fine
mapping is dependent on the presence of genetic variants, especially the causal
ones, on the array. One weakness is that many rare variants have yet to be iden-
tified, they might be population specific, and are thus not represented on these
chips. Genotyping rare variants is a non trivial process and a proportion of the
rarer variants will inevitably not be accurately genotyped by the chip and fail QC
and thus not be queried for fine mapping purpose and cause false negative results.
Despite these cautions these arrays have started to yield interesting results and

first steps towards identifying causal variants (Liu et al., 2012).
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5.2.2 1000 Genomes imputation efforts in large consortia

With the nearing completion of the 1000Genomes sequencing, the catalogue of
variants (both common and low frequency) is substantially expanded. Using the
1000G reference panels will allow the imputation of these variants into large sam-
ple sizes for various traits and first stage fine mapping, often paired with con-
ditional analysis, is starting to emerge from these efforts. Also, methods for
conditional analysis that can use summary-level statistics from a meta-analysis
of GWAS in combination with estimated LD data from individual-level genotype
data in an independent reference sample make these types of analysis significantly
easier (Yang et al., 2012). While a useful tool in many cases (Liu et al., 2010),
imputation has limitations in regions of low LD and for variants with lower fre-
quency. While this is an obvious cost effective first step but will not provide any

an answer in every associated region.

5.2.3 Trans-ethnic finemapping

As it is difficult to differentiate functional variation when there is high LD across
a region there is much attention focusing on trans-ethnic fine mapping as a pos-
sible solution. Populations with lower LD are ideal here as the associated vari-
ants are likely to be closer to the true causal variant in these populations (Teo
et al., 2010). But even here it can be hard to narrow down the number of possi-
ble causative markers to a reasonable number. Success is susceptible to regions
where risk variants differ in occurrence across populations, where diseases and
traits have differences in frequencies between populations or where risk variants

contribute different effect sizes in populations (Rosenberg et al., 2010). As a
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proof of principal, a recent study of serum protein concentrations European meta-
analysis was combined with data from a GWAS of Japanese ancestry (Frances-
chini et al., 2012). When looking at the evidence of heterogeneity in allelic effects
between ethnic groups, through comparison of association BF under a Bayesian
partition model, no large differences for these nine loci were found between the
groups of European and Japanese ancestry. The authors used our methods to eval-
uate ‘“‘credible sets” with the strongest signals of association and therefore the
most likely to be causal (or tagging an unobserved causal variant), on the basis
of European-ancestry GWAS only and then after inclusion of the Japanese study.
They observed that the resolution of fine mapping of potential causal variants was

increased by leveraging transethnic differences in the distribution of LD.

5.2.4 Functional fine mapping

Another, parallel and complementary, avenue to try to identify the causal vari-
ant(s) is to integrate the genetic variants in the fine mapped region with gene
expression data and other disease relevant intermediate phenotypes (non coding
RNA, mRNA, methylation levels etc.). This could potentially help prioritize fine-
mapping efforts and provide a shortcut to biology. However, this is a non-trivial
task as the statistics involved are challenging and the success of this is dependent
of having all markers from the fine mapping study typed in the samples that also
have the genomic data and intermediate phenotypes. This requires access to the
right tissue in large enough sample sizes to perform a well-powered study, which
is usually the biggest challenge, in parallel with relatively high costs of these stud-

ies (Nica and Dermitzakis, 2008)).
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5.3 Conclusion

In conclusion, in this thesis I have described my work and relevant literature
around fine mapping and imputation. I outline and discuss the possibilities and
challenges to identify causal variants for complex traits through fine mapping. The
work included, together with emerging data from other research groups, shows
that fine mapping is feasible and informative to move robust GWAS signals closer

to a causative culprit.
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