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Abstract

Genome-wide association studies (GWAS) exploit the correlation in ge-
netic diversity along chromosomes in order to detect effects on disease risk
without having to type causal loci directly. The inevitable downside of this
approach is that, when the correlation between the marker and the causal
variant is imperfect, the risk associated with carrying the predisposing al-
lele is diluted and its effect is underestimated. This thesis explores four
different facets of this risk dilution: (1) estimating true effect sizes from
those observed in GWAS; (2) asking how the context of a GWAS, including
the population studied, the genotyping chip employed, and the use of im-
putation, affects risk estimates; (3) assessing how often the best-associated
SNP in a GWAS coincides with the causal variant; and (4) quantifying how
departures from the simplest disease risk model at a causal variant distort
the observed disease risk model.

Using simulations, where we have information about the true risk at
the causal locus, we show that the correlation between the marker and
the causal variant is the primary driver of effect size underestimation. The
extent of the underestimation depends on a number of factors, including the
population in which the study is conducted, the genotyping chip employed,
whether imputation is used, and the strength, frequency, and disease model
of the risk allele. Suppose that a GWAS study is conducted in a European
population, with an Affymetrix 6.0 genotyping chip, without imputation,

and that the causal loci have a modest effect on disease risk, are common in



the population, and follow an additive disease risk model. In such a study,
we show that the risk estimated from the most associated SNP is very close
to the truth approximately two-thirds of the time (although we predict
that fine mapping of GWAS loci will infrequently identify causal variants
with considerably higher risk), and that the best-associated variant is very
often perfectly or nearly-perfectly correlated with, and almost always within
0.1cM of, the causal variant. However, the strong correlations among nearby
loci mean that the causal and best-associated variants coincide infrequently,
less than one-fifth of the time, even if the causal variant is genotyped. We
explore ways in which these results change quantitatively depending on
the parameters of the GWAS study. Additionally, we demonstrate that
we expect to identify substantial deviations from the additive disease risk
model among loci where association is detected, even though power to detect
departures from the model drops off very quickly as the correlation between
the marker and causal loci decreases. Finally, we discuss the implications

of our results for the design and interpretation of future GWAS studies.
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Introduction

Trait variation in human populations, including disease status, shows correlation be-
tween relatives, suggesting an underlying genetic contribution. To the extent that it
is known, the number and frequency of alleles contributing to variation — sometimes
referred to as the “allelic spectrum” of a trait — varies greatly between diseases (Reich
& Lander, 2001). At one end of the spectrum are single-gene Mendelian diseases like
Huntington disease, in which a mutant protein in the HTT gene caused by too many
CAG repeats is necessary and sufficient to cause the disease (Walker, 2007). At the
other end of the spectrum are complex diseases, such as breast cancer, Crohn’s disease,
and type 2 diabetes, which are influenced both by genetic and environmental factors
and do not exhibit Mendelian patterns of inheritance in general.

Identifying the genetic factors that underlie disease is of intrinsic biological interest,
potentially of crucial importance to the development of new treatments (Hamburg &
Collins, 2010) and has been an area of intense research activity for the past thirty years.
Different approaches have been successful for different sorts of diseases. In order to set
the context we briefly summarise these approaches, but for more detail, see Altshuler
et al. (2008).

Genetic mapping, which correlates genetic and trait variation without the require-
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ment of a biological hypothesis, was first developed in model organisms, but was not
made possible in humans until the 1980s (Altshuler et al., 2008). Botstein et al. (1980)
suggested using naturally occurring genetic variation to identify regions tied to disease
inheritance. Two loci in the genome are referred to as “linked” if they are inherited
together more than would be expected under independence. Genetic linkage maps
correlate polymorphic loci with regions of the genome that are linked in this way.
Linkage studies examine affected families looking for regions shared more than would
be expected by chance among affected individuals. The statistic that measures the
degree of linkage is variable across the genome simply by chance (Lander & Kruglyak,
1995). A lod score, which computes the ratio of probabilities under a model of linkage
and under the null hypothesis of no assortment, can be used to determine if a given
region is shared more than expected by chance. Lander & Kruglyak (1995) argued
that the threshold stringent enough to prevent non-replicable findings yet low enough
to yield results was a lod score of 3.6-4, depending on study design. Linkage studies
have been very successful in the identification of Mendelian disease genes (Hirschhorn
& Daly, 2005)!, with specific loci identified for over 2800 disorders (McKusick-Nathans
Institute of Genetic Medicine & National Center for Biotechnology Information). The
results of linkage studies suggested that the candidate gene approach was inadequate,
because most identified genes had not been previously suspected (Altshuler et al., 2008).
Despite attempts to extend this method beyond Mendelian diseases, the linkage
approach failed in the main to detect many loci associated with complex diseases
(Altmiiller et al., 2001). Risch & Merikangas (1996) and others pointed out that linkage
analysis is less powerful than genome-wide association for detecting common genetic
variants with small effects. For a number of years, researchers tried to pursue this
observation in candidate gene studies, but these proved largely unsuccessful and often

produced putative associations that failed to replicate for a number of reasons, perhaps

'The reader is referred to Teare & Barrett (2005) for a fuller review of linkage studies.



most importantly, small sample size and lack of power to detect variants of small effect
(Altshuler et al., 2008). Whether common variants would play a role was a matter of
some debate. The positive hypothesis is referred to as the common disease common
variant (CD/CV) hypothesis. Modest-sized common variants are expected in many
complex diseases under a model in which disease arises as a result of an interplay be-
tween multiple genetic and environmental factors (Wang et al., 2005). Given that many
complex diseases, such as type 2 diabetes, have increased in incidence over a period of
a few decades, this model seemed plausible. Additionally, a number of theoretical argu-
ments have used population genetics to justify an allelic architecture in which common
variants contribute to disease susceptibility (Pritchard, 2001; Reich & Lander, 2001).

Recently, another type of genetic mapping, called a genome-wide association study,
has proved successful at identifying common variants that contribute to complex dis-
eases. Consistent with the CD/CV hypothesis, within the last few years, genome-wide
association studies (GWAS) have uncovered a panoply of common genetic variants that
predispose to disease (Hindorff et al., 2010; Manolio et al., 2008). At its most basic,
an association study seeks to compare allele frequencies in cases and controls. There
are approximately 3 billion bases in the human genome, and an estimated 10 million
common variants (Altshuler et al., 2008). As it turns out, it is unnecessary to test
each variant separately for association with disease, because common variants are cor-
related with one another. The GWAS method exploits this correlation structure in the
genome to test a subset of common variants that serve as proxies for their neighbours.
This aspect of the method means that the associated variants are unlikely to be causal
themselves, but are correlated with the causal variants. This thesis explores what we
can learn about the underlying causal variants on the basis of GWAS findings.

This chapter will focus on the GWAS method in more detail. First we review some
results that were important to the development of GWAS. We then discuss method-

ological considerations, including ways in which allele frequency differences can arise
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between cases and controls that are not due to genetic variation contributing to disease.
A summary of GWAS findings is presented. Finally, we define and describe statistical

methods germane to the GWAS method and to the later chapters of this thesis.

1.1 Linkage disequilibrium

An extension of the idea of linkage is the concept of linkage disequilibrium, the cor-
relation of alleles at nearby loci in the genome. In the same way that two loci are
“linked” if they are inherited together more often than expected, two loci are in “link-
age disequilibrium” (LD) if particular alleles at these loci appear together on the same
chromosome in the population more often than expected under independence.

We will use an example drawn from Donnelly (2006) to illustrate how such corre-
lation might emerge. Figure 1.1 illustrates the following scenario. Suppose a mutation
arises at locus L; back in time that changes an ancestral A to a T allele. Then sup-
pose, sometime later, at a locus Ly on a chromosome with an A allele, a novel mutation
arises, changing a C' allele to a G allele. This mutation then spreads through the popu-
lation (otherwise we would not observe it today). Unless there is a recombination event
between Li and Lo on one of these chromosomes, a G allele at Lo will be predictive of
an A allele at Lq since the G mutation originally occurred on a chromosome with an
A allele. So long as the rate of mutation, the rate of recombination per meiosis, and
the number of generations between individuals and their most recent common ances-
tor are all low, the ancestral haplotype background will be inherited in the way just
described, and nearby SNPs will tend to be inherited together (Manolio et al., 2008).
Recombination is neither randomly nor uniformly distributed across the genome but
occurs especially often at small regions termed “recombination hotspots” (Myers et al.,
2005). As a consequence, patterns of LD in the genome are complicated.

A single nucleotide polymorphism (SNP) is a site in the genome at which individuals
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Figure 1.1: Linkage disequilibrium example - The figure shows two mutations at loci
L1 and Lo on ancestral haplotypes, at times ¢; and ¢5. In the absence of a recombination
event, a G allele on the observed haplotype at Lo is predictive of an A allele at L.

in a population differ by a single nucleotide base. SNPs are defined as “common”
if the frequencies of each of the alleles exceed 1% in the population, and most are
biallelic, meaning that there are two observed variants, or alleles, at the site (Manolio
et al., 2008). Accordingly, for the purposes of this thesis, we will assume that all
SNPs are biallelic. Strong correlations between nearby SNPs mean that commercially
available genotyping chips, which assay 300,000 - 1,000,000 SNPs, can capture much
of the common variation in the human genome, particularly in Caucasian populations
(International HapMap Consortium, 2007). The HapMap project catalogued these
correlations systematically (International HapMap Consortium, 2005).

In its first phase, the HapMap Project aimed to genotype at least one common SNP
in every 5 kilobases (kb) in the genome (International HapMap Consortium, 2005).
In addition, a representative collection of ten regions, each approximately 500kb in

length, was examined as part of the ENCODE Project (ENCODE Project, 2004). These
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regions were resequenced in 48 individuals in order to get a fuller picture of common
variation in these regions, and the chromosomes were subsequently genotyped at all
newly discovered SNPs as well as those already in the dbSNP database. The ENCODE
regions confirmed a view of the genome in which nearby common variants are highly
correlated, separated by recombination hotspots (International HapMap Consortium,
2005). Figure 1.2 shows a graphical depiction of LD in two of the ten ENCODE
regions, which illustrates the concept of highly correlated ‘blocks’ of LD broken by
recombination hotspots. Quite a lot of data exists on empirical patterns of LD in the
human genome; for a review of this literature see, for example, Pritchard & Przeworski
(2001), as well as International HapMap Consortium (2005) and Myers et al. (2005).
Here we introduce two commonly used measures of the LD between two nearby
SNPs: r2 and D’. Let us return to our previous example of loci L; and Ls. Unless
there is a recombination event between L1 and Lo then the G allele at L is predictive
of an A allele at L;. Now suppose that a recombination event does occur. Then the
prediction will no longer be perfect. The r? measure lets us quantify the precision of
the prediction. Considering haploid chromosomes separately, if we think of SNPs as
associated to random variables (taking the values 0 if the minor allele is not present
and 1 if it is) at two sites in the genome, then 72 is the squared correlation coefficient
between these random variables (Chen et al., 2006). Suppose two SNPs A and B have

minor alleles a and b at frequencies p and ¢. Then 72 can be calculated as,

(Pr(a,b) — pq)®
pg(1—p)(1—q)’

r2(A,B) =

where Pr(a,b) is the probability of alleles a and b appearing together on the same
chromosome in the population. Note that the earlier choice of the minor allele was

arbitrary.
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Figure 1.2: Linkage disequilibrium in two ENCODE regions - This figure, from
International HapMap Consortium (2005), shows a comparison of LD (measured by D’)
and recombination. Red indicates no evidence of recombination. Below each of the plots,
blue and green lines indicate intervals where recombination events must have occurred.

Finally, the bottom plots show estimated recombination rates, with hotspots depicted as
red triangles.
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The D’ statistic, defined in Lewontin (1964), is given by,

p4) if Pr(a,b) —pg <0,

—pa) if Pr(a,b) — pg > 0.

As discussed in Pritchard & Przeworski (2001), D’ and r? behave very differently. As
an example of how the two measures can differ, let’s return to our earlier example and
suppose again that there is no recombination between loci L; and Lo, so that they
share the same genealogical tree. Whereas the 72 between L; and Lo will be 1 if and
only if the mutations A — T and C — G occur on the same branch of the tree, D’ will
still be 1 even if the mutations occur on different branches. We choose to describe our
results with the r? statistic because it arises naturally in the association study context

when comparing the information captured at the marker SNP to the information at

the causal SNP (Pritchard & Przeworski, 2001).

1.2 Methodological considerations in GWAS

Genome-wide association studies (GWAS) seek to identify loci harbouring genetic vari-
ants that affect disease susceptibility by comparing allele frequencies in healthy and
sick individuals at common genetic polymorphisms. Since GWAS test differences in
allele frequencies in case and control populations, any systematic differences between
these samples, aside from disease status, have the potential to create artificial associ-
ation signals. Here we review some of the sources of artefacts and point to references

for methods developed to circumvent them.

1.2.1 Avoiding artefacts

Some of the potential sources of false positives due to systematic differences include pop-

ulation stratification and differences in genotyping between cases and controls (Hirschhorn
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& Daly, 2005). Population stratification can create false association signals, either be-
cause of the manner in which controls are sampled, or if one ancestry group carries
higher disease risk and is therefore over-represented in cases (Marchini et al., 2004;
Wellcome Trust Case Control Consortium, 2007).

Several methods, including the model-based clustering program STRUCTURE (Pritchard
et al., 2000) and the use of principal components, were developed to detect population
stratification on the basis of markers spread throughout the genome. Suggestions have
been put forward for how to correct for structure, when it exists, in the GWAS context
(see, for example, Devlin & Roeder (1999), which describes the method of genomic
control, and Price et al. (2006), which proposes a correction based on principal com-
ponents analysis). In practice, population structure has not been a major problem in
many GWAS studies (Wellcome Trust Case Control Consortium, 2007).

Finally, differences in genotyping technologies, nonrandom genotyping failure, or
differential bias in genotyping scoring, as reported in Clayton et al. (2005), can create
false positive associations. Ideally, cases and controls would be typed at the same
facility with the same technology on the same plates to minimize the potential for
this bias. Checking cluster plots visually is another way to guard against these effects
(Wellcome Trust Case Control Consortium, 2007).

Other challenges to the GWAS method, which will not be detailed here, include
phenotypic heterogeneity, and differing environmental backgrounds (McCarthy et al.,
2008; Newton-Cheh & Hirschhorn, 2005). Due to the large number of sites tested in a
GWAS, the potential for false positive results must be taken into account. Stringent
p-values, together with large numbers of cases and controls and replication studies,

reduce the probability that an identified locus is a false positive.
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1.3 Variants discovered by GWAS have small effects

Most loci discovered by GWAS have small effects (Hindorff et al., 2010; Manolio et al.,
2008). Figure 1.3 shows the distribution of effect sizes from the NHGRI GWAS Cata-
logue. The dip in the histogram near to 1 is expected to be a result of the limitation
in power to detect even smaller effects due to current sample sizes (Gibson, 2010). The
effect size distribution of loci discovered in GWAS contrasts with that of loci discovered
in linkage studies, and Mendelian disease genes more generally.

As an example of the contrast between Mendelian disease gene effects and those
discovered by GWAS, consider the frequencies and effect sizes of rare mutations known
to confer susceptibility to breast cancer with GWAS variants. The mutations in the
BRCA1 and BRCA2 genes that predispose to a Mendelian breast cancer subtype have
frequencies of less than 1% and those who have these mutations are approximately 8
times more likely than someone without the mutation to develop the disease in their
lifetimes (Easton, 1999). GWAS have discovered 18 common loci with mean frequency
31% in the population with a mean increase in risk of 1.13-fold over the population
prevalence of 1 in 9 (Turnbull et al., 2010). In contrast to the setting of breast cancer,
in which the BRCA genes contribute significantly to the explained familial inheritance,
known common variants contribute more than known rare variants to the genetic vari-
ance of hypertriglyceridemia (Johansen et al., 2010).

What to make of these results has been the subject of intense debate in the past few
years, with a wide range of views. At one end of this spectrum, there is great scepticism
about the role of common variants in disease risk (Goldstein, 2009; McClellan & King,
2010). At the other end of the spectrum, the number and variety of new biological clues
for disease mechanism is celebrated (Hirschhorn, 2009; Manolio et al., 2008). While this
debate is beyond the scope of this thesis, we note that it provides impetus for trying

to understand the true effect sizes of those variants causing disease association signals.

10
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Figure 1.3: Effects discovered by GWAS - The distribution of effect sizes from
GWAS studies published prior to March 2010. Effect sizes were culled from the NHGRI
GWAS Catalog, available at www.genome.gov/gwastudies (see Hindorff et al. (2010) for
a discussion of the catalog).
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1. INTRODUCTION

1.4 Statistical methods

We now briefly review some of the statistical methods used in GWAS; for a fuller
discussion of these and other methods, see Balding (2006). This is by no means a
comprehensive overview, since it covers only those methods which we employ later to
mimic a standard GWAS design. For further information on Bayesian methods for
association testing, see Stephens & Balding (2009). In addition to the tests we will
discuss below, Purcell et al. (2007) discuss identity-by-state and identity-by-descent
information and how to exploit it in association analysis. Association testing in concert
with haplotype phasing has also been performed in the Icelandic population (Kong
et al., 2009), and many other methods for detecting association have been proposed.
We review those methods that have been widely adopted, in addition to introducing a

few others that we will use throughout the thesis.

1.4.1 Disease risk models

A disease risk model relates the disease risk to the number of copies of a putative
disease-causing allele. Let p be the probability of developing the disease and let G be
genotype, expressed in terms of the number of copies of the allele in question. One

common parameterisation of the disease risk model is then,

log(;2) = 1+ BG (1.1)

which writes the log-odds of disease as a linear function of the number of allele copies.
We will refer to this parameterisation as the additive model. In a case-control study,
u primarily reflects the proportion of cases in the sample. Thus, in most contexts,
is a nuisance parameter and [ is the parameter of interest, since under this model,
e is a measure of the effect size and we test against the null hypothesis § = 0. Al-

though the model assumes prospective sampling of individuals, while a GWAS samples

12
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retrospectively, there is theory showing that assuming prospective sampling does not
make a difference when inferring 8 so long as the regression coefficients in the disease
risk model are small enough to approximate odds ratios by relative risks (see §1.4.4)
(Prentice & Pyke, 1979).

More complex disease models can be considered. At the expense of an extra degree
of freedom, we can introduce another parameter, -, into the model,

log(1-2) =+ 6G + (), (1:2)

and x1(G) is an indicator function that takes the value 1 for heterozygotes (i.e. G = 1)
and 0 for homozygotes (i.e. G =0 or G = 2). We will refer to this parameterisation
as the general model. In place of true controls, in GWAS it is standard to use (un-
phenotyped) cohort or population samples in place of true controls, but analyse the
results as a typical case-control study using logistic regression. Schouten et al. (1993)
show that this is actually equivalent to fitting a log risk regression model, which we
define and utilize in Chapter 6.

Figure 1.4 helps guide an intuitive understanding of the parameterisation at 1.2,
which is similar to that of Balding (2006). The « parameter measures the deviation
from the simplest additive model, represented as linear on the log risk scale of the
Figure. We assume that 0 < v < 3, which restricts the risk model space considered.
(For example, it does not cover the case v > 0 and § = 0, in which the heterozygote
but not the risk allele homozygote confers risk.) As shown in the figure, a recessive
model, in which G = 2 is the only risk-conferring allele, can be achieved by setting
v = —f, and a dominant model, in which G = 1 and G = 2 have the same increased
risk, is satisfied when v = 8. These disease models will be explored further in Chapter

6.

13
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Figure 1.4: Representation of three models in the log risk regression - The grey
arrows show how the « parameter acts to perturb the model at the heterozygote away from
its value under a additive model.

1.4.2 The trend test

As reviewed in Balding (2006), there are many possible tests of association, including
the Pearson test with 2 degrees of freedom, the Fisher exact test, and the Cochran-
Armitage test, also referred to as the trend test. There is no “best” test, but we
adopt the trend test because it makes no assumption about the distribution of allele
frequencies in the population and has favourable properties in terms of power under
an additive disease risk model (Balding, 2006). For a systematic comparison of the
different possible testing approaches, see Sasieni (1997).

The Cochran Armitage test statistic (Armitage, 1955) is given by,

i

N (S(r1+2r2) — R(s1 + 2s7))?
RS N(ny +4nz) — (n1 + 2nz)?

for i € (0,1,2), where the r; are counts of the three genotypes in controls, s; are counts
of the three genotypes in cases, n; = r;+s;, and N =) .n;, R=> . rj,and S =), s;.

Under Hardy-Weinberg equilibrium, this is asymptotically equivalent to a score test of

14
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the null hypothesis (5 = 0) under the disease risk model given by 1.1 (Sasieni, 1997)
and has a x7 distribution under the null. All the GWAS we consider in this thesis have
large sample sizes, so we use the asymptotic result as though it was exact.

Since many hundreds of thousands of SNPs are tested for association in a GWAS,
the question arises (in the frequentist setting) what p-value threshold to use to assign
“genome-wide significance”. In particular, an investigator wishes to reduce the number
of false positive associations that might arise by chance. The more stringent the p-value
threshold, the more cases and controls necessary to achieve power; the less stringent the
threshold, the more likely that false associations will be reported. Because the follow-
up studies to GWAS, including fine mapping and biological experiments assessing the
relevance of nearby genes, tend to be costly, there is a strong incentive to limit false
positive associations. The issue is further complicated by the fact that each of the
single-SNP tests are not independent because some SNPs will be in LD.

A conservative solution is to employ a Bonferroni correction, which for a significance
level o, requires a p-value threshold of «/n where n is the number of tests performed in
the association study. For a SNP chip with 1 million SNPs and the standard « = 0.05,
this gives the value 5 x 10~® adopted in many studies. Balding (2006) discusses the
Bonferroni correction and compares it with some Bayesian approaches that he endorses;
again, since we seek to model the results of current association studies, we confine
ourselves to the more common frequentist approach. As discussed further in Chapter
2, we use a higher p-value threshold of 1076 and subject each association to further
replication to gain a more accurate approximation of the ascertainment implicit in

reported GWAS associations.
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1.4.3 The general test

We can test the general model given in Equation 1.2 against the null hypothesis that

the 8 and v parameters are both 0, with score test statistic given by,

N

m(no(rlsg — 7’281)2 + ny (?"082 — 7’280)2 + n2(7“031 — 7“180)2) s

and a x3 distribution under the null. This result is derived in Marchini et al. (2007)
and, with the notation above, in Vukcevic (2009). Vukcevic (2009) includes a discussion
of the properties of this test as compared to the Cochran-Armitage test. This test is
less frequently used in GWAS than the trend test, but it will be useful in Chapter 6

for computing power to infer non-additive disease models.

1.4.4 Estimates of effect sizes

We will first discuss effect sizes in the setting of the additive model, taking up the
subject of effect sizes in the more general disease model setting in Chapter 6. There
are two main measures of effect size: the odds ratio and the relative risk. In the additive

model, the odds ratio of allele A is defined as,

Odds(Disease|G = Aa)  Odds(Disease|G = AA)
Odds(Disease|G = aa)  Odds(Disease|G = Aa)
_ Pr(Disease|G' = Aa) Pr(Healthy|G = aa)

~ Pr(Disease|G = aa) Pr(Healthy|G = aA))’

OR4 =

which is equivalent to e? in the model defined by Equation 1.1. Note that we could
have also compared the odds of disease at genotypes AA and Aa, since these will be
equal to the above comparison under the additive disease risk model. The relative risk
is defined as,

Pr(Disease|G = Aa)
Pr(Disease|G = aa)

RRy =
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Each measure has its merits. The odds ratio (OR), while less intuitive, is directly
tied to the logistic regression model and can be directly estimated from case control
data. The relative risk (RR), on the other hand, is easier to interpret but requires
knowledge of the prevalence of the disease in a case control study. Specifying an additive
risk model for one measure does not give an additive risk model for the other measure.
When the disease is rare, as is the case for many of the diseases considered here, OR is
approximately equal to RR. In many GWAS studies, controls are selected not on the
basis of health, but rather are drawn from the general population. These “population
controls” are not phenotyped, so there is some probability of a control actually being a
case. In this setting, using the logistic regression model estimates the RR and not the
OR (Schouten et al., 1993). In our simulations, we use population controls, and thus

estimate the RR with the logistic regression model.

1.4.5 The winner’s curse

Effect sizes estimated from a discovery sample are subject to upward bias, often called
the “winner’s curse” (Kraft, 2008). The term was first introduced in the setting of
auctions, in which the value of a commodity is likely to be overestimated by analyzing
winning bids (Capen et al., 1971). The winner’s curse arises as a result of imposing a
significance threshold on observed data. Conditional on a result passing the significance
threshold, it is more likely to have been inflated by chance. Thus if we estimate model
parameters on the basis of significant data we are likely to overestimate as a result of
this bias.

The corollary in association studies is that those SNPs selected as top hits are likely
to have higher test statistics and lower p values on average, conditional on the fact that
they generated the strongest association signal. One negative aspect of the winner’s
curse for GWAS is that it makes it difficult to design sufficiently-powered replication

studies (Zollner & Pritchard, 2007). However, if the power of the study is high, ei-
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ther because of the large number of cases and controls sampled, or because of high
penetrance, this effect is small. Reviews of early association studies (prior to GWAS)
suggested that the winner’s curse caused consistent overestimation of discovered genetic
effects (Lohmueller et al., 2003). As a result, current GWAS now include a replication
step rather than leaving this to future studies, and SNPs are not declared associated
unless they show strong evidence for association in the original GWAS and compelling
evidence in replication. There are no standard thresholds used, but, for example, many
studies would adopt a p value threshold of < 1076 in discovery, < 0.05 in replication,
and a combined p value of less than 1078,

A number of methods have been suggested to correct for the winner’s curse (Xiao &
Boehnke, 2011; Zhong & Prentice, 2010; Zollner & Pritchard, 2007). However, estimat-
ing odds ratios from the data in a replication study (disregarding the data in which the
association was initially discovered) removes the effect of the winner’s curse entirely.
In order to avoid the impact of the winner’s curse on our results, we chose to estimate

effect sizes from the replication sample.

1.4.6 Priors on effect size

In Chapter 3, we will use a Bayesian approach to infer the true distribution of effect
sizes arising from GWAS. To do this, we will assume a joint distribution of the true risk
allele frequencies and effect sizes, which is of course unknown. A number of theoretical
analyses (Pritchard, 2001; Wakefield, 2008; Wang et al., 2005; Zondervan & Cardon,
2004) have argued for a relationship between effect size, disease model, and MAF. As
there is no consensus on the exact form and extent of the relationship, we do not rely on
them explicitly here. Instead we define two distributions which represent two different
sets of assumptions about these unknowns, with the subsequent results representing a
range of possibilities. Our first set of assumptions posits that the distribution of effect

sizes is the same for all putative causal variants, regardless of their allele frequency,
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and that effect sizes are close to those observed in GWAS studies. We call this the
conservative prior. The second set of assumptions explicitly assumes that there might
be larger effects at variants with smaller minor allele frequency (MAF). We refer to the
second distribution as the MAF-dependent prior.!

We do not explicitly model the potential impact of selection on the effect size
distribution. However, because the effect size and selective coefficient are likely to be
related, classical population genetics provides insight into the motivation for our two
priors. Sawyer & Hartl (1992) give a formula expressing the expected derived allele
frequency distribution of variants as a function of their selective coefficient (defined as
the proportional decrease in offspring attributable to each copy of the allele). For a
population at equilibrium, the expected distribution of alleles with selective coefficient

s can be expressed,
6—4Ns(1—f) -1

M e

where f is the derived allele frequency and N is the long-term effective population
size. To understand this formula, it is helpful to consider a few examples. If a common
disease has population prevalence p and causes a proportional reduction v in fitness, an
allele that increases disease risk by a factor 1+ § will have selection coefficient s = pyd.
For instance, consider a disease with prevalence p = 0.05 that decreases fitness by
v = 0.01. Alleles that increase risk by less than 40% would have s < 2 x 10™* and
would be dominated by common variants.

If effect size and selection coefficient are indeed related in this way, the MAF-
dependent prior represents a set of assumptions consistent with the presence of selec-
tion. The conservative prior supposes that no selection is acting, and simply imposes

an effect size distribution consistent with current observations. Since we have little

! Although both priors are distributed around 8 = 0, we note that for the purposes of simulation,
alleles with 8 < 0 were modelled by the other allele at the SNP, for which S is positive. As an example,
if allele a has e’ = 0.8, then allele A has e’ = 1.25, and we chose to simulate a as protective by
simulating A as risk-conferring. For this reason we will show distributions for relative risks greater
than 1.
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information about the true value of the selective coefficients for most common diseases,

we chose not to define our priors in terms of selection coefficients.

1.4.6.1 Conservative prior

More precisely, the conservative prior posits that if e is the effect size at a causal
variant, then 8 is normally distributed with mean 0 and standard deviation 0.2, inde-
pendent of risk allele frequency. Its name derives from the observation that it places
little weight on relative risks greater than 1.5 (see Figure 1.5). This distribution as-
sumes that 81% of true effect sizes are less than 1.3 with 96% less than 1.5 and 99.9%
less than 2. For a justification of this choice of standard deviation, see Wellcome Trust

Case Control Consortium (2007).

1.4.6.2 MAF-dependent prior

The MAF-dependent prior again assumes a normal distribution for § with mean 0, but
here the standard deviation, o, is allowed to depend on the risk allele frequency in the
following way:

log(o) =1og(0.2) + (2 —8f(1 — f)).

This equation is suggested in Spencer et al. (2011a) and is similar to the prior in
Wakefield (2008), to which we refer the reader for further discussion. For f near 0.5 (a
common SNP) this prior is approximately the same as the conservative prior. However,
as f approaches 0 or 1 (corresponding to SNPs with rarer alleles), then the prior puts
considerably more weight on larger ORs. For example, when the MAF is 5%, the MAF-
dependent prior gives an approximately 5% chance that the risk associated with each
copy of the causal allele is larger than 2.5. Figure 1.5 shows the two prior distributions

side by side.
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Figure 1.5: Priors on the effect size - Probability density curves showing the relation-
ship between minor allele frequency and effect size for the conservative and MAF-dependent
priors. Each curve in the MAF-dependent prior represents the probability density for one
minor allele frequency. Note that as the minor allele frequency decreases, greater proba-
bility is placed on higher relative risks. The conservative prior is independent of causal
allele frequency, and corresponds to the MAF-dependent prior for a causal allele frequency
of 50% (shown in purple).
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1.4.7 Imputation

Genotype imputation refers to a method, widely applied in GWAS, which predicts
genotypes at untyped loci. We will briefly review the main ideas behind genotype
imputation in samples of unrelated individuals, but for a full description of the method,
as well as a comparison between existing imputation softwares and examples of GWAS
that have utilized imputation, see the reviews by Li et al. (2009) and Marchini & Howie
(2010). The performance of imputation using HapMap II reference panels is discussed
in Huang et al. (2009).

A number of different software packages exist to perform imputation (see Table
1.1). All suggest different recipes applied to a common set of ingredients: (i) observed
genotype data, often from a genotyping chip, in a sample of individuals, and (ii) a
panel of reference haplotypes, often drawn from HapMap, and more recently from
the 1000 Genomes project (1000 Genomes Project Consortium, 2010). The first step
in the recipe is to separate out the genotypes into maternal and paternal haplotypes
(called “phasing”). The next step is to compare these separated haplotypes to those
in the reference set, which includes many more SNPs than are represented on the
genotyping chip. Locally, the separated haplotypes will look like particular reference
haplotypes, since they share a common ancestor. These stretches of identity may be
small, depending on the recombination landscape and the number of generations since
convergence in the unobserved genealogical tree. Imputation algorithms model the
separated haplotypes as a mosaic of the reference haplotypes, and fill in genotypes at
untyped loci on the basis of the reference haplotypes. Although these two steps are
common to the different methods, each method uses a different underlying model to
infer haplotype phase and relate the two sets of haplotypes to perform imputation.
Most imputation methods will give a sense of the confidence of the imputation. For
many SNPs, imputation is remarkably accurate (> 95%, see Marchini & Howie (2010)).

Imputation has a variety of applications in GWAS, including combining studies
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Table 1.1: Imputation Methods

Software Reference
IMPUTE v1 | Marchini ef al. (2007)
IMPUTE v2 | Howie et al. (2009)
fastPHASE | Scheet & Stephens (2006)
MACH | Scott et al. (2007)
BEAGLE | Browning & Browning (2007)

conducted with different genotyping chips in meta-analysis, fine-mapping, imputation
of untyped variation (as we do in Chapter 4), imputation of non-SNP variation, and
missing data imputation and correction of genotyping errors (reviewed for example in

Marchini & Howie (2010)).

1.4.8 Estimating heritability

Ultimately we would like to be able to explain all of the genetic contribution to the
correlation of trait variation among relatives. Knowing, for a given disease, how close
we have come to accounting for this correlation is useful both in predictive terms, in
order to implement the vision of “personalized medicine” as described in Hamburg &
Collins (2010), and also as a benchmark against which to measure how much genetic
contribution has been explained. Much attention has recently focused on evaluating
GWAS in light of the heritability explained by its variants (Eichler et al., 2010; Ma-
her, 2008; Manolio et al., 2009; Slatkin, 2009; Yang et al., 2010a). Our focus is on
understanding how different assumptions about underlying variants affect estimates of
heritability.

The most commonly used measure of heritability is As, the sibling recurrence risk
ratio, the properties of which are discussed at length in Risch (1990). Let Pr(Y; = 1)
be the probability that individual ¢ is affected and write the prevalence of the disease

as Pr(Y = 1). The sibling recurrence risk ratio Ay expresses how much more likely
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individual j is to have the disease, conditional on j’s sibling k being affected, than a

member of the population at large (Thomas, 2004):
As =Pr(Y; =1, =1)/Pr(Y =1).

We first show how to compute \; under an additive disease model at a single locus
as a function of risk allele frequency and relative risk. The sibling recurrence risk Ag
calculated at a locus can be thought of as the value of A, if that locus were the only
genetic factor in developing the disease. If a disease in fact has n loci contributing to
risk, it turns out that As for the disease is given by a product of the A4, ...\s, at the
individual loci, assuming that genetic effects of the loci are independent and there are
no interactions between the loci (Risch, 1990).

Let G; denote the genotype of the father (f), mother (m), child (j), and affected
sibling (k) respectively, and let @, denote the genotype probabilities under Hardy-
Weinberg equilibrium, which we assume to hold at the loci in question. Let ¢ be the
frequency of the A allele and p = 1 — ¢ the frequency of the a allele, so Qa4 = ¢>,
Qua = 2pq, and Qqq = p?. Finally, we need transition probabilities Tyigmg; = Pr(Gj =
9j|Gm = gm, G = gf). We can compute the sibling recurrence risk as,

Pr(Y; =1,Y, =1)
Pr(Yy = 1)Pr(Y; =1)

Pr(Y; =11Y, =1)/Pr(Y; =1) =

Assuming that the two sibs’ phenotypes are conditionally independent given their geno-

types, this expression can be computed (see Thomas (2004) pp 106-7) as,

ng ng Zgj ng Rjo RRQknggmnggkgmngnggf

(1.3)

To give a sense of the magnitude of the sibling recurrence risk that can be attained

by a single locus, consider the contribution of the TCF7L2 variant to risk of type 2
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diabetes. This locus has a risk allele frequency of 40%, a relative risk of 1.37, and
contributes As = 1.025 to the overall sibling recurrence risk of 3. In order to account
for the observed risk to siblings of those with type 2 diabetes, 44 such loci would be
needed.

As noted in Clayton (2009), the empirical value of Ay is likely to be overestimated
by family studies, partly because of shared environment, and partly because of ascer-
tainment effects. Wallace & Clayton (2003) discuss the issue of shared environment
further in the context of leprosy, another disease in which both the environment and
genetics are expected to play a role. Thus, the “benchmark” set by sibling studies may

be lower than sometimes assumed.

1.5 Summary

In this chapter we introduced the motivation behind GWAS and some particulars of
the method. The outcome of a GWAS is shown in Figure 1.6, which contains signal
plots from the Crohn’s disease analysis in Wellcome Trust Case Control Consortium
(WTCCC) study. Each plot illustrates an association between a region of the genome
and risk of Crohn’s disease.

A comparison between the two associations in Figure 1.6 reveals the importance of
LD in the outcome of a GWAS. The hit region on chromosome 2 (left panel, Figure
1.6) is relatively narrow, and contains only one gene, ATG16L1, which has subsequently
been shown to play a role in Crohn’s disease via the autophagy pathway (Cadwell et al.,
2008). In contrast, the hit region on chromosome 3 contains 18 genes and displays
little fine-scale recombination (right panel, Figure 1.6). The reported relative risks for
the two associations were 1.19 and 1.09, respectively (Wellcome Trust Case Control
Consortium, 2007). In each case, supposing a causal SNP exists in the regions shown,

one can visually see how LD causes this signal to be carried to, and sometimes diluted
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Figure 1.6: Examples of associations from the WTCCC - Figure taken from
Wellcome Trust Case Control Consortium (2007). Each plot shows the signal in genomic
regions 1.25 Mb to either side of the best-associated SNPs (called ‘hit’ SNPs) in the study.
Vertical dotted lines indicate locations where test statistics returned to background levels.
The upper panels show —log,, p values for the trend test at each SNP. Black points
represent SNPs typed in the study, and grey points represent imputed SNPs. Middle panels
show the fine-scale recombination rate in ¢M/Mb estimated from Phase 1T HapMap. The
purple line shows the cumulative genetic distance in cM from the hit SNP. The lower panels
show known genes and sequence conservation in 17 vertebrates. Known genes (in orange)
in the hit region are listed in the upper right of each plot in chromosomal order.

Reprinted by permission from Macmillan Publishers Ltd: Wellcome Trust Case Control
Consortium (2007). Genome-wide association study of 14,000 cases of seven common
diseases and 3,000 shared controls. Nature, 447, 661-678. © 2007 Authors.
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at, other nearby SNPs. One might ask questions such as: what is the likely effect size at
the causal variant? Might the hit SNP in fact be the causal SNP? What is the disease
model at the causal SNP, and what disease model is observed at the hit SNP?

In this thesis, we examine the effects of imperfect LD between the causal SNP and
the hit SNP on the outcomes of an association study. We design and implement a
simulation framework described in Chapter 2 that allows us to ask, for a given causal
variant, what hit SNP will arise in a simulated GWAS. In Chapter 3, we use this
simulation framework, together with the priors introduced earlier, to estimate the effect
sizes of causal variants from the observed hit SNPs arising from GWAS, and discuss
the implications of the results both for individual risk prediction and for explaining
the heritability of common diseases. Chapter 4 modifies the simulation framework to
examine a variety of GWAS contexts. We show that, in three different populations,
four different genotyping chips, and with and without imputation, LD between the
causal SNP and the hit SNP drives effect size estimates. In Chapter 5, we ask how
often the hit and causal SNPs are expected to coincide. Finally, in Chapter 6, we show
how departures from the simplest disease risk model at the causal variant are distorted

by LD, and to what extent such departures can be detected at the hit SNP.
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A GWAS simulation framework

A central aim of this thesis is to understand properties of the causal variants underlying
GWAS signals. This chapter develops a method by which we can address the forward
problem: given a causal variant with a specified effect size, what signal would it generate
in a typical GWAS? In the next chapter we will examine the results of this method
applied to thousands of hypothetical causal variants, and go on to pose the inverse
problem: given an observed GWAS signal, what are the likely properties of the causal
variant?

GWAS exploit the correlation in genetic diversity along chromosomes in order to
detect effects on disease risk without having to type the causal locus directly. As others
have noted (Iles, 2008; Wang et al., 2010), this means that most risk variants identified
by GWAS will be tags for as-yet-unknown causal variants. Using simulations, where
we know the true risk model at the causal locus, we can ask a number of questions of

interest:

1. How often is the estimated risk associated with carrying the predisposing allele
at the tag SNP smaller than the risk associated with carrying the predisposing

allele at the causal SNP?
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2. How does varying the SNP chip or the study population impact the risk estimates
at the tag SNP?

3. How often do the causal and tag SNPs coincide?

4. How does the correlation between the tag SNP and the causal SNP affect the

inferred disease model?

These questions will be addressed in later chapters. In this chapter, we describe a
flexible simulation framework in which we can mimic a GWAS by simulation. By
flexible, we mean that we can easily modify the genotyping chip used in the study, the
population from which we draw cases and controls, the sample sizes, and the disease
risk model at the causal SNP. For now, we consider an additive disease risk model. In
Chapter 6 we will investigate further disease models.

Patterns of LD in human populations are complicated, and preclude analytical
results, so we adopted a simulation approach. We describe this approach informally
before going into detail. First, we chose each allele at each SNP in the HapMap
ENCODE regions in turn, assuming it to be causative with a given effect size. We
then used a previously reported simulation scheme (HAPGEN, (Marchini et al., 2007;
Spencer et al., 2009)) to simulate a large population of chromosomes, whose patterns
of LD match those in the HapMap analysis panel. A case-control sample was drawn
from this population. The controls were sampled randomly from the population and
the cases were chosen by oversampling chromosomes carrying the causal allele in the
appropriate way, given its frequency and assumed effect size. To simulate a GWAS
on a particular commercial chip, we examined data at only those SNPs on the chip in
question and checked to see whether any of these SNPs showed a p-value for association
of < 1076, If this occurred we then modelled a replication study. We took the best
SNP from the simulated GWAS and examined it in the simulated replication sample

to check whether it had a p-value of < 0.01 in this replication sample. We considered
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only those simulations where the best SNP on the genotyping chip met both of these
criteria, as these model the ascertainment implicit in reported GWAS associations. For
these simulations, we estimated the effect size at this best-associated SNP, which we

call the hit SNP.

2.1 Choice of genomic regions

In order to model the signal of association generated by disease-causing mutations, we
chose to simulate data exploiting empirical surveys of human diversity. For this purpose
we used the 10 ENCODE regions (ENCODE Project, 2004) within the CEU analysis
panel of HapMap II (International HapMap Consortium, 2007), which have undergone
SNP ascertainment by resequencing 48 individuals of diverse ancestry. These regions
therefore show a fuller spectrum of SNPs than are represented in the HapMap data at
large, and haplotypes are expected to be accurate due to the trio design of the HapMap
panel (International HapMap Consortium, 2003). The regions over which we simulate
data are centred on each of the 10 ENCODE regions (listed in Table 2.1) and include

500kb of flanking HapMap variation at the boundaries of each region.

2.1.1 Properties of the ENCODE regions

Table 2.1 summarizes the coordinates of the ENCODE regions and the number of
SNPs in each region for each of the populations we considered in the simulation study.
Note that the Yoruban panel (YRI) tends to contain more SNPs in each region than
either the European (CEU) or Japanese and Chinese combined panels (JPT+CHB).
This is not surprising, since genetic and archeological evidence suggests that modern
humans originated in Africa (Barbujani & Goldstein, 2004); greater genetic diversity is
expected as a consequence of the longer history of the African population during which

more mutations can accrue. The ENCODE regions with an ‘r’ in their region name were
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Table 2.1: ENCODE Regions: SNP Summary

Region Chr Genomic interval CEU | JPT4+CHB | YRI
ENmO010 | Chr 7 | 26924045 - 27424045 731 710 873
ENmO013 | Chr 7 89621624 - 90121624 1042 800 1185
ENm014 | Chr 7 | 126368183 - 126865324 | 1116 953 1248

ENr112 | Chr 2 51512208 - 52012208 | 1255 1173 1889
ENr113 | Chr 4 | 118466103 - 118966103 | 1366 1109 1525
ENr123 | Chr 12 | 38626477 - 39126476 | 1259 1570 1208
ENr131 | Chr 2 | 234156563 - 234656627 | 1307 1154 1589

ENr213 | Chr 18 | 23719231 - 24219231 863 776 1291
ENr232 | Chr 9 | 130725122 - 131225122 | 718 741 1053
ENr321 | Chr 8 | 118882220 - 119382220 | 837 836 1281

chosen in an automated random way in keeping with the overall aim that this set of
regions be representative of the genome in some sense, while the regions with an ‘m’ were
chosen manually to include extensively characterized genes and/or functional elements
and also in parts of the genome with a substantial amount of comparative sequence
data (ENCODE Project, 2004). Figure 2.1 shows the allele frequency distribution in
the CEU reference panel.

Table 2.2 compares densities of the chips in the ENCODE regions with the genome-
wide averages. Although there is a 2-2.5 fold enrichment, visual inspection of the MAF
distributions of SNPs on the chips in the ENCODE regions versus the genome suggests
that this enrichment is not particularly biased towards lower-allele frequency SNPs.
One implication of this enrichment is that the tagging properties of the Affymetrix
500k chip in the ENCODE regions are likely to mimic those of the Affymetrix 6.0 chip
in the genome at large. Further consequences for the results of our simulations will be

discussed in Chapters 3, 4, and 5.
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Table 2.2: ENCODE bias summary. Each line of the table shows, for a given chip, the
genomic average marker density and the ENCODE marker density.

Chip # on chip Average Density ENCODE Density
Mumina 1.2M 1,238,764 0.12 0.24
Affymetrix 6.0 934,986 0.09 0.15
Illumina 550 561,497 0.06 0.15
Affymetrix 500k 500,569 0.05 0.09
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Figure 2.1: Allele frequency spectrum of the reference panel - Histogram of the
allele frequencies of causal SNPs in the reference panel for the CEU population. Note that
in simulations, we test both alleles at each SNP. The number of SNPs in a given allele
frequency interval is shown on the y-axis. Note that only SNPs with minor allele frequency
> 1% are shown, since we do not simulate causal SNPs at lower frequencies.
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Figure 2.2: Comparison of the allele frequency distribution in the HapMap
haplotypes and HAPGEN simulation output - Each point on the scatterplot repre-
sents a SNP. Its value on the z-axis is its frequency in HapMap II, while its value on the
y-axis is its frequency in the reference panel produced by HAPGEN. The grey line shows
y=x.
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2.2 Simulation of population data

As the typical sample size of most GWAS is much larger than the number of CEU
HapMap individuals, we simulated 100,000 chromosomes using the HAPGEN software
package. We will refer to these 100,000 haplotypes as the reference panel. Figure
2.2 compares the reference panel allele frequency spectrum with that of the original
HapMap II haplotypes from which it is simulated. Sampling variation causes small
deviations from the line y = x. GWAS case and control samples were then subsampled

from the reference panel, as described below.

2.2.1 A brief description of HAPGEN

HapMap haplotypes Simulated haplotypes

Figure 2.3: Cartoon of the HAPGEN program - The set of known haplotypes is
extended by creating additional haplotypes that are a mosaic of known haplotypes, in a
process described in §2.2.1. Note that this is a greatly simplified representation.

HAPGEN uses a population genetic model that incorporates the processes of mu-
tation and fine-scale recombination to generate simulated haplotypes from an existing
set of known haplotypes (here, the HapMap haplotypes). An intuitive, informal way of
thinking about how HAPGEN works is to imagine the HapMap haplotypes as colored

lines on a piece of paper. We begin with the set of known haplotypes, as shown on the
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left side of Figure 2.3. To generate the next haplotype we place a special probabilistic
ant down on one of the lines (the ant is special in that it obeys the rules of the Li and
Stephens Hidden Markov Model (HMM), described in detail in Li & Stephens (2003)).
The ant walks along the line and then, according to the HMM, jumps to another line
and continues walking. SNPs mark various places along the lines. When the ant passes
a SNP position a nucleotide flashes on a nearby screen, and is mutated, or not, again
according to the HMM. At the end of the walk the ant’s trajectory becomes another
line at the bottom of the page and the ant begins again.

HAPGEN adds a new simulated haplotype to its list of reference haplotypes after
each iteration. Thus the chance of a recombination event becomes very small as the
size of the simulated population increases. Su et al. (2011) compared the empirical and
simulated LD patterns between the HapMap reference haplotypes and 4,000 simulated
individuals (2,000 cases and 2,000 controls). Figure 2.4 shows this comparison graph-
ically. Although our simulated population is much bigger than 4,000, we expect that

that the patterns of LD among SNPs with minor allele frequencies greater than 1% are

comparable.
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Figure 2.4: HAPGEN performance - The figure, taken from Su et al. (2011), shows

LD patterns, in terms of 72, in the HapMap haplotypes (top) and simulated haplotypes

(bottom). Reprinted from: Su, Z., Marchini, J. & Donnelly, P. (2011).
'HAPGENZ2: simulation of multiple disease SNPs:',
Bioinformatics 27(16), 2304-2305, by permission of Oxford

University Press.
2.2.2 Inputs to HAPGEN

We ran HAPGEN with an effective population size of 11418 for the CEU population,
14269 for the JPT+CHB, and 17469 for the YRI, as recommended at http://www.
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2.3 Generating a case-control sample

stats.ox.ac.uk/~marchini/software/gwas/hapgen.html, a population scaled mu-
tation rate of 1 per SNP, population scaled recombination rate estimates as described
in Myers et al. (2005), and with a known set of haplotypes taken from the analysis

panels of HapMap II as described above.

2.3 Generating a case-control sample

For SNPs greater than 1% frequency in the ENCODE regions we performed two hy-
pothetical GWAS by letting each of the two alleles be causal in turn. We denote the
causal allele by A and the protective allele by a. To generate the control sample we
drew the required number of haplotypes, without replacement, from the reference panel
and combined these in pairs to form diploid individuals. This mimics the common use
of population controls, rather than controls explicitly chosen for not having the disease
under study. For the case sample, we drew pairs of haplotypes from the reference panel
according to the genotype frequencies at the causal SNP dictated by the assumed dis-
ease model. If § is the risk of the AA genotype, and « is the risk of the Aa genotype,
both relative to the aa genotype, then we sample case individuals (without replace-
ment) on the basis of their genotypes at the SNP assumed to be causal with success

probabilities proportional to:

Pr(AA) o 62, (2.1)
Pr(Aa) o< 2af(1 — f), (2.2)
Pr(aa) o (1 — f)?, (2.3)

where f is the frequency of the risk allele A in the reference panel. We adopted an
additive disease model for disease risk defined by § = a? for the material in Chapters
3-5; in Chapter 6 we will consider recessive and dominant models of the form o =1

and § = « respectively. Discussion of these alternative models will be postponed until
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Chapter 6. Until then, we will refer to « as the relative risk (RR) or effect size associated
with the causal variant. To approximate a GWAS, we thinned the generated data set
to include only those SNPs present on the commercial chip under consideration which
had a minor allele frequency in sampled controls of greater than 1%. This set may or
may not include the assumed causal SNP.

For analyses involving only simulated data, we sampled 2,000 cases and 2,000 con-
trols from the reference panel to emulate a typical GWAS. For the subsequent analy-
ses of heritability and individual risk profiling for type 2 diabetes, breast cancer, and
Crohn’s disease (discussed below and in Chapter 3), we simulated 5,000 cases and 5,000
controls to obtain results more comparable to the size of study from which the associ-
ations were ascertained. We simulated under a range of relative risks at 24 grid points
from 1.05 to 6. In attempting to simulate the signal of disease at rarer alleles (1% to
5%) in a GWAS of 5000 cases and controls there were a small number of simulations in
which there were insufficient haplotypes in our reference panel to generate the required
number of genotypes at the causal SNP for large effect sizes. These simulations were
discarded, but as the numbers were small (3% when RR=4 and 11% when RR=6 for
the CEU population in an Affymetrix 500k chip study) we do not believe this greatly
affects the results presented in subsequent chapters.

Although we simulate causal variants at both alleles at each SNP, some disease
models might favour causal variants that are rarer, derived mutations. The motivation
for these models grows out of observations of Mendelian diseases. Mendelian diseases
are generally subject to purifying selection. Purifying selection has the effect of remov-
ing deleterious variants as mutation creates them over time in a population. Therefore
any observed mutations associated with Mendelian disease risk are likely to be newer.
There is some evidence that this framework is applicable to common diseases, but there
is also evidence that ancestral-susceptibility alleles act in common disease (Rienzo &

Hudson, 2005). It is difficult to estimate selection coefficients for common diseases
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2.4 Testing for association

because there is little power to detect the effects of rare alleles. In the absence of such
knowledge we opted to simulate under no particular model of selection, and simulated

causal variants at both ancestral and derived alleles.

2.4 Testing for association

Following common practice, for each simulated case control sample, we tested for as-
sociation between genotype and case control status using the Cochran Armitage trend
test (Armitage, 1955), introduced in §1.4.2, at each SNP with frequency greater than
1% in the simulated panel of chromosomes. We calculated the p-value of this test
statistic which is x? distributed with 1 degree of freedom under the null hypothesis of
no association. If any test across the region obtained a p-value < 1079 the location
of the most significant SNP (termed the hit SNP) was recorded and we simulated this

SNP in an independent replication sample.

2.5 Simulating the replication process

We simulated the replication experiment in three stages. First we simulated the fre-
quency of the causal allele in cases and controls in the replication population. We then
simulated the frequency of the hit SNP conditional on the frequency of the causal allele.
Finally, we simulated the genotype counts for a sample of cases and controls in this
replication population.

We motivated sampling of the frequency of the causal allele in controls in the repli-
cation population by thinking of the replication sample as an additional sample from
the same population as the original GWAS sample. (Other assumptions are possible
here, but seem unlikely to affect the main conclusions.) Specifically, we placed a uni-
form prior distribution on the unobserved population frequency and sampled a value,

f’, from the posterior distribution of this frequency given the data in the reference
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panel. (Given the large size of the reference panel, the frequency in the replication
sample will be very close to that in the reference panel.) Conditional on f’, the popu-
lation replication frequency in cases was calculated from equations 2.1 - 2.3. To obtain
the replication population frequencies at the hit SNP we estimated the conditional dis-
tribution in the reference sample of alleles at the hit SNP in cases and then controls,
given those at the causal SNP, and used these for the replication sample. This cor-
responds to assuming that the LD between the causal and hit SNP in the replication
sample will be the same as that in the reference sample. Finally, conditional on the
population replication frequencies in cases and controls, we take multinomial samples
of the required size to mimic the replication case and control samples. A test of asso-
ciation using the trend test was performed at the hit SNP on the simulated replication
samples and deemed a significant replication if the p-value was less than 1072. The
replication study sample sizes were 2,000 cases and 2,000 controls for simulations of
the same discovery sample size, and 10,000 cases and 10,000 controls for simulations in

which the discovery sample size was 5,000 cases and 5,000 controls.

2.6 Estimating effect sizes

We estimate the effect size, or relative risk, a, at the hit SNP by maximum likelihood
under the model described by equations 2.1 - 2.3. For studies with population controls
this can be achieved in practice by fitting a logistic regression model for case status, as
discussed in §1.4.4. We fit the logistic regression model with case and control counts
from the replication sample in order to mimic the estimates reported in GWAS studies,
which are often taken from the replication stage of the study. Estimating the effect
size from the replication sample has the advantage that it mitigates the winner’s curse,
whereby relative risks estimated in the discovery sample are biased upwards, conditional

on having been identified (see §1.4.5).

40



2.7 Discussion

2.7 Discussion

The approach taken in this chapter has been in close collaboration with Chris Spencer,
whose previous work served as a foundation for the method utilized herein (Spencer
et al., 2009). One of his many contributions to this software was to write the code
that iteratively samples from the reference panel and performs simulated GWAS and
replication studies. I used this template in the extensions of the original simulations.

Among the many design decisions involved in creating the software, three limita-
tions should be noted. Firstly, the ENCODE data is restricted in its coverage of low-
frequency (1-5%) and rare (< 1%) variants because the sample size of the study was
limiting and some rare variants were missed. As a result, most of our analyses excluded
causal variants at frequencies of less than 5%. The role of these low-frequency variants
in both GWAS results and disease more generally is of interest, but our approach is fun-
damentally limited by the original data from which we simulate our population data.
Lower-frequency variants might be better represented if we were to simulate from a
set of haplotypes from the 1000 Genomes dataset (1000 Genomes Project Consortium,
2010), for example, which was not available at the time we performed the study.

Secondly, the decision to use HAPGEN was motivated by previous work, although
we recognize that other choices were possible, for instance simulating from a popula-
tion genetic model (Hernandez, 2008). Although population data generated from such
a model would include a wider variety of low-frequency variants, we felt that this ad-
vantage was outweighed by the advantages inherent in simulating from real data, with
real patterns of linkage disequilibrium.

Thirdly, we did not test whether the direction of the effect estimated in the repli-
cation sample was consistent with the direction of the effect in the discovery sample.
This is because it is unlikely that a SNP would be significantly disease-predisposing

in the discovery sample and then would then replicate as a protective allele (or vice
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versa).

The simulation framework described in this chapter provides the methodological
foundation for the analysis of effect size estimation in GWAS, which is the topic of the
next three chapters. Chapter 3 focuses on estimating true effect sizes from observed
effect sizes in the CEU population with a genotyping chip used in the WTCCC study
(Wellcome Trust Case Control Consortium, 2007) and applies the resulting analysis to
three diseases interrogated by GWAS. Chapter 4 addresses how the genotyping chip
and the underlying population affect observed relative risks, and shows that imputation
can be used to combat effect size underestimation. Chapter 5 asks how often the causal
and hit SNPs are expected to coincide. Finally, Chapter 6 looks at how variations in
the disease risk model influence effect size estimates and whether these variations can
be detected by statistical tests. In each case the simulation framework was adjusted to

ask how GWAS results are affected by properties of the causal variants.
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Effect size estimation in GWAS

3.1 Introduction

Virtually all associated variants identified from GWAS to date have relatively small
effects: each additional copy of the risk allele typically increases disease risk by 10%-
30% (see for example Manolio et al. (2008)). It has become clear that the variants
discovered thus far account for only a small proportion of the genetic basis of each of
the diseases under study, and there has been considerable speculation about where the
“missing” heritability might lie (Eichler et al., 2010).

One of several important factors in the success of GWAS design has been detailed
knowledge about patterns of linkage disequilibrium in human populations. As discussed
in the Introduction, the strong correlations between nearby SNPs mean that surrogates
on genotyping chips can capture much of the common variation in the human genome.
Because genotypes at the causative loci will often be correlated with those at SNPs
that are typed on the genotyping chip, it is typically not necessary to assay the true
causative variant directly in order to detect a genetic association with disease.

While LD is extremely helpful for GWAS discovery, the downside is that in most

reported regions of association, the true causal variant or variants remain unknown.
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Therefore it is possible that many of the associated SNPs are only surrogates for the true
causal variant(s). When it comes to quantifying the genetic effect, the genotype at the
reported SNP acts as a noisy measurement of the genotype at the causal variant. The
noise can dilute the apparent strength of the effect, and obscure the true relationship
between genotype and phenotype. As we progress towards the identification of causal
variants, estimates of effect sizes for associated loci will thus tend to increase. In turn,
the proportion of disease susceptibility explained by GWAS loci will also increase. Thus,
in addition to other plausible sources, such as secondary signals in GWAS loci, rare
variants (< 1% frequency), copy number polymorphisms, and epigenetic effects, some
of the missing heritability is actually contained in loci already identified by GWAS, and
is driven by common variation (> 1% frequency).

In this chapter we present results from an extensive simulation study, the details of
which are described in Chapter 2, in order to investigate and quantify the phenomenon
of effect size underestimation. We use the Affymetrix 500k chip in the CEU population,
and will explore the effect of changing these parameters (both chip and population) on
our conclusions in later chapters. We show that estimates of the size of the genetic effect
based on the best SNP from the GWAS genotyping chip can often closely approximate
the effect size at the true causal SNP. In some cases the causal SNP has a large effect
size and is poorly tagged, leading to substantial underestimation of true effect size.
We investigate how much of the ‘missing’ heritability could thus be hidden in reported
GWAS loci, under several sets of assumptions about the nature of the effects at true
causal SNPs. Our results also inform the design and value of fine mapping experiments
of GWAS loci.

The results in this chapter, together with the methodology described in the previous
chapter, have been published (Spencer et al., 2011b). The paper, from which this
chapter is drawn almost verbatim, was a highly collaborative work between myself

and Chris Spencer under the direction of Peter Donnelly. Damjan Vukcevic provided
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valuable help, especially on the sections that involve the two prior distributions we
considered. I was largely responsible for the analyses presented here, with the exception

of the individual risk estimates, for which Chris Spencer took the lead role.

3.2 Effect size estimates

As discussed earlier, patterns of LD in human populations are too complicated to draw
analytical conclusions, so we adopted the simulation approach described in detail in
Chapter 2. Here we discuss the outcomes of a simulation study in the CEU population
with an Affymetrix 500k chip. Recall that the Affymetrix 500k chip is enriched in
the ENCODE regions (see Table 2.2), so that the density of markers in the regions
we simulated closely matches that of the Affymetrix 6.0 chip in the genome at large.
Results in this section can therefore be interpreted to represent the outcomes of a
GWAS study conducted in the Affymetrix 6.0 chip.

To begin, we compare the estimated effect size at the replicated SNP with the true
effect size at the causal SNP in the simulation. Note that in the following figures
we show only results for causal SNPs with minor allele frequencies >5%. Figure 3.1
illustrates this comparison for three different values of the true effect size. For each
we see a peak of estimates around the true effect size assumed at the causal SNP.
But note also that there is often underestimation of the true effect size, and that
this underestimation can be substantial, especially when the true effect is large. For
example, when the true relative risk is 4, the estimated effect size was less than 2 in
11.5% of the simulations in which GWAS successfully discovered the effect.

In Figure 3.2 we plot the relative under- (or over-) estimation of the effect size
(estimated effect size divided by the true effect size) as a function of the correlation
between the hit SNP and the true causal variant. The underestimation is seen to be due

to imperfect tagging: when the true causal variant is not well tagged by SNPs on the
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genotyping chip (the correlation is weak), the estimated effect at the hit SNP is often
much lower than the true effect. Conversely, when the causal SNP is well tagged by a
SNP on the chip, the estimated effects cluster around the true effect size. Note that
while underestimation decreases as the correlation between the hit SNP and the causal
SNP increases, there remains systematic underestimation even when the hit SNP has
r2 ~ 0.8 with the causative SNP. For example, in 30% of simulations when the true
effect is 2, the estimated effect will be under 1.8. Note also that when the true effect
size is large, significant and replicable associations can be detected when the best tag
SNP has only 7? ~ 0.2 with the causal variant (Figure 3.2, relative risk = 4).
Imperfect tagging and an ascertainment effect also explain the feature of the plots
whereby the underestimation is much less for smaller true effect sizes. If the true effect
is small and the true causal variant is not well-tagged on the genotyping chip, there will
not be enough power for the GWAS and subsequent replication to reach significance
(Iles, 2008), with the result that the corresponding simulation will not contribute to the
plot. But if the true effect is large there may still be power to see a significant result
when the true variant is not well tagged, so the simulation contributes to the plot and
shows the underestimation. Put another way, if the true effect is small, it will only be
detected in an association study if the causal SNP is well tagged, and in this case the
effect size will be reasonably well estimated. This second ascertainment effect explains
the lack of underestimation at hit SNPs not strongly correlated to the causal SNP in

the leftmost panel of Figure 3.2.

3.3 What true effects might underlie the effects estimated

from GWAS?

The results in the previous section describe the distribution of estimated effect sizes as a

function of known true effect sizes. In practice we are interested in the reverse question,
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Figure 3.1: Distribution of estimated effect sizes - Histograms of estimated relative
risks (RR), for three different true relative risks indicated by a vertical dashed line in
each plot. Histograms include all simulations where the most associated (hit) SNP was
significant in both the initial study and the replication study.
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Figure 3.2: Relationship between underestimation and correlation - Scatter
plots of the ratio of estimated to true relative risk against the correlation (r?) between
the disease SNP and the hit SNP, for three different true relative risks. The horizontal
dashed line indicates a ratio of 1. Points below the line are underestimated, and above the
line, overestimated. (Note that in the case where the hit SNP is also the causal SNP the
correlation is 1.)
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namely what true effect sizes are plausible in light of the effect size actually estimated
from a GWAS and follow up study? We will see that this requires assumptions about
the true distribution of effect sizes. Indeed, writing RR for the relative risk, and RAF
(risk allele frequency) for the allele frequency at the risk allele, application of Bayes’

theorem gives,

Pr(RRtrye: RAFrye) | RRopserved: BAFobserved) X (3.1)

Pr(RR RAF, | RRtpye, RAFpye) X Pr(RRipye, RAFye)

observed> bserved

where RRtyqe refers to the relative risk at the causal SNP and RR, refers to the

observed
relative risk at the hit SNP, and similarly for the risk allele frequency. Our simulation
study allows us to estimate the first factor on the right hand side of Equation 3.1, and
we do so by discretising both the observed and true RR and RAF and creating a matrix
of counts based on our simulations over the ENCODE regions.

In order for this approach to be maximally informative, the observed relative risks
should be taken from a study that matches as closely as possible the particular features
of the simulation design. As discussed in the previous section, and in Chapter 2, the
Affymetrix 500k chip is enriched in the ENCODE regions. Therefore, the simulation
results should ideally be used to estimate the posterior distribution of effect sizes for a
GWAS study conducted with the Affymetrix 6.0 chip (or one with a similar genome-
wide marker density to that of the Affymetrix 500k chip in the ENCODE regions).

The second factor on the right hand side of Equation 3.1 is the assumed joint
distribution of true risk allele frequencies and effect sizes, which is of course unknown.
We proceed by making two different sets of assumptions about these unknowns. In each
case we assume that the distribution of risk allele frequencies is given by the empirical
distribution of allele frequencies in the ENCODE regions. In effect this assumes that
any SNP variant is, a priori, equally likely to affect disease status. What differs between

the sets of assumptions is the assumed effect size of a particular variant. Our first set
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3.3 What true effects might underlie the effects estimated from GWAS?

of assumptions posits that the distribution of effect sizes is the same for all putative
causal variants, regardless of their allele frequency, and that effect sizes are close to those
observed in GWAS studies. The second set of assumptions explicitly assumes that there
might be larger effects at variants with smaller minor allele frequency. These priors are
described in detail in the Introduction.

Under either set of assumptions, we can use our simulation study, and Equation 3.1
to estimate the conditional distribution of true effect size and risk allele frequency in
light of the observed data at the GWAS hit SNP. Figure 3.3 illustrates this, showing
estimates of the posterior distribution of the true effect size conditional on observing
risk estimates in different ranges for different observed risk allele frequencies, and under
the two different prior assumptions on effect size distributions.

There is a subtle relationship between power and effect size underestimation, as
our results in Figures 3.1 and 3.2 show. For causal variants of the same minor allele
frequency, the non-centrality parameter of the chi-squared test is proportional to N 32,
where N is the sample size and e? is the relative risk (Vukcevic et al., 2011). Thus a
variant with a relative risk of 1.3 in a study with a sample size of 2000 cases and controls
has roughly the same non-centrality parameter as a variant with a relative risk of 1.1 in
a study with a sample size of approximately 2800 individuals when the variants’ minor
allele frequencies are equal. We recognize that the relative risk ranges considered in
Figure 3.3 may not be representative of the majority of GWAS hits, but qualitatively
similar conclusions apply to lower relative risk ranges with the same observed risk allele
frequencies, so long as the sample sizes are appropriately adjusted in the comparison.

A common feature of the histograms in Figure 3.3 is that the mode of the posterior
distribution on the true effect size is on, or very close to, the upper bound of the
observed estimate. That is, current estimates from GWAS studies of effect sizes from a
common SNP in the ranges shown are most likely to be close to the truth. It is expected

that estimated effects within any given range are more likely to be at the upper bound
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Figure 3.3: Posterior distribution on true relative risk - Histograms showing the
posterior distribution of the true relative risk (RR) conditional on observing an estimated
relative risk in the range 1.2-1.3 at the hit SNP (vertical dashed lines). Right hand plots
condition on the observed risk allele frequency (RAF) being between 20 and 50%, while the
left hand plots condition on a RAF less than 20%. Results are shown using two different
priors on RR and RAF: the blue histograms are the posterior distribution obtained using
a conservative prior, and the red histograms are the posterior distribution obtained using
the MAF-dependent prior.
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rather than the lower bound, because larger effects are more likely to generate a signal
of association strong enough to pass the p-value thresholds commonly implemented in
GWAS. This explains the left hand tail of the distributions represented in Figure 3.3.

Figure 3.3 also shows that there is some probability that the effect size at the causal
variant is greater than that estimated from the most associated SNP. Interestingly, the
observed risk allele frequency impacts our posterior belief about the true effect size,
under either set of prior assumptions, with underestimation being more marked when
the risk allele at the hit SNP is rarer. Under the conservative prior, when the risk allele
at the hit SNP has less than 20% frequency in the control population, the probability
that the relative risk is above 1.3 is 55%, compared to 39% when the risk allele frequency
is between 20-50%. The corresponding numbers for the MAF-dependent prior are 67%
and 44%. There are several different phenomena at work here. If the hit SNP is
the causal SNP then, assuming that the association is strong enough to be detected
and replicated in the GWAS, there is no systematic underestimation (and very little
overestimation as we assume the effect size is estimated from the replication sample).
However, conditional on the hit SNP not being causal, the distribution of LD with
the true causal SNP, and therefore the propensity for underestimation, depends on its
allele frequency. The posterior distribution on the true effect size given the observed
frequency and effect of the hit SNP can be viewed as a mixture of these two scenarios,
weighted by their conditional probabilities. Rarer SNPs are less likely to be tagged
well by single markers (International HapMap Consortium, 2005), and, as noted above,
poor tagging leads to underestimation of effect sizes. In contrast, for a common SNP,
the associated allele is more likely to be well correlated with the causal allele, so there is
relatively less underestimation. Under the MAF-dependent prior, when the associated
allele is low-frequency, the causative allele will tend to be low-frequency as well, and
so potentially of larger effect. In the scenario where we believe in larger effects at

rare causal alleles and have observed a SNP with low RAF and estimated relative risk
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Table 3.1: Replicated SNPs for Type 2 diabetes (Zeggini et al., 2008).

Gene SNP RAF OR
KCNJ11 rsb219 0.4 1.15
PPARG rs1801282 0.85 1.23
TCF7L2 rs7901695 04 1.37
SLC30A8 rs13266634 0.72 1.12
WFS1 rs10010131 0.6 1.11
HHEX/IDE rsb015480 0.63 1.13
CDKALI1 rs10946398 0.36 1.16
CDKN2A/B rs10811661 0.86 1.19
FTO rs8050136 0.45 1.23
IGF2BP2 rs4402960 0.35 1.11
TCF2 rs757210 0.43 1.08
JAZF1 rs864745 0.501 1.1

CDC123/CAMKID rs12779790 0.18 1.11
ADAMTS9 rs4607103 0.76  1.09
THADA rs7578597 0.9 1.15
NOTCH2 rs10923931 0.106 1.13
TSPANS8/LGR5 rs79611581 0.269 1.09
MC4R rs17782313 0.24 1.09

between 1.2 and 1.3, there is a 2% chance that the source of the signal is a variant
which actually doubles, or more than doubles, the risk conferred by each copy of the

causal allele.

3.3.1 Consequences for individual disease risk

One consequence of the potential underestimation of effect sizes from GWAS findings
is that, as we move to better identification of the actual causal variants through fine
mapping and/or functional studies of associated regions, our estimates of their effect
sizes might well increase. Assuming a multiplicative model of risk across loci, these
small expected changes could combine to increase the relative risk of disease in those
individuals with highest genetic risk of disease.

To investigate this, we simulated genotypes at known associated loci in a population

of individuals (assuming Hardy-Weinberg equilibrium and no linkage disequilibrium
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Table 3.2: Replicated SNPs for Crohn’s disease (Barrett et al., 2008).

Gene SNP RAF OR
IL23R rs11465804 0.932 2.52
ATGI16L1 rs3828309 0.53 1.25
MST1 rs9858542  0.567 1.17
PTGERA4 rs4613763  0.125 1.35
— rs2188962  0.412 1.36
IRGM rs11747270 0.091 1.35
TNFSF15 rs4263839  0.676 1.2

ZNF365 rs10995271 0.393 1.26
NKX2-3 rs11190140 0.477 1.2

NOD2 rs2066847  0.018 4.01
PTPN2 rs2542151  0.152 1.32
PTPN22 rs2476601  0.899 1.33
— rs9286879  0.244 1.18
— rs11584383 0.674 1.2

IL12B rs10045431 0.705 1.11
CDKALI1 rs6908425 0.78 1.21
— rs7746082 0.288 1.18
CCR6 rs2301436  0.448 1.42
— rs1456893  0.679 1.18
— rs921720 0.606 1.17
JAK2 rs7849191 0.602 1.12
— rsl7582416 0.345 1.18
Cllorf30 rs7927894  0.376 1.23
LRRK2, MUC19 1rs11175593 0.017 1.63
— rs3764147 0.221 1.25
ORMDL3 rs2872507  0.473 1.13
STAT3 rs744166 0.564 1.18
— rs4807569  0.209 1.16
— rsl736135  0.567 1.16
ICOSLG rs762421 0.388 1.09

Table 3.3: Replicated SNPs for breast cancer (Pharoah et al., 2008).

Gene SNP RAF OR
FGFR2 rs2981582 0.38 1.26

TNRC9 rs3803662 0.25 1.2
MAP3K1 1rs889312 0.28 1.13
LSP1 rs3817198 0.3 1.07
— rs13281615 04  1.08
— rs13387042 0.5 1.2
CASPS rs1053485 0.86 1.13
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3. EFFECT SIZE ESTIMATION IN GWAS

across loci) for each of breast cancer, type 2 diabetes, and Crohns disease, based on
the reported risk allele frequencies given in Tables 3.1 - 3.3.

Given a set of causal loci, we can stratify individuals in the population on the
basis of their genotypes. At the lowest end of the risk spectrum are individuals with
all protective alleles; at the highest end of the risk spectrum are individuals with all
risk-conferring alleles. We then calculate the average risk of developing disease for
individuals in a given risk bracket compared to the mean risk in the population. We
make three sets of assumptions about the set of causal loci and calculate individual
risks by simulating genotypes under each set of assumptions. First we suppose that
the causal loci are in fact those reported in Tables 3.1 - 3.3. These are the unadjusted
results. Second, we allow for uncertainty in the estimation of true effect sizes, under the
conservative prior, by averaging over the posterior distributions on RAF and RR given
the GWAS findings. Third, we we allow for uncertainty in the estimation of true effect
sizes, under the MAF-dependent prior, by averaging over the posterior distributions on
RAF and RR given the GWAS findings.

We assumed that risks combined multiplicatively across loci. For NOD2 and IL23R
in Crohns disease, where the causal haplotypes are thought to be known, here and below
we used the effect sizes for the known variants, and did not average over uncertainty.
Because all three diseases have been extensively studied, we approximated the GWAS
discovery process as corresponding to a GWAS discovery sample of 5,000 cases and
5,000 controls, and a replication sample of 10,000 cases and 10,000 controls. The
actual discovery process for each of the diseases is complicated, often involving meta-
analysis and/or multistage discovery, and not straightforward to model accurately, but
the approach we use should capture the fact that GWAS-discovery were ascertained
through study of large numbers of samples.

The results of the three simulations are given in Table 3.4. The unadjusted simu-

lations give estimates of how much more at risk individuals with the greatest genetic
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Table 3.4: Adjusted estimates of individual risks

Type II Diabetes

x% 50 25 10 5 1 05 0.1
Unadjusted 14 1.7 20 22 2.8 3.0 3.6
Conservative 1.6 20 25 29 3.8 43 5.3

MAF-dependent | 1.9 2.7 39 50 85 104 16.2
Crohn’s Disease

x% 50 25 10 5 1 0.5 0.1
Unadjusted 21 3.0 44 56 94 115 17.6
Conservative 24 34 51 6.6 11.5 14.1 22.1
MAF-dependent | 2.9 4.4 7.0 9.7 185 239 41.2
Breast Cancer

x% 50 25 10 5 1 05 0.1
Unadjusted 1.3 15 1.7 1.8 20 22 24
Conservative 14 16 19 21 25 2.7 3.0

MAF-dependent | 1.5 1.9 24 28 38 43 55

propensity to disease are, based only on GWAS loci, relative to the average person in
the population. As expected, the fold change in risk of individuals carrying a large
fraction of risk variants is dependent on the number and magnitude of known loci. For
example, individuals in the top 0.1% of risk for Crohns disease are 18 times more likely
than the average person to develop the condition, whereas for breast cancer, where the
number of common loci and associated relative risks is typically smaller, the equivalent
number is just over two-fold.

The second and third simulations attempt to average over the possible outcomes of
our future efforts to map causal mutations, in order to reveal the likely gains in our
ability to stratify individuals on the basis of risk. These use the methodology above,
under both prior distributions, to average over the posterior distribution of the allele
frequency and effect size at the causal SNPs underlying reported GWAS loci for the
three diseases. These adjusted estimates are also shown in Table 3.4. Across diseases
we see that there is a significant increase in the risk associated with carrying multiple

risk variants. In particular we see that the biggest differences in risk are for those
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3. EFFECT SIZE ESTIMATION IN GWAS

individuals in the extreme tail. It is these individuals who carry the stronger, likely
rarer, risk alleles which are currently insufficiently characterised by the most significant
signal of association in some regions identified to be important in disease. For example,
the risk of an individual in the top 0.1% of the population for genetic risk typed at
the causal loci underlying currently known GWAS loci will be increased by a factor
of 3-5.5, 5.3-16.2, and 22-41.2 compared to an average individual, for breast cancer,
type 2 diabetes and Crohns disease. These are notably greater increases in risk than
predictions based on the hit SNPs from GWAS loci given in Tables 3.1 - 3.3, which
would be 2.4, 3.6 and 17.6 respectively.

At the beginning of this section, we noted that the efficacy of our approach relies
on the ability of our simulations to mimic the GWAS study from which the risk loci
and their effect sizes derive. Particularly important, the pairwise correlations between
potential causal SNPs and their markers on the chip should be recapitulated, so that
the correction for effect size underestimation is properly calibrated. On the one hand,
the type 2 diabetes loci were identified by a meta-analysis that tested over 2.1 million
genotyped and imputed SNPs (Zeggini et al., 2008), the Crohn’s loci were identified
by a meta-analysis that tested 635,547 genotyped and imputed SNPs (Barrett et al.,
2008), and the breast cancer loci were identified by two studies, one which tested 266,732
SNPs genotyped with a Perlegen microarray, and one which tested nine candidate SNPs
(Pharoah et al., 2008). On the other hand, our simulations report underestimation in
the setting of a GWAS conducted with a genotyping chip with approximately 900,000
SNPs. Clearly these studies do not perfectly match the parameters of our simulations,
and reflect the limitations of data available at the time. The interpretation of our
results should be adjusted accordingly. In particular, we would expect the correction
for the type 2 diabetes loci to be overly liberal, the correction for the Crohn’s disease
loci to be likely too conservative, and the correction for the breast cancer loci to be far

too conservative. The same limitations apply in the next section, where we apply the
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3.3 What true effects might underlie the effects estimated from GWAS?

same methodology to the question of missing heritability.

3.3.2 Missing heritability

We have shown above that, as we move to identification of the true causal variants
underlying GWAS associations, through fine mapping and functional studies, their
effect sizes will tend to increase — in a minority of cases, substantially — compared to
current estimates from GWAS. This will, in turn, increase the amount of heritability
explained by these diseases. We can use the approach developed here to try to quantify
this effect.

We investigated this question in the context of the three diseases just described,
namely breast cancer, type 2 diabetes, and Crohns disease. For each disease we took
the set of hit SNPs from published associated loci listed in Tables 3.1 - 3.3 and, for our
two prior distributions on effect sizes, we estimated the posterior distribution of both
the effect size and the allele frequency for the causal SNP at each locus, as described in
the previous section. One commonly used measure of heritability is sibling recurrence
risk ratio, often denoted by As: the relative increase in risk to an individual if their
sibling has the disease compared to the baseline risk in the population as a whole
(Risch, 1990). Assuming, as is usual for heritability calculations (Thomas, 2004), that
there is no interaction between loci, Ay can be calculated as a function of the risk allele
frequency and effect size for each causal variant (see Equation 1.3). In order to allow
for uncertainty in the allele frequency and likely underestimation of the effect size at
the causal variants underlying GWAS associations, we averaged this expression over
the posterior distribution of these quantities, given the GWAS findings. Specifically,
we calculated sibling relative risk as given by Equation 1.3 using estimates of RR and
RAF of replicated loci. We then simulated 100,000 times from the posterior distribution
of true RR and RAF of each locus, conditional on the reported RR and RAF, using

the simulation approach and the two different priors as described in Chapter 2. For
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each set of simulations, we recalculated g at each locus and summed over loci, giving
a sample from the posterior distribution of sibling risk.

The results are shown in Figure 3.4. For each disease they show that the heritability
due to already identified GWAS loci will be higher than current estimates, under either
set of assumptions about true effect sizes, but particularly under the MAF-dependent
prior. Whereas the current estimates of the contribution to Ag from GWAS loci are
1.05, 1.08, and 1.49 for breast cancer, type 2 diabetes, and Crohns disease, these may
well be 1.08, 1.14, and 1.60 (the means under the conservative prior) and they could
plausibly be as high as 1.71, 1.80 and 3.54 (the posterior 95th percentiles under the
MAF-dependent prior). As before, these estimates should be interpreted with the un-
derstanding that the ascertainment method is not perfectly matched by the simulation
study (particularly with respect to marker density), so that the true explained her-
itability captured by GWAS loci in type 2 diabetes is likely to be smaller than the
results suggested by our method, while the true explained heritability in Crohn’s dis-
ease and breast cancer are likely to be higher, and possibly much higher, respectively.
Whilst some of the ‘missing’ heritability is thus disguised rather than missing, we note
that this effect does not account for the extent of the gap between estimates of sibling
relative risk — 1.8, 2, and 10, respectively, from family studies (Pharoah et al., 1997;
Tysk et al., 1988; Weijnen et al., 2002) — and those explained by currently known loci

in Crohn’s disease. We return below to a discussion of the discrepancy.

3.4 Discussion

The correlation between alleles along the human genome has allowed GWAS to look
for regions associated with disease without having to either genotype all known genetic
variation or guess a priori which regions of the genome may be important. Although

this approach has been a significant success, there is a predictable downside of using
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Figure 3.4: Adjusted estimates of explained heritability - Cumulative density
functions for explained sibling risk (estimated A4) in breast cancer (BC), Type 2 Diabetes
(T2D) and Crohn’s disease (CD) under the conservative (blue) and MAF-dependent (red)
priors. The dotted line indicates the value of A\s based on replicated loci in each of the three
diseases. The quoted values of sibling risk (lower right hand corner) are from references
given in the text. Posterior distributions were calculated assuming a GWAS of 5,000 cases
and controls and a replication study of 10,000 cases and controls.
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a subset of variation to tag, or predict, untyped diversity: for the vast majority of the
SNPs identified as mediating disease risk, we are left uncertain as to whether they are
causally involved in the pathway from genotype to phenotype, or, much more plausibly,
are just surrogates for the causal variation.

GWAS associations will thus typically relate to a noisy measurement of the causal
variant. One consequence of this is that the size of the genetic effect associated with
GWAS loci may be underestimated. We quantified this through an extensive simulation
study designed to mimic patterns of linkage disequilibrium in European Caucasian
populations. We draw two broad conclusions from these analyses. Firstly, a significant
proportion of estimated relative risks will be biased downwards because the hit SNP
is a powerful, but imperfect, tag for the true causal variation. Secondly, in most cases
this effect will be relatively minor, but in some instances, the hit SNP may actually
be a poor predictor of a putatively rarer SNP with a much larger effect, in which case
the effect size estimated from the GWAS finding will substantially underestimate the
true effect size. As denser chips are deployed in GWAS, we would expect that an
increased number of SNPs represented on the chip will result in better tagging, and
correspondingly less effect size underestimation. The number of cases in which the
underestimation will be substantial because the hit SNP is a poor tag for the causal
SNP will be reduced to the extent that denser chips better represent rarer variation.

The exact proportion of reported associations which fall into these two categories —
minor effect size underestimation due to good tagging, or substantial effect size under-
estimation due to poor tagging — depends on properties of the design of the study from
which the SNP was identified, and on one’s belief about how likely common (> 1%)
variants of large effect are to cause common diseases. The statistical power afforded by
any particular association strategy sets a lower limit on the size of effect that can be
underestimated because an imperfect tag of an allele with a small effect size will simply

fail to achieve genome-wide significance. Other properties of GWAS strategy, such as
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sample ancestry and the number of markers typed, also change our interpretation of
observed effect sizes because they influence the distribution of linkage disequilibrium
between putative hit SNPs and causal variants.

Our findings show that, at any particular locus, especially if the associated SNP
has a low MAF, the true effect could be quite large. But we would not expect this
to be widespread. Were many true effects this large it would be extremely surprising
for so few of them to have been observed: although any one such causal SNP may
not be well tagged on the genotyping chips used for GWAS, some of them will happen
to be at least moderately well tagged, and their detection would lead to much larger
estimates than have been seen from current studies. This supports the conclusions of
Anderson et al. (2011) in the setting of single rare variant synthetic associations: our
results suggest that if the majority of underlying causal variants were rare, then their
tags would tend to be rarer, on average, than the allele frequencies of the majority of
SNPs arising from GWA studies.

One way of viewing the posterior distribution on the true effects shown in Figure 3
is as a probability distribution on the outcome of efforts to fine map current regions of
association. Although the quantitative nature of the posterior depends on the prior, we
have shown that the qualitative conclusions are the same for two prior distributions that
represent different beliefs about the true effect size distribution. In this light, our results
inform questions of the design and value of fine mapping experiments. First, simulations
similar to those described above (assuming causal variation to be distributed like SNPs
in ENCODE regions) suggest that less than 8% of the time will the hit SNP actually be
the causal SNP. This will be discussed further in Chapter 5. On the one hand, we note
that there may be more reward in terms of gains in predictive ability and increases in
effect size from fine mapping SNPs with lower minor allele frequency because they are,
on average, more likely to be in poor LD with an unobserved causal variant. On the

other hand, our simulations show that although they are unlikely to be causal, most
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common hit SNPs are likely to be very good surrogate markers for their causal variant.
Indeed, in 25% of cases, the hit SNP will be a near-perfect surrogate (i.e. 2 > 0.99)
for the causal variant. Should this be the case, further genotyping will not reveal other
SNPs with stronger associations unless sample sizes are extremely large.

Here we have quantified the increased spread of genetic risk with genotypes just
at known loci, and only considering a multiplicative disease model. But even in this
restricted setting, there will be substantial differences in risk between high- and low-
risk groups based on these genetic factors. For example, the propensity of individuals
in the top 0.1% of the population distribution of genetic risk of type 2 diabetes will
be increased by a factor of 5-16, compared to the average. For breast cancer, in the
analogous top-risk group this risk will be increased by a factor of 3-5 (on the basis of
common variation). As discussed in §3.3.1, the increased risk in the high-risk groups for
Crohn’s and breast cancer are likely even higher, while the increased risk in the high-risk
groups for type 2 diabetes is potentially overestimated by our method. Importantly,
with the growth of GWAS findings, both in terms of numbers of diseases and numbers
of loci for particular diseases, more and more of the population will be in this most-
at-risk category for at least one disease: assuming 100 independent diseases, nearly
10% of the population will be in the top 0.1% of risk of at least one disease. Knowing
which individuals these are, and what diseases they are most at risk of, is therefore
potentially useful information, both to the individual and at the population level. The
issues involved in utilising such information in screening programmes (discussed for
example in Pharoah et al. (2008)) are complicated, but our results strengthen the
arguments for consideration of this possibility.

We have shown that some of the missing heritability for common disease actually
resides in known GWAS loci and have estimated this deficit for three particular diseases.
While rather more heritability is likely to be explained by known GWAS loci than has

been reported, this effect alone falls short of explaining all the missing heritability,
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particularly in Crohn’s disease. Note, however, that there are other reasons why existing
loci may explain more heritability than currently thought. One reason is that power to
detect small effects is typically low. Recent papers suggest that correcting for limited
power can contribute substantially to the heritability explained by GWAS loci (Park
et al., 2010; Yang et al., 2010a). In addition, current calculations (by others, and above)
focus on a single causal variant in each associated region: more variants within regions
will explain more heritability. They also ignore possible non-additive disease effects,
and interactions between variants at different loci, topics which will be touched on in
Chapter 6. Power to detect either is low (Wellcome Trust Case Control Consortium,
2007), so it is misleading to put much weight on the failure of existing designs to find
such effects. As others have noted (Maher, 2008), parts of the missing heritability could
be due to multiple rare variants of large effect, associations with other forms of genetic
variation such as copy number polymorphisms, and epigenetic effects. Indeed it would
be surprising if each did not play some role. Another possibility is that estimates of the
“genetic” component of disease susceptibility, from epidemiological studies, confound
shared environment with shared DNA, and so inflate heritability estimates (Clayton,

2009; Wallace & Clayton, 2003).
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The influence of different SNP
chips, different populations, and
imputation on effect size

estimates

Two primary features of GWAS design are the population in which the study is con-
ducted and the genotyping chip used for sequencing. As discussed previously, an im-
portant factor in the success of a GWAS design is the pattern of linkage disequilibrium,
and the consequent ability of genotyping chips to provide surrogates for common vari-
ation. Genotyping chips capture common variation differently, depending on the way
in which SNPs on the chip were selected, and likewise different populations have dif-
ferent patterns of linkage disequilibrium. Thus the choice of population together with
the choice of chip influences the outcome of a GWAS, even if the causal variants have
the same properties; in practice, the causal variants may in fact have different allele

frequencies or effect sizes in different populations.
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In Chapter 3 we focussed on one population (CEU) and one genotyping chip
(Affymetrix 500k). In this chapter we ask how varying the genotyping chip and the
population influences the effect size underestimation observed in the previous chapter.
We show that estimates of the size of the genetic effect based on the best SNP from
the genotyping chip can often closely approximate the effect size at the true causal
SNP, as before. However, in those cases in which the causal SNP has a large effect size
and is poorly tagged, the choice of genotyping chip and population can influence the
extent of the underestimation of the true effect size. Others have examined the ability
of different genotyping chips to detect causal loci (see Eberle et al. (2007) and Spencer
et al. (2009)) but have not addressed the issue of effect size underestimation.

Within the constraints of a given population and chip, a GWAS design can poten-
tially be enhanced by the use of imputation. Genotype imputation has become a widely
used tool in GWAS studies to boost power, fine-map associations, and combine results
across different genotyping chips for the purpose of meta-analysis (Marchini & Howie,
2010). By probabilistically “filling in” data at ungenotyped SNPs, imputation offers a
way to test more markers in a GWAS, and we hypothesized that this might mitigate
effect size underestimation. We conducted a modified simulation study in which we
used imputation to obtain genotypes at all of the SNPs in the ENCODE regions and
show that the use of imputation improves effect size estimation modestly in the CEU
population with the Affymetrix 6.0 chip and substantially in the YRI population with
the Illumina 550 chip.

Spencer et al. (2009) use HAPGEN, in a similar experimental design to the one
we employ here, to compare the performance of a variety of chips with and without
imputation in detecting variants of different effect sizes and allele frequencies. There
are two differences to the analysis discussed in this chapter, aside from the diverse
objectives of the studies discussed above. The first difference concerns the regions in

which the simulation study was conducted: whereas Spencer et al. (2009) use randomly
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drawn regions of the genome, we specifically use the ENCODE regions (see Chapter 2).
Because the ENCODE regions are more densely genotyped than regions of the genome
at large, this allows us to better assess the potential contribution of causative alleles
in the lower frequency end of the allele spectrum. The second difference is the variety
of genotyping chips we choose to explore. Although the specific chips we chose in our
study differ from those in Spencer et al. (2009), the same trends (chip density, and

selection of markers based on LD or not) affect our results.

4.1 Different SNP chips

As GWAS have developed, so too have the genotyping chips with which they are con-
ducted. Some genotyping chips (in particular, those produced by Illumina) are de-
signed with particular patterns of LD in mind; others (specifically some produced by
Affymetrix) are selected by a process that turns out to be nearly random (Spencer
et al., 2009). Consequently, different chips each have their own effects on the observed
GWAS results. Here we compare effect size estimates across multiple SNP chips for
simulations conducted in the CEU population.

Figure 4.1 shows the distribution of estimated effect sizes at the replicated hit SNP
for three different values of the true effect size and four different genotyping chips.
All of the distributions have peaks around the true effect size assumed at the causal
SNP. However, as observed in the previous chapter, there is often underestimation of
the true effect size, and this underestimation can be substantial, especially when the
true effect is large. As seen in Figure 4.1, the pattern of underestimation depends on
the genotyping chip. Because our simulations are conducted in the ENCODE regions,
the comparisons between genotyping chips should be considered with attention to their
densities in the ENCODE regions and not genome-wide. For instance, the Affymetrix

6.0 and Ilumina 550 chips have similar numbers of SNPs in the ENCODE regions
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(see Table 2.2), and correspondingly similar distributions of estimated relative risk, as
evidenced in Figure 4.1. Genome-wide, we would expect the distribution of estimated
relative risks for the Affymetrix 6.0 chip to closely resemble that of the Affymetrix
500k in Figure 4.1, while the distribution for the Illumina 550 would show even more
underestimation.

When the true relative risk is 4, the estimated effect size was less than 2 in 11% of
the simulations in which GWAS successfully discovered the effect with the Affymetrix
500k chip; this percentage was 6% for the Affymetrix 6.0 chip, 5% for the Illumina
550, and 3% in simulations with the Illumina 1.2M chip. As we saw in Chapter 3, the
underestimation is due to imperfect tagging, but different chips show various patterns of
tagging. In Figure 4.2 we plot the relative under- (or over-) estimation of the effect size
(estimated effect size divided by the true effect size) as a function of the correlation
between the hit SNP and the true causal variant. Substantial underestimation can
occur in cases when significant and replicable associations are detected at tag SNPs
with r? a2 0.2 with the causal variant (Figure 4.2, RR=4, Illumina 1.2M chip).

The similar pattern of the plots shown in the columns of Figure 4.2 reveals an
important feature of the results, namely, that effect size underestimation is driven by
LD. For a given value of the correlation between the hit and the causal SNP, the
effect size underestimation is the same across genotyping chips. The differences in
observed effect size distributions shown in Figure 4.1 are due not to different underlying
mechanisms, but to variations in the properties of the marker SNPs on the particular
chips. For example, if we choose an arbitrary causal SNP, the closest proxy will be
farther away if we conduct the GWAS with the Affymetrix 500k chip rather than the
Affymetrix 6.0 chip, and so there is more underestimation, evidenced in Figure 4.1.
But the distributions in Figure 4.2 for the Affymetrix 500k and Affymetrix 6.0 chip
are remarkably similar in their overall patterns. The Affymetrix 500k plots have more

points at lower values of the correlation between the hit and causal SNP than the
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Affymetrix 6.0 plots because, for a given causal SNP, there is more likely to be a better

proxy in the Affymetrix 6.0 chip than the Affymetrix 500k chip.

4.2 Different populations

GWAS have, as of this writing, predominantly focussed on populations of European
ancestry, with populations of Asian and African ancestry generally underrepresented
(Yang et al., 2010b). In addition to the chip used in a GWAS, another factor that
influences GWAS results is the population in which the study is conducted. Since
patterns of linkage disequilibrium and minor allele frequency distributions differ among
populations (International HapMap Consortium, 2005), in addition to the clinical man-
ifestations and/or the prevalence of many disease phenotypes, we consider the impact
of the underlying population in observed effect size estimates with the Affymetrix 6.0
chip. We chose the Affymetrix chip for the cross-population comparison because SNPs
on this chip were not as biased towards the CEU population as the Illumina chips
considered in the previous section (Spencer et al., 2009).

In §4.1, the underlying population, and thus the number of potential causal vari-
ants, was fixed. By varying the population, we are now considering two factors that
influence effect size underestimation: (1) the LD patterns between the causal variants
and their markers on the genotyping chip, as before, and (2) the underlying distribu-
tion of causal variants. Figure 4.3 shows the allele frequency distributions in each of
the three HapMap populations considered in our simulations. Note that there are a
greater number of lower-frequency variants (<5%) in the YRI population (International
HapMap Consortium, 2005). We expected that effect size underestimation would be
greater in the YRI population because lower-frequency variants tend to be more poorly
tagged by the genotyping chip (Spencer et al., 2009).

This expectation is borne out in Figure 4.4, which shows the distribution of esti-
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Figure 4.1: Distribution of estimated effect sizes for different genotyping chips -
Histograms of estimated relative risks (RR), for three different true relative risks indicated
by a vertical dashed line in each plot and four different genotyping chips. Histograms
include all simulations where the most associated (hit) SNP was significant in both the
initial and the replication study. Density is represented on the y-axis.
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Figure 4.2: Relationship between underestimation and correlation for different
genotyping chips - Scatter plots of the ratio of estimated to true relative risk against
the correlation (r?) between the disease SNP and the hit SNP, for three different relative
risks and four different genotyping chips. The horizontal dashed line indicates a ratio of 1.
Points below the line are underestimated, and above the line, overestimated. (Note that
in the case where the hit SNP is also the causal SNP the correlation is 1.)
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mated effect sizes at the replicated hit SNP for three different values of the true effect
size and the three HapMap populations. Particularly in the YRI population, the un-
derestimation can be substantial (see Figure 4.4). For example, when the true relative
risk is 4, the estimated effect size was less than 2 in 6% of the simulations in the CEU
and JPT4+CHB panels, compared with 14% in the YRI panel. There is also notable
underestimation in the YRI population when the true relative risk is 2: the estimated
effect size is less than 1.5 12% of the time, compared with 4% of the time in the CEU
and JPT+CHB panels. Therefore we expect that GWAS conducted in populations with
African ancestry will show greater effect size underestimation, while GWAS conducted
in populations with Asian ancestry will show comparable effect size underestimation to
that in CEU.

Figure 4.5 shows the relative under- (or over-) estimation of the effect size (estimated
effect size divided by the true effect size) as a function of the correlation between the hit
SNP and the true causal variant for the same three different causal relative risks in the
three populations. Despite the additional complication of comparing distributions that
arise from different underlying sets of causal variants, Figure 4.5 has the same property
as Figure 4.2 in §4.1: the columns of scatter plots all show a similar pattern. As before,
for a given level of correlation between the causal and hit SNPs, the underestimation is
the same across populations, suggesting that the effect size underestimation observed

in Figure 4.4 largely owes to LD.

4.3 Imputation

Imputation has become a standard tool in GWAS, both for refining association signals
and for meta-analysis (Marchini & Howie, 2010). Chapter 1 discusses the role of im-
putation in GWAS. In this section, we consider the potential of imputation to correct

for effect size underestimation.
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Figure 4.3: HapMap MAF distributions in three populations - Density of variants
in the three HapMap populations we consider. The density in CEU (yellow), JPT+CHB
(green), and YRI (maroon) is calculated by considering the number of variants in windows
of width 5%. The solid line shows the MAF distribution for the ENCODE SNPs, and
the dashed line shows the theoretical MAF distribution expected for the standard neutral

population model with constant population size and random mating. The figure is taken
from International HapMap Consortium (2005).

Reprinted by permission from Macmillan Publishers Ltd: International HapMap Consortium (2005).
A haplotype map of the human genome. Nature, 437, 1299-1320. © 2005 Authors

In practice, the implementation of imputation in a GWAS explicitly involves a
phasing step. Popular imputation algorithms incorporate the phasing step into their
software packages, often performing phasing and imputation together. So as not to con-
found the effects of phasing and imputation, we imputed into phased haplotypes rather
than individuals. We therefore begin with phased haplotype data at SNPs represented
on a particular genotyping chip, say the Affymetrix 6.0 chip. For concreteness, let’s
focus on a given ENCODE region, say ENm010. As we have seen, the Affymetrix chip
contains only a subset of the full set of SNPs known in ENm010. We might wish to
make an educated guess about the alleles at the unobserved SNPs. Suppose, further-
more, that a haplotype reference panel exists. In our example, this haplotype reference
panel is the same panel from which we simulate our population data, namely the anal-
ysis panel from HapMap II (International HapMap Consortium, 2007) (see discussion

below). As discussed in Chapter 2, the ENCODE regions show a fuller spectrum of
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Figure 4.4: Distribution of effect sizes for different populations - Histograms of
estimated relative risks (RR), for three different true relative risks indicated by a vertical
dashed line in each plot and three different populations. Histograms include all simulations
where the most associated (hit) SNP was significant in both the initial and the replication
study. Density is represented on the y-axis.
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Figure 4.5: Distribution of LD between the causal and hit SNPs for different

populations

- Scatter plots of the ratio of estimated to true relative risk against the

correlation (r?) between the disease SNP and the hit SNP, for three different relative risks
The horizontal dashed line indicates a ratio of 1.

and four different genotyping chips.

Points below the line are underestimated, and above the line, overestimated. (Note that
in the case where the hit SNP is also the causal SNP the correlation is 1.)
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SNPs than are represented in the HapMap data at large.

We conducted an experiment to mimic one type of imputation that might be per-
formed in a typical GWAS with the 1000 Genomes data by imputing at all the markers
typed in the ENCODE regions (1000 Genomes Project Consortium, 2010). There are a
number of programs available for imputation, and comparisons of these methods have
been described previously (Marchini & Howie, 2010; Pei et al., 2008). In particular,
we used the imputation software BEAGLE (Browning & Browning, 2007). We chose
to use BEAGLE rather than IMPUTE, the companion software to HAPGEN, because
of the concern that using the same underlying model for generating our simulation
populations and imputing genotypes would bias the results.

Figure 4.6 shows the steps in the simulated imputation experiment. First the phased
population panel generated by HAPGEN (see Chapter 2) was thinned to include only
data at the SNPs on the genotyping chip. All of the SNPs in the ENCODE region
were used for imputation. BEAGLE imputed the population data at the SNPs in the
reference panel of ENCODE haplotypes. The phased output file gives the most likely
haplotype pair for each individual, conditional on the genotypes from the population
data together with BEAGLE’s haplotype frequency model (Browning & Browning,
2007). The phased imputed haplotypes were then passed to the GWAS simulation
software described in Chapter 2. Imputation quality of the causal SNP was not used
as a criterion for discarding the simulation. Cases and controls were selected from the
phased population panel, pre-imputation, and then the imputed genotypes were used
for testing.

The way we implement imputation in the context of the simulation framework
described in Chapter 2 doesn’t exactly mirror how it is done in an actual GWAS
experiment. We utilized imputation in the population panel, rather than imputing each
case control sample individually, in order to avoid the computational intensiveness of

running many parallel GWAS imputations.
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The results of the imputation experiments should be considered as an upper bound
on how well imputation can perform in improving effect size estimates. This is because
we passed phased haplotypes, as well as a larger population, to the phasing software as
described above. In practice, unphased genotypes and a smaller population will reduce
the accuracy of the imputation experiment. Additionally, the Affymetrix 6.0 chip has
enriched marker density in the ENCODE regions, so that an equivalent chip would

have over 1.5 million SNPs genome-wide, similar to the latest chip releases.

Imputation Experiment

Phased Population Panel —H+—+—+———+—+——+—++—++—

Thin to SNPs on genotyping chip

|

Impute with BEAGLE
Outputs phased population panel

-ttt

|

Select cases and controls

|

Perform GWAS

Figure 4.6: Cartoon of the imputation experiment - The figure shows the process
whereby the population data, generated with HAPGEN, is imputed at the SNPs in the
ENCODE regions before cases and controls are subsequently selected and a simulated
GWAS is performed, as described in Chapter 2. SNPs on the genotyping chip are shown
in red along the haplotype.

Figures 4.7 and 4.8 show the results from the imputation experiment with the
Affymetrix 6.0 chip in the CEU population, contrasted with the results from simulations
conducted without imputation. Figure 4.9 highlights estimates from simulations in
which the causal and hit SNPs coincide. Note that, in this case, imperfect correlation
between the causal and hit SNPs results from imputation inaccuracy. Imputation

improves effect size estimation for higher causal relative risks. Table 4.1 gives the
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4. EFFECT SIZE UNDERESTIMATION IN DIFFERENT CONTEXTS

relative number of SNPs passing the significance thresholds in the initial and replication
experiments, as well as the proportion of SNPs underestimated in each experiment. In
this setting, imputation modestly improves effect size estimation. Notably, Figure 4.8
reiterates the same conclusion we drew from Figures 4.2 and 4.5. Again, the similarity
of the distributions for the same causal relative risks (down the columns in the figure)
is striking, indicating that a given amount of correlation between the causal and hit
SNP determines the degree of effect size underestimation.

The results of Figures 4.2, 4.5, and 4.8 together can be taken as evidence that the
driving force behind effect size underestimation is the LD between the pool of potential
candidate markers and a given causal SNP. If, for any given causal SNP, there is a
pool of perfectly or nearly-perfectly correlated candidate makers, then any effect size
underestimation will occur by chance. If, however, there are causal SNPs for which
no good surrogates exist, then there will be effect size underestimation to the extent
that diluted signals at the poor surrogates can pass initial and replication significance
thresholds.

We can test this hypothesis by performing an experiment in which the population
and the genotyping chip are explicitly mismatched, so that there is a significant pool
of causal SNPs that are not well-tagged by SNPs on the chip. One such example is
the Illumina HumanHap550 genotyping chip, which was designed with CEU patterns
of variation in mind, together with the YRI population. Figure 4.10 shows the bimodal
distribution of estimated relative risks that results, for high true relative risks, when
the chip is designed to tag an LD distribution divergent from that of the population
in the GWAS. The histogram shows a mixture of the two types of estimates that can
result: (i) the distribution, similar to that observed with a chip with “random” SNP
selection design, centered around the true estimate, and (ii) the distribution consistent
with low LD between the hit and causal SNPs, which is enriched in YRI because of the

number of low-frequency causal alleles. The second type of estimates can be removed
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Figure 4.7: Imputation in CEU with the Affymetrix 6.0 chip - The figure shows
histograms of effect sizes (RR) in the imputation experiment (purple) and without impu-
tation (grey) for imputation with the Affymetrix 6.0 chip in the CEU population. The
true relative risks (reading left to right) are 1.25, 2, and 4 respectively, as indicated by the
dashed lines. As before, only simulations in which the hit SNP was both significant in the
initial and the replication study are shown. Density is represented on the y-axis.
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Figure 4.8: Imputation in CEU with the Affymetrix 6.0 chip - The figure shows
scatters plot of LD (7?) between the causal and hit SNPs plotted against the underesti-
mation ratio (ratio of estimated to true relative risk) for the same relative risks and in the

same settings as in Figure 4.7 above.
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Figure 4.9: Effect size underestimation and correlation in the imputation ex-
periment - The figure shows the same scatter plot of LD (7?) and underestimation ratio
as in Figure 4.8 for imputation in the CEU population genotyped with the Affymetrix
6.0 chip. In this figure, however, cyan points represent coincident causal and hit SNPs.
The correlation between coincident causal and hit SNPs is not always 1 because the LD
is measured between the causal SNP in the simulated population and the hit SNP in the
imputed population.
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Figure 4.10: Histogram of effect sizes in YRI with the HumanHap550 chip -
The figure shows histograms effect sizes (RR) for simulations with the HumanHap550 chip
in the YRI population. The true relative risks (reading left to right) are 1.25, 2, and 4, as
indicated by the dashed lines.
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Figure 4.11: Imputation in YRI with the HumanHap550 chip - The figure
shows histograms of effect sizes (RR) for simulations with the HumanHap550 in the YRI
population with imputation. The true relative risks (reading left to right) are 1.25, 2, and
4, as above.
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Table 4.1: Imputation Results Summary. For each of three true relative risks, the
table shows the number of SNPs passing filters with and without imputation, and the
proportion of hit SNPs where the relative risk estimated at the hit SNP was less than that
at the causal SNP.

RR 1.25 2 4
Affy 6.0
CEU population
# SNPs passing filter (imputation) 3478 16612 18704
# SNPs passing filter (no imputation) 3239 16064 18152
% Imputed SNPs underestimated 55%  57%  60%
% Affy 6.0 SNPs underestimated 55%  62%  66%
HumanHap550
YRI population
# SNPs passing filter (imputation) 3069 18766 21966
# SNPs passing filter (no imputation) 2232 15692 19748
% Imputed SNPs underestimated 57%  64%  68%

% HumanHap550 SNPs underestimated 55%  74%  80%

by imputation, as shown in Figure 4.11, which provides a significantly better pool of
surrogates (namely, the imputed set of causal SNPs and those nearby SNPs in the
ENCODE YRI panel) than those offered on the genotyping chip. The improvement in

estimation is reflected in Table 4.1.

4.4 Conclusions

We began this chapter by asking how features of a GWAS design — the population
in which the study is conducted, the genotyping chip used for sequencing, and the
adoption of imputation — influence the effect size underestimation described in one par-
ticular GWAS design setting in Chapter 3. In Chapter 3 we showed that the linkage
disequilibrium between the causal variant and the best-associated SNP on the geno-
typing chip determined the extent of underestimation for the CEU population with the
Affymetrix 500k chip. In this chapter we extended that conclusion to three additional
genotyping chips (Affymetrix 6.0, Illumina HumanHap550, and Illumina Human1.2M),

to two additional populations (JPT4+CHB, YRI), and in the setting of imputation. The
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similarity between the results shown in Figures 4.2, 4.5, and 4.8 establishes that the
mechanism behind effect size underestimation, in all of the different design contexts
considered here, is the set of correlations between the pool of causal variants and the
pool of markers tested for association.

This mechanism explains the observed differences in effect size distributions in Fig-
ures 4.1, 4.4, and 4.7. As we noted before, the correlation between alleles along the
human genome differs among populations. Furthermore, genetic variation is tagged
differently by various genotyping chips, each of which represents a different subset of
variation that is used to predict untyped diversity. The main trends in Figures 4.1, 4.4,
and 4.7 can be summarized as follows: (i) denser genotyping chips are less susceptible
to effect size underestimation; (ii) GWAS conducted in populations of African ances-
try are expected to exhibit greater effect size underestimation than GWAS conducted
in either Caucasian or Asian populations; and (iii) imputation can improve effect size
underestimation. Each of these trends follows from the LD properties of the pool of
causal variants and the pool of markers, since (i) denser genotyping chips have the fea-
ture that, for a given causal variant, the best surrogate is closer (by genetic distance)
to the causal variant than the best surrogate on a less dense chip; (ii) the greater
number of lower-frequency variants in YRI increases the pool of poorly-tagged causal
variants, making underestimation more likely; and (iii) imputed genotypes provide a
pool of better surrogates (as measured by LD between the surrogate and causal SNPs)
than the markers on a genotyping chip. Together these trends imply that there may
be comparatively greater benefit to fine mapping signals discovered in GWAS with less
dense genotyping chips or in African ancestry, and suggests that effect size estimates
should be computed and reported from imputed genotypes in addition to the common
practice of reporting effect sizes estimated from the replication sample.

Finally, we considered the ability of imputation to ameliorate effect size underesti-

mation, and showed that its impact depends on the combination of chip density, design,
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and population. Imputation has a modest impact for the CEU population. In YRI,
imputation has a greater benefit, and can be particularly beneficial when the genotyp-
ing chip is designed for use in another population. Although we would hope studies in
populations of African ancestry would avoid the use of such chips, imputation provides
a way to “rescue” the significant effect size underestimation that results from poor
tagging in this instance. In general, we demonstrated that if the SNP has surrogates,
conditional on being discovered in a GWAS study, imputation goes some way to re-
versing the diminution of effect size observed at the hit SNP. The poorer the pool of
available surrogates on the chip, the more dramatic is this impact.

In all, our findings are consistent with the broad conclusions reported in Spencer
et al. (2009), while extending the approach to the question of effect size estimates.

Although obtaining accurate effect size estimates is an important goal, the ideal
outcome of a GWAS is to identify the causal SNP directly. Unlike accurate effect size
estimates, which can be obtained at any perfectly or nearly-perfectly correlated SNP,
identification of a causal SNP by considering only the hit SNP in a GWAS requires the
best-associated SNP to actually be the causal SNP. In the next chapter, we go on to
ask how often we expect the best-associated SNP in a GWAS to be coincident with the

causal SNP.
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The relationship between the
causal SNP and the hit SNP

The relationship between the causal SNP and the hit SNP — for instance, whether
they coincide, and if they do not, their genetic distances from one another — is a key
unknown in GWAS results. Ultimately, the goal of a GWAS is to point to variants of
biological relevance in the disease or trait under study. As we discussed in Chapter 3, a
predictable downside of exploiting patterns of linkage disequilibrium in the genome to
identify regions associated with disease is that the associated SNPs reported in GWAS
may not be causal variants themselves, but surrogates for the true causal variants.

In this chapter we quantify how often the causal and hit SNPs coincide in our sim-
ulations and discuss the implications of these results for the problem of fine mapping
association signals. The analyses herein utilise the results of the simulation study de-
scribed in Chapters 2 and 4. We show that, in GWAS conducted with a variety of chips
in the CEU population, the causal variant is unlikely to be identified by association,
although the hit SNP is often perfectly or nearly-perfectly correlated with the causal
variant. Thus, although effect size estimates can be significantly improved by increas-

ing the density of the genotyping chip or by a chip design that exploits LD patterns
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in the CEU population, these changes do not dramatically alter the proportion of the

time that the hit and causal SNPs will coincide.

5.1 Proximity between causal and hit SNPs

There are two main measures we will consider here to assess the proximity between the
causal and hit SNPs. The first is LD, measured as before by 72 between the causal
and hit SNPs. We ask, for a variety of r? thresholds, in what proportion of simulations
the LD between causal and hit SNPs exceeds a given threshold. The second measure
is genetic distance, measured in centimorgans (cM). We ask, in analogy to our r?

thresholds, in what proportion of simulations the causal and hit SNPs lie within a

given genetic distance of one another.

5.1.1 Causal SNPs on the genotyping chip

To inform our intuition, we first examined simulation results in which the causal SNPs
were represented on the genotyping chip. Figure 5.1 illustrates the possible scenarios
that can arise when the causal SNP is on the genotyping chip. From the perspective
of maximizing the number of coincident causal and hit SNPs, an ideal genotyping
chip would have the property that, for a given causal SNP, there was only one perfect
surrogate on the chip, and all other SNPs were imperfectly correlated. In practice, the
genotyping chips do not have this property. For instance, of the SNPs on the lllumina
550 chip, less than one-third have only one perfect surrogate (as shown in Figure 5.1),
and there are even fewer such SNPs on the Illumina 1.2M chip (27% in the Illumina
1.2M compared with 29% in the Illumina 550). This means that even when the causal
SNP is on the genotyping chip, it is competing with other perfectly correlated SNPs
for the lowest p-value in an association study, and as the number of perfect surrogates

increases, the chance that the hit SNP and causal SNP will be coincident decreases.
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(Note that we measure the amount of correlation in the simulated population panel.)
Thus there will be slight differences among the chips in the percentages of coincident
causal and hit SNPs, depending on the distribution of perfect surrogates. One can
extend this argument when comparing the proportion of coincident causal and hit SNPs
across populations with the same genotyping chip, since the different populations will
have different numbers of perfectly correlated SNPs on the same chip. We note that in
addition to perfectly correlated SNPs competing with the causal variant for association,
imperfectly but very well-correlated SNPs can also compete, although they will have a

smaller impact on the results.

Causal SNP on genotyping chip lllumina 550
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Figure 5.1: Cartoon of the possible relationships between the causal SNP and
the hit SNP when the causal SNP is on the genotyping chip - In the cartoon, the
causal SNP is represented by a yellow star above the haplotype on which it sits. The black
hatch marks represent SNPs in the ENCODE regions, the red hatch marks SNPs on the
genotyping chip in question. The histogram shows the distribution of perfect surrogates
for the Illumina 550 genotyping chip. Below the histogram two scenarios are illustrated:
one, in which there are no perfect surrogates on the chip (green) and another, in which
there are two competing perfect surrogates (purple).

The simulation results, for four different genotyping chips and in three different
populations, are shown in Figure 5.2. The non-centrality parameter of the trend test
depends on the relative risk, so as the relative risk increases, the power to identify the

causal SNP improves so long as the SNP is on the genotyping chip, as is the case here.
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(The relationship between the power and the effect size parameter will be discussed
further in Chapter 6.) This is illustrated by the fact that, for a given genotyping chip
and population, increasing relative risk increases the proportion of simulations in which
the causal and hit SNPs coincide (Figure 5.2).

As noted in Chapter 4, changing the population in which a GWAS is conducted
alters both the LD patterns between the causal variants and their markers on the geno-
typing chip and also the underlying distribution of causal variants. The YRI population
has a greater number of lower-frequency variants than the CEU and JPT4+CHB popu-
lations (International HapMap Consortium, 2005), and these lower-frequency variants
are more poorly tagged by the genotyping chip (Spencer et al., 2009). Thus, on average,
a causal variant in YRI on the Affymetrix 6.0 chip has fewer perfect surrogates on the
chip, and correspondingly fewer SNPs competing with the causal variant for associa-
tion. Table 5.3 illustrates that, as a consequence, the YRI population shows a greater
proportion of simulations in which the causal and hit SNPs coincide when the causal
SNP is on the genotyping chip than in the other two populations. Note that there is
a lower bound on the MAF of the causal variants contributing to the percentages of
coincident and perfectly-correlated hit SNPs. This is because, if the MAF of the causal
variant is too low, there will be insufficient power to see an effect and hence no relevant
simulations.

Because the selection of SNPs on the chips in the ENCODE regions differs from
that in the genome at large (see Table 2.2), the variation represented in Figure 5.2
among chips should not be taken as representative. For example, in general, Illumina
chips tend to select only one among many perfectly correlated SNPs. This results
in higher percentages of coincident causal and hit SNPs among causal SNPs on the
chip than the proportions observed here. Despite this limitation in our analysis, it is
nonetheless useful to observe the trend noted earlier, namely that, if one picks a chip,

the percentage of simulations in which the hit and causal SNPs coincide increases as
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the relative risk increases.

For the remainder of the chapter we relax the restriction that the causal SNPs be
on the genotyping chip and, as before, consider all SNPs in the ENCODE regions as
potentially causal. The proportion of simulations in which the hit and causal SNP
coincide is no longer necessarily linear with increasing relative risk, as it was when we
only considered causal SNPs that were on the genotyping chip. This is because there
is now a competing pool of causal SNPs not on the genotyping chip that nonetheless
are detected by surrogates on the genotyping chip that pass significance thresholds.
Depending on the specific properties of the causal SNP relative to the genotyping chip
and the population, this pool can be of variable size, but as it grows, it will diminish
the percentage of simulations in which the causal and hit SNPs coincide.

In the remainder of the chapter we ask how changing a number of factors — rela-
tive risk, genotyping chip, and population — affects the percentage of coincident and
correlated hit and causal SNPs in our simulations, and compare the proximity of the
hit and causal SNP in simulations with different genotyping chips. As in Chapters
3 and 4, the results should be interpreted in light of the marker density enrichment
in the ENCODE regions (see Table 2.2). Corresponding GWAS results would arise
from SNP chips with 2-2.5 times as many markers genome-wide as those we consider
here. For example, simulations with the Affymetrix 500k chip could be interpreted to
represent the outcomes of a GWAS study conducted in the Affymetrix 6.0 chip, since
the density of markers on the Affymetrix 500k chip in the regions we simulated closely
matches that of the Affymetrix 6.0 chip in the genome at large. Similar adjustments in
interpretation apply to the other genotyping chips, and are discussed below. Finally,

we discuss the implications of these results for fine mapping.
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Figure 5.2: Proportion of simulations in which the hit and causal SNPs are
coincident and highly correlated when the causal SNPs are on the genotyping
chip - Each column in the bar chart shows the proportion of simulations in which the
causal and hit SNPs are coincident or almost perfectly correlated (72 > 0.99) for relative
risks of 1.25, 2, and 4 (see figure legends) in the four genotyping chips in CEU and in the
three populations with the Affymetrix 6.0 chip. In each of the simulations, the causal SNP
is on the genotyping chip.
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5.1 Proximity between causal and hit SNPs

5.1.2 The impact of relative risk and sample size

Next we examined simulations in the Affymetrix 500k chip to see to what extent the
relative risk of the causal variant and the sample size of the GWAS influenced the
percentage of hit SNPs within a given value of the correlation (measured by r?) with
the causal SNP. The results are shown in Table 5.1. In addition to hit SNPs that have
r2 = 1 with the causal SNP, we also looked at hit SNPs that have > > 0.99 with
the causal SNP. These second class of hit SNPs are effectively perfect surrogates, and
represent either (i) 2 measured with error, (ii) one or a small number of recombinants,
or (iii) genotyping errors. (We measure r? between the causal and hit SNPs in the
population cohort rather than in HapMap.) Notably, neither the relative risk of the
causal variant nor the sample size of the GWAS have much influence on the percentage
of coincident or perfectly-correlated hit SNPs in simulations with the Affymetrix 500k
chip.

The percentage of coincident hit SNPs is consistently 7-8%, while the percentage
of perfectly-correlated hit SNPs is consistently 24-30% across relative risks and sample
sizes. Thus, while we would expect the optimum outcome of a GWAS, in which the
hit SNP is the causal SNP, to be relatively infrequent with the Affymetrix 500k chip,
the situation of nearly-perfect or perfect LD between the causal and hit SNPs is more
likely.

In the next section, we consider how the choice of genotyping chip influences the
percentage of hit SNPs within a given value of correlation of the causal SNP, as well as
the genetic distances between the causal and hit SNPs. Because, as discussed above,
the relative risk of the causal variant and the size of the GWAS have little impact on
these measures (data not shown), for future comparisons we will consider simulations in
which the causal variant has a relative risk of 1.25, 2, and 4, and for which the GWAS
is conducted in an initial sample of 2000 cases and 2000 controls, and a replication

study with 2000 cases and 2000 controls.
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5.1.3 Comparisons in the CEU population between different genotyp-
ing chips

To compare the four genotyping chips, we calculated in what percentage of simulations
the hit SNP and causal SNP are correlated above a given 72 threshold in the CEU
population. The results are shown in Table 5.2 and graphically in Figure 5.3. The

table and figure reveal differences among the chips.
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Figure 5.3: Percentage of hit and causal SNPs that are coincident and highly
correlated in simulations with four genotyping chips - Each line shows the per-
centage of simulations in which the causal and hit SNPs are coincident or nearly-perfectly
correlated (r? > 0.99) with the Affymetrix chips (left panel) or Illumina chips (right panel).

The Ilumina chips consistently show a greater percentage of both coincident and
perfectly-correlated hit SNPs. Less common causal SNPs (MAF < 20%) are only
slightly less likely to be coincident with the hit SNPs arising from GWAS. The ex-
tent to which this observation holds depends on the genotyping chip, and, to a lesser
extent, on the relative risk of the causal variant. The Affymetrix 500k chip has the
lowest percentage of coincident causal and hit SNPs, followed by the Affymetrix 6.0,
the Ilumina 550, and finally, the Illumina 1.2M. This trend is also observed in the

percentage of hit SNPs that are perfectly correlated with the causal SNP. The Illumina
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5.1 Proximity between causal and hit SNPs

550 and Affymetrix 6.0 chips have similar numbers of SNPs in the ENCODE regions,
but the Affymetrix 6.0 has a higher density genome-wide. Thus we would expect the
Affymetrix 6.0 to perform better than the Illumina 550 in a real GWAS.

Increasing relative risk has a small impact on the percentages of coincident and
nearly-perfectly correlated causal and hit SNPs, and the direction of the impact is not
always consistent (Figure 5.3). This owes to the fact that, at higher relative risks, a
greater number of less-well-correlated SNPs will pass significance thresholds. Depend-
ing on the particular chip and the minor allele frequency of the causal variant, this can
either decrease the number of coincident and nearly-perfectly-correlated causal variants
(Mumina 1.2M, low MAF; Affymetrix 500k, all MAF') or increase the number of such
variants (Affymetrix 6.0), but in either case the effect is small.

Genetic distance is used to compare another aspect of the relative merits of the
four genotyping chips. Comparisons of the proximity of the four chips measured by
the proportion of hit and causal SNPs within a certain genetic distance of one another
are shown in Figure 5.4. The 0.1cM threshold was chosen to coincide with the width
of the fine mapping regions following the WTCCC study (Chris Spencer, personal
communication). Note that, as shown in Figure 5.4 panel (a), there is a slight but
consistent downward trend in the percentage of simulations for which the hit and causal
SNP are within 0.1cM of one another as the relative risk increases, conditional on the
hit SNP passing p-value thresholds in the initial GWAS and subsequent replication.
Panel (b) shows that this trend is amplified in the Affy 6.0, Illumina 550, and Illumina
1.2M chips for causal SNPs with minor allele frequency < 10%. Panel (c) shows the
proportion of hit and causal SNPs within 0.01cM of one another. Panel (a) of Figure
5.4 demonstrates that in nearly all of the simulations passing significance thresholds

the causal SNP will be within 0.1cM of the hit SNP.
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Figure 5.4: Bar chart of genetic distances between hit and causal SNPs in
simulations of GWAS conducted with four chips - Panel (a) shows the percentage
of simulations in which the hit and causal SNPs were within 0.1cM of one another for three
relative risks and four genotyping chips. This distance was chosen to be representative of a
potential fine-mapping region. Panel (b) shows the same analysis for causal variants with
minor allele frequency less than 10%. Panel (c¢) shows the percentage of simulations in
which the hit and causal SNPs were within 0.01 cM of one another.

5.1.4 Comparisons across populations

Table 5.3 summarizes the extent to which the Affymetrix 6.0 chip tags the causal
variants in the three different populations. Note that the proportion of simulations in
which the hit SNP perfectly tags the causal variant in YRI is only slightly less than
in the other two populations (16% in YRI vs 18-20% in the other populations for a
causal relative risk of 2), but that at relative risks of 2 and 4, the proportion of hit
SNPs with 72 > 0.9 with the causal SNP is substantially lower (52% in YRI vs 71-74%
in the other populations for a causal relative risk of 2). Our results suggest that there
may be utility in combining results across populations which have different patterns of

LD, and thus tag the causal variant differently.
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5.1.5 The effect of imputation

Table 5.4 summarizes the extent to which imputation impacts the proportion of hit
SNPs that are expected to be causal and perfectly correlated with the causal SNP in a
CEU population genotyped with the Affymetrix 6.0 chip. The imputation results are
further partitioned into the percentages of coincident and perfectly correlated hit SNPs
when the causal SNP is on the genotyping chip and when the causal SNP is imputed.
Notably, imputation itself drops performance very little (with the understanding that,
as discussed in §4.3, the imputation experiment we performed represents an upper
bound). At a relative risk of 2, for instance, the causal and hit SNPs coincide 28% of
the time when the causal SNP is on the chip and 26% of the time when the causal SNP
is imputed.

As expected, imputation increases the percentage of coincident causal and hit SNPs,
by 1.5 to 2-fold across relative risks compared to the simulations without imputation.
That this holds true, even given the increased marker density of the Affymetrix 6.0
chip in the ENCODE regions, is a compelling reason to perform imputation with the
high density genotyping chips currently available, and suggests that the results for
lower density chips are likely to be more impressive. At relative risks of 2 and 4,
imputation modestly improves the number of hit SNPs that are perfectly correlated
with the causal variant, but actually does slightly worse at a relative risk of 1.25. These
results foreshadow the likely outcomes of sequencing experiments, which are discussed

below.

5.2 Implications for fine mapping

We now consider the implications of our results for the prospect of fine mapping a
GWAS hit. This corresponds to the question of whether, by increasing the number

of SNPs genotyped in a region showing association, an investigator would be likely
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to identify the causal SNP rather than a surrogate, or, in other words, under what
conditions one might expect a hit and a causal SNP to coincide.

As a hypothetical example, consider the following situation. Suppose we are fine
mapping a GWAS signal in ENmO010, and suppose further that the causal SNP happens
to be one of the SNPs identified in the ENCODE project. How likely would we be
to find the causal SNP if we genotyped our replication study at all the ENCODE
SNPs in ENm010? One might, on first glance, think that the answer would be nearly
100% of the time. But consider the following. On average, in ENmO010, there are 4
perfectly correlated SNPs (other than the SNP itself) for every SNP in the region in the
CEU population. Thus we would expect that, even if we genotyped every SNP under
consideration, in an association study the hit SNP and causal SNP would coincide only
20% of the time in this region. Among common SNPs in CEU in the ENCODE data
across all regions, one in five SNPs has 20 or more perfect surrogates, three in five
have five or more, and one in five has no perfect surrogates (International HapMap
Consortium, 2005).

This is consistent with the observation that the percentage of exact simulations
(where the hit SNP is coincident with the causal SNP) in Table 5.2 is bounded above
by 20%, even as the chip density increases, while the percentage of hit SNPs that are
perfectly correlated with the causal SNP rises above 50% (for example, with relative
risk 2 in the Human 1.2M chip, as shown in Table 5.2). As expected, simulations using
Illumina chips show a large number of simulations in which the causal and hit SNPs
coincide. However, even when the SNPs on the chip are selected with LD in mind,
one cannot hope to distinguish an association signal among four perfectly correlated
SNPs. The situation is actually slightly more complicated, since SNPs that are merely
very well-correlated (r? > 0.99 and 0.99 < r? < 0.95) with the causal SNP are also
strong candidates for the hit SNP. By chance, the strength of the association signal at

one of these very good surrogates may surpass that at the causal SNP itself, or even
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one of its perfect correlates. This is illustrated graphically in Figure 5.5, which shows
pairwise correlations in a 20kb segment of ENm010. As demonstrated in the figure,
the number of correlated nearby SNPs is not uniform, with some SNPs showing many
good surrogates (in the figure shown with darker grey boxes) and some showing few.
Thus the average of 4 perfectly correlated SNPs is not necessarily expected to hold for
all or even most SNPs, but nonetheless it is a helpful simplification to explain why we

might not expect to find the causal SNP even in a perfect genotyping experiment.
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Figure 5.5: Pairwise correlations in a 20kb segment of ENmO010 -
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Table 5.1: Proximity of causal and hit SNP for a variety of true relative risks
in the Affy 500k chip. The table shows the percentage of simulations that passed
significance thresholds in which the LD between the causal and hit SNPs (measured by
r?) was greater than the stated threshold, except in the case of the 2 = 1 column, in
which case the number represents the percentage of simulations in which the causal and
hit SNPs were in perfect LD. The “Exact” column gives the percentage of simulations in
which the hit SNP and causal SNP were actually coincident. Two sample sizes, of 2000
cases and controls in the initial and replication studies and 5000 cases and controls in the
initial and 10000 cases and controls in the replication study, are considered. Finally, the
last column shows the total number of simulations passing significance thresholds. There
were insufficient simulations with relative risk of 1.1 in the smaller sample size to give
meaningful results.

r? threshold
RR  Sample Size | 0.99 0.95 0.8 0.5 | Exact | # Sims
1.1~ 5000/10000 | 28% 52% 78% 95% | 8% 266
1.15  2000/2000 30% 59% 83% 94% | 8% 115
1.15 5000/10000 | 28% 55% 81% 97% | 8% 2755
1.2 2000/2000 25% 53% 81% 98% | 8% 779

1.2 5000/10000 | 26% 51% 79% 95% | 8% 6981
1.25 2000/2000 27% 53% 80% 96% | 8% 2599
1.25 5000/10000 | 25% 48% 75% 93% | ™% 10096
1.3 2000/2000 27% 53% 80% 96% | 8% 5144
1.3 5000/10000 | 25% 47% 72% 90% | 8% 11987
1.4 2000/2000 25% 49% 5% 93% | 8% 9315
1.4 5000/10000 | 24% 45% 69% 87% | ™% 13813
1.5 2000/2000 25% 4% 3% 91% | 8% 11684
1.5 5000/10000 | 24% 44% 67% 84% | ™% 14832
1.6 2000/2000 24% 46% 1% 89% | ™% 12915
1.6 5000/10000 | 24% 43% 66% 83% | ™% 15547
2 2000,/2000 24% 43% 66% 84% | ™% 15181
2 5000/10000 | 24% 41% 62% 79% | % 17251
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Table 5.2: Proximity of causal and hit SNP for a variety of true relative risks
and four different genotyping chips in CEU. The table shows the percentage of
simulations that passed significance thresholds in which the LD between the causal and
hit SNPs (measured by r?) was greater than the stated threshold, except in the case of the
r?2 = 1 column, in which case the number represents the percentage of simulations in which
the causal and hit SNPs were in perfect LD. The “Exact” column gives the percentage of
simulations in which the hit SNP and causal SNP were actually coincident. As before, the
“# Sims” column shows the total number of simulations passing significance thresholds.
Finally, the last column gives the chip identifier. For each choice of chip and causal relative
risk we consider both all causal SNPs and, separately, those with minor allele frequencies
less than 20%.

r? threshold
RR MAF | 099 095 08 05 | Exact | % Sims Chip

1.25 <0.2 | 19% 44% 75% 94% | 6% 173 Affymetrix 500k
1.25 all 27% 53% 80% 96% | 8% 2599 Affymetrix 500k
2 <02 |21% 3™ 63% 82% | ™% 3812 Affymetrix 500k
2 all 24%  43% 66% 84% | 7% 15181 Affymetrix 500k
4 <02 | 17% 28% 49% 63% | 6% 5433 Affymetrix 500k
4 all 23% 39% 60% T6% | 7% 17957 Affymetrix 500k
1.25 <02 [ 47% 59% 79% 99% | ™% 135 Affymetrix 6.0
1.25 all 48% 64% 85% 98% | 11% 3039 Affymetrix 6.0
2 <0.2|54% 64% 79% 91% | 11% 3612 Affymetrix 6.0
2 all 54% 66% 82% 94% | 12% 14745 Affymetrix 6.0
4 <0.2|50% 58% 69% 79% | 9% 4727 Affymetrix 6.0
4 all 55% 65% 8% 89% | 12% 16659 Affymetrix 6.0
1.25 <0.2 | 45% 54% 79% 98% | 11% 170 Illumina 550
1.25 all 49% 63% 85% 98% | 15% 3202 Illumina 550

2 <02 |52% 62% 81% 93% | 14% 3562 Illumina 550

2 all 55% 67% 8% 9% | 15% 14797 Illumina 550

4 <0.2|44% 52% 66% 76% | 11% 4667 Illumina 550

4 all 54% 64% 81% 91% | 15% 16500 Illumina 550
1.25 <0.2]51% 61% 84% 98% | 20% 173 Illumina 1.2M
1.25 all 52% 67% 87% 98% | 17% 3314 Illumina 1.2M

2 <0.2]63% 73% 8% 96% | 18% 3763 Illumina 1.2M

2 all 65% T7% 91% 98% | 20% 15118 Illumina 1.2M
4 <0.2|60% 68% 78% 86% | 16% 4825 Illumina 1.2M

4 all 66% T6% 88% 95% | 19% 16936 Illumina 1.2M
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Table 5.3: Population Tagging Summary. Each line of the table shows, for a given popu-
lation, the percentage of hit SNPs with 72 > 0.9 with the causal SNP (and, parenthetically,
the percentage of hit SNPs in perfect LD with the causal SNP).

RR 1.25 2 4

CEU 75% (15%)  74% (20%) 72% (21%)
JPT+CHB  73% (15%) 71% (18%) 68% (19%)
YRI 67% (19%) 52% (16%) 46% (15%)

Table 5.4: Imputation Summary. Each line of the table shows, for simulations with the
Affymetrix 6.0 chip, the percentage of hit SNPs that are coincident (exact) and those that
have 72 > 0.99 with the causal SNP (perfect LD), with and without imputation.

RR 1.25 2 4

CEU (exact) 11% 12%  12%
CEU (perfect LD) 48% 54% 55%
Imputed (exact) 17%  24% 25%
Imputed (perfect LD) 36% 57% 62%
Causal SNPs on chip (exact) 20% 28% 30%
Causal SNPs on chip (perfect LD) 38% 57% 63%
Imputed causal SNPs (exact) 17% 26% 2%

Imputed causal SNPs (perfect LD) 32% 53% 58%
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Non-additive disease risk models

The statistical disease model that best describes the data between alleles and among
loci is of interest in the analysis of GWAS signals. Most findings from GWAS to date
are consistent with the simplest disease model at a SNP, in which each additional copy
of the risk allele increases risk by the same multiplicative factor (Hindorff et al., 2010,
2009). Biological interpretation of disease models is complex and outside the scope of
this thesis (see Cordell (2002) for a discussion of some of the issues involved). However,
purely from a statistical standpoint, the underlying disease model influences the power
and the observed effect size. In this chapter, we explore whether LD plays a role in the
inferred disease model by asking how different genotype-risk relationships impact our
power to detect associations and departures from the simplest model.

We have assumed the simplest disease model in the preceding chapters, namely
that the relationship between genotype and disease risk is log-linear. That is, each
additional copy of the causal allele at the disease locus multiplies the disease risk by a
factor: the relative risk. However, other assumptions are possible, including dominant
and recessive models, in which either one copy (dominant) or both copies (recessive) of
an allele are necessary to influence disease risk.

As discussed previously, LD plays a crucial role in the ability of the GWAS method
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to detect associations with untyped SNPs. We have previously seen how, as the LD
between the causal and tag SNPs decreases, the observed effect size gets smaller, and
in particular, smaller than the true effect size. In the setting of a more general disease
model with more than one parameter describing the relationship between genotype and
disease risk, we can ask how the observed model compares to the true model based on
the strength of the LD between the causal and marker SNPs.

In particular, we focus on two related questions:

e How do the disease model parameters (‘effects’) change as the LD between the

causal and tag SNPs diminishes?

e How does the power to detect departure from the simplest model change?

The impact of imperfect LD has been described for additive models, both in terms of
effect sizes and power (Chapman et al., 2003; Pritchard & Przeworski, 2001; Zondervan
& Cardon, 2004). Measuring LD using the squared correlation coefficient r2, a well-
known rule of thumb holds that a sample size of roughly N/r? is required at a tag SNP
to achieve the same power to detect an association as a study with sample size N that
types the causal SNP directly (Pritchard & Przeworski, 2001). An interesting question
is whether there is a more general rule relating effects to power that does not assume
an additive risk model. We describe a more general rule here, first in the context of
recessive and dominant risk models, and then in a particular 2-locus interaction model.

We extend the framework introduced in Chapter 2 to simulate case-control studies
when the causal SNP has a non-additive disease model to investigate the expected
impact on effect size and inferred disease model with empirical patterns of LD. Power
estimates are calculated from the simulation results.

In addition to studying disease effects, we investigate the impact of LD and model
mis-specification on heritability estimates. We derive an expression for the relationship

between \s and the penetrances and frequencies of each genotype. This gives an analytic
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expression for the impact of LD on heritability estimates in both additive and non-
additive models.

A number of papers have dealt with power in association studies, for instance
Spencer et al. (2009) and Bhangale et al. (2008). These focus principally on how power
to detect associations varies with different chips and different sample sizes. Although
Bhangale et al. (2008) considered recessive and dominant models in GWAS simulations,
as we do, they limited their inquiry to power to detect associations with a trend test.
We have a slightly different focus.

First, we are interested in what can be thought of as “disease model distortion”.
That is, if we aim to infer the disease model on the basis of disease model parameters
estimated at a tag SNP, how different do these parameters look than they would under
an additive model? Second, we are interested not only in power to detect an association,
but power to detect deviations from the additive model once the association is detected.

We note that Zheng et al. (2009) derived analytical results for non-additive models
assuming the same allele frequency at the causal and marker SNPs, but we make no
such simplifying assumptions. While we focus on the setting of case-control studies,
we acknowledge related work has been published for studies of quantitative traits using
variance components models. Sham et al. (2000) derived similar results for the impact
of LD on QTL effects, and Hill et al. (2008) showed that additive variation (analagous
to additive effects in case-control studies) will tend to dominate even when non-additive
effects are present and the impact of LD is discounted.

A subset of results in this chapter has been published (Vukcevic et al., 2011). Al-
though the work presented was collaborative, this chapter focuses on those aspects of

the work in which I took the lead role.
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6.1 Recessive and dominant disease risk models

In earlier chapters we adopted the commonly used logistic regression framework de-
scribed in §1.4.1. In this more general setting it turns out to be slightly easier to work
with a log risk regression model. Let G denote the genotype as before. Here we model

the penetrances p(G) = Pr(D|G) as

log(p) = u+ BG +vx1(G), (6.1)

where x1(G) is an indicator function that takes the value 1 for heterozygotes and 0 for
homozygotes. Recall from §1.4.4 that in GWAS it is standard to use population controls
in place of true controls but analyse the results as a typical case-control study using
logistic regression. Schouten et al. (1993) show that this is equivalent to fitting the log
risk regression model described above at 6.1. Then with a slight abuse of notation we
use the same parameter names as before and refer to 8 as the additive parameter and
~ as the dominance parameter.

We now briefly review two key results from Vukcevic et al. (2011).

Let A be a causal SNP with minor allele frequency fa and B a tag SNP with minor
allele frequency fp. The first result expresses the 8 and v parameters at the tag SNP
as a function of the minor allele frequencies at A and B, the parameters at the causal
SNP A, and the r? between A and B:

fa(l — fa)

BB ~ Bary| T

fB(1—fB)’
o fa(l — fa)
fB(1—fB)

YB = VAT

This equation shows that the dominance effect at the marker SNP decreases quadrat-
ically with r as the LD becomes weaker, in contrast to the the additive effect, which

decreases linearly with 7.
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One can test the hypothesis that v = 0 against the hypothesis that v # 0 by a
maximum likelihood ratio test which we will refer to as the deviation test. We refer the
reader to Vukcevic et al. (2011) for further discussion of this test and its properties.

As a consequence of the first result, the non-centrality parameters at the causal and

tag SNPs for the deviation test can be expressed as,

m ~ANAfA(1 = fa)’é(1 — d)v3
ne = ANpfE(1 — fB)’o(1 — $)7vB

~ ANpfA(1 = fa)2(1 — d)vart,

where ¢ is the proportion of cases in the sample (Vukcevic et al., 2011). Thus, a
sample size of Ng = N4 /r* is required to achieve the same power to detect a deviation

as typing the causal SNP directly.

6.1.1 Simulation results

We extended the framework developed in Chapter 2 to the setting of interaction effects
between alleles at a single SNP to study how empirical patterns of LD are likely to affect
effect size estimation and detection of non-additive disease models. In this section we
will restrict ourselves to recessive and dominant disease models for a single causal SNP.
We describe only the ways in which the procedure differs from the framework detailed
in Chapter 2, to which we refer the reader for a fuller discussion on the specifics of the

simulations. For definiteness, we will present results for the Affymetrix 6.0 chip.

6.1.2 Simulation sampling strategy

We sampled 2,000 diploid cases and 2,000 diploid controls from the population cohort
produced by HAPGEN. For the controls, we sampled haplotypes uniformly from the

population cohort without replacement and combined them in pairs, as before. We
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sampled the cases according to the genotype frequencies at the causal SNP as dictated
by Bayes’ theorem. Let (ag, a1, a2) be the relative risks of genotypes 0, 1, and 2 and
let f be the frequency of allele 1 in the population cohort. Then the frequencies of the

three genotypes in cases are given by,

Pr(G = 0 | Disease) <Pr(];lf§]§sisegfe): 0)> Pr(G=0),
oc ag(l — f)?,

Pr(G = 1| Disease) ox a12f(1 — f),

Pr(G = 2 | Disease) o aa f2.

We then sampled pairs of haplotypes without replacement uniformly from the panel

such that they were consistent with the genotype frequencies when combined in pairs.

6.1.3 Power

In a typical GWAS, if testing for deviation from the additive disease model is done at
all, it is performed after the initial association scan, a procedure to which we adhered
in the simulations. We ascertained the hit SNPs on the basis of the p-values from
the trend test in the initial and replication scan, and then applied a subsequent devi-
ation test using genotype counts from the replication scan. The hit SNP was deemed
“non-additive” if this p-value was less than 0.05. Each simulation has three possible
outcomes: (1) no association is detected; (2) an association is detected but the model
does not significantly deviate from the additive model; or (3) both association and
deviation are detected. Table 6.1 shows power estimates of the two tests for recessive,
additive, and dominant disease models across a variety of relative risks.

These results are presented visually in Figure 6.1, which shows the number and
percentage of simulations that are undetected, detected without deviation, and detected

with deviation for each of the three models for a homozygote relative risk of 1.42. Table
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6.1 Recessive and dominant disease risk models

Table 6.1: Simulation results. Entries in the table give proportions of simulations
achieving particular outcomes over a range of models and effect sizes. The three possible
outcomes are: the hit SNP doesn’t pass the scan and replication criteria (‘Undetected’);
that it passes these criteria but a subsequent deviation test is not significant (‘Assoc.
only’); or that this test is significant (‘Assoc. + deviation’). The effect size is given by the
homozygous RR (Hom. RR), which compares the risk of the two homozygotes.

Outcome (%)
Model Hom. RR Undetected Assoc. only Assoc. + deviation

Additive 1.12 100 0 0
Additive 1.22 94 6 0
Additive 1.42 47 50 3
Additive 2.02 19 7 4
Dominant 1.1 100 0 0
Dominant 1.22 84 4 12
Dominant 1.42 53 6 41
Dominant 2.0? 38 6 56
Recessive 1.1 100 0 0
Recessive 1.22 83 4 13
Recessive 1.42 49 6 45
Recessive 2.02 27 8 65
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6. NON-ADDITIVE DISEASE RISK MODELS

6.1 suggests that most of the time when we detect association, the deviation test will
give the correct outcome, even at smaller effect sizes. This is despite the fact that the
deviation parameter diminishes more rapidly with LD than the additive parameter, as
we showed in the previous section. Figure 6.1 provides insight as to why: the typical LD
distribution for a set of simulations is enriched at both ends of the spectrum. Either
the SNP will be nearly perfectly tagged, in which case there is little erosion of the
deviation parameter, or it will be so poorly tagged that the trend test will not be able
to detect it at all. As expected, as LD decreases, the relative number of simulations

that pass the trend test but fail the deviation test increases.

6.1.4 Effect size estimates and parameter estimation

Figure 6.2 shows how the additive and interaction parameters measured at the hit SNP
vary by LD compared to the true parameters for homozygous relative risks of 1.22,
1.4%2, and 22 under a dominant disease model. As predicted by theory, the interaction

parameter decays more rapidly as LD diminishes than does the additive parameter.

6.1.5 Heritability estimates for non-additive models

Recall that a commonly used measure of genetic heritability is the sibling recurrence

relative risk,

This is a risk ratio; the numerator expresses the probability of disease given an affected
sibling and the denominator is the population prevalence of the disease. Equation 1.3

expresses Ag in terms of the relative risks and frequencies of the alleles at a locus,

ng ng Zgj ng RRQ]’ Rngnggmnggkgmgf ng ng
(Zgj RRQj ng )2
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6.1 Recessive and dominant disease risk models

Figure 6.1: Additive, dominant, and recessive disease model results stratified
by LD between the causal and hit SNPs. The distribution of simulation outcomes
is shown by LD intervals. Each LD interval spans 10% of the range and is represented by
its upper bound on the y-axis label under the bar. Red indicates undetected simulations,
yellow indicates association detected, but no deviation from an additive model, and blue
indicates those associations detected with deviation. Plots on the right show relative
proportions of the total number of SNPs in each category, while the plots on the left show
absolute counts. In order from top to bottom, the simulations were performed under an
additive, dominant, and recessive model with homozygous relative risk 1.42.
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6. NON-ADDITIVE DISEASE RISK MODELS

Figure 6.2: Estimated disease model parameters when the true disease model
is dominant with a homozygous relative risk of 1.22, 1.42, and 22 respectively.
The plots on the left show the distribution of the additive parameter, while plots on the
right show the interaction parameter. The red dotted line indicates the true value of each
parameter and the black dotted line, the null value. A line of best fit is shown in blue.
Each grey dot represents the parameter values estimated in one simulation plotted against
the 72 between the causal and hit SNPs.
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6.1 Recessive and dominant disease risk models

where the T, are transition probabilities and the @), are genotype probabilities under
Hardy-Weinberg equilibrium (see Section §1.4.8). This equation suggests two ways in
which A\g can be mis-estimated in the context of a GWAS. The first is model mis-
specification, calculating A; using relative risks estimated assuming a additive model
rather than the true model. The second is dilution due to LD, similar to that observed
for parameter estimates.

Figure 6.3 shows both effects in a GWAS setting for three disease models. The red
curves show the true heritability based on the disease model and allele frequency of the
causal SNP. The blue curves show the mean heritability estimate if it were calculated at
the causal SNP but assuming an additive model—this is computed by first calculating
B and then using equation 1.3 with penetrances that follow an additive model with
parameter 3. The difference between the two lines shows the effect of mis-specification.
Note that this results in underestimation for recessive models and overestimation for
dominant models.

The points in the figure show A4 estimates from the simulations, calculated at the
hit SNP assuming an additive model. The difference between the points and the blue
lines shows the effect of dilution due to LD. Note that the x-coordinate is always the
allele frequency of the causal SNP, so that the corresponding y-coordinates are naturally
comparable (i.e. the true value and estimate from the same simulation).

When the true model is in fact additive (Figure 6.3, middle column), then the only
underestimation owes to LD. When the correlation between the causal SNP and the
hit SNP is good (top row) then the estimates are centered around the true value of A;.
Note that there would be much greater variability at causal allele frequencies near 0 and
1 if we were not excluding simulations that failed significance thresholds. In analogy
to our earlier results on effect sizes, as the LD between the causal and hit SNPs is
reduced (second and third rows of Figure 6.3), the estimates of Ay decrease. The effect

of model mis-specification (shown as the distance between the red and blue lines in
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6. NON-ADDITIVE DISEASE RISK MODELS

the figure) depends on the allele frequency and the disease model, but in each case,
reducing pairwise LD between the causal and hit SNP reduces estimates of A;. Given
our prediction that we will often detect model mis-specification when it occurs, and
adjust our A4 estimates accordingly, we do not expect this mis-estimation to contribute
greatly to heritability-explained estimates in comparison with the impact of LD under

the model considered here.

6.2 2-locus interactions

6.2.1 Empirical evidence for interactions in GWAS

Despite the observation in Marchini et al. (2005) that interactions between loci with
non-marginal effects are plausible, and their subsequent demonstration that searching
for interactions is computationally feasible and potentially more powerful than tradi-
tional single-locus tests at a genome-wide scale, there are very few examples of observed
interactions in the context of GWAS. Various statistical methods for detecting interac-
tions have been proposed; some of these are discussed in Thornton-Wells et al. (2004)
and Cantor et al. (2010), to which we refer the reader for further background. Our fo-
cus here is not in developing new statistical technology for interrogating or identifying
interactions, but rather in trying to understand the impact LD has on changing disease
model parameters away from the causal variant. In discussing power we necessarily
adopt a statistical test. We choose the two tests most commonly applied in the GWAS

context, namely the trend test and the general test.

6.2.2 An interaction model

Interactions between alleles on two haplotypes and among two unlinked loci can be seen
as special cases of a general interaction model which allows for non-additive disease risk.

First we present theoretical results for interactions between unlinked loci and later
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6.2 2-locus interactions

Figure 6.3: Heritability estimates under the three models. Estimates and true
values of A\; plotted against the allele frequency at the causal SNP. Results are shown
for three different models, split into columns (recessive, additive, and dominant, from
left to right), all with a homozygous RR of 1.4%2. The grey points show estimates from
simulations, split into different rows depending on the 72 between the causal and marker
SNPs, as labelled. The red curves show the true heritability. The blue curves show the
mean estimate if it were calculated at the causal SNP but assuming an additive model.
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6. NON-ADDITIVE DISEASE RISK MODELS

discuss the special case of interactions among alleles, where we re-derive the result
in §6.1. The challenges of detecting dominance and interaction effects are somewhat
different in practice. From an abstract mathematical standpoint, however, dominance
and interaction can be thought of in the same mathematical language. We will introduce
a model that facilitates this comparison.

There are many different ways of modeling interactions (Marchini et al., 2005) and
correspondingly many different parameterisations are possible. Let B and B’ be two
unlinked biallelic SNPs and let Gp denote the genotype at SNP B, likewise for SNP
B’. Here we consider the simplest form of interaction from a statistical standpoint: a

two-SNP model with a single additive interaction parameter,

log(p) = p+ PGB + B Gp + T83:GBG B/, (6.2)

where 8 and g are the additive parameters for each of the SNPs B and B’ separately
and Tpp is an additive interaction parameter. Again, we choose log risk regression for
convenience, but we refer the reader back to the discussion in §6.1 on its connection
with the log-odds model.

As discussed in previous chapters, we expect GWAS to highlight markers correlated
with causal loci, rather than necessarily the loci themselves. We should imagine, then,
that SNPs B and B’ used to measure the model parameters Sp, 8 and 7pps in an
association study are actually markers for unobserved causal SNPs A and A’. We seek
to elucidate the relationship between the parameters g, 8 and 7pp and 4, 54 and
TAA!-

It is well known that, for a single SNP under the additive disease risk model in a
diploid population, it is equivalent to regard individuals as haploid. It turns out that
for estimating the parameters of interest, namely 8 and 7, the same is true for the

2-locus additive model with additive interactions defined at 6.2 (Vukcevic et al., 2011).
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6.2 2-locus interactions

For simplicity, we now turn to analysing the model in this haploid framework. We will
slightly abuse terminology and refer to the type of an individual at two loci A and A’
or B and B’ as its haplotype even if the loci are on different chromosomes.

We would like to consider how the interaction parameters change as we move away
from SNPs A and A’. Let SNPs B and B’ be biallelic SNPs and code the alleles at
each as 0 and 1. In the following discussion we choose the convention that the A and
A’ are causal SNPs, and B and B’ are marker SNPs for A and A’ respectively. Let
fa = Pr(A = 1) be the frequency of allele 1 in the population at SNP A, and define
the frequencies of the other SNPs similarly.

First we consider the relationship between the causal SNPs and their tags. Define

the following conditional probabilities,

0 =Pr(A=1|B=0),qy=Pr(4d =1|B =0),

q=Pr(A=1|B=1),¢,=Pr(4'=1|B'=1).

As a matter of convenience, we will refer to the haplotype with A =4 and B = j as
ij. The conditional probabilities defined above allow us to describe the probability of
each pair of haplotypes (for brevity, we will describe only the pairs of haplotypes for A

and B since the situation for A" and B’ is entirely analogous),

Pr(00) = (1 — qo)(1 — fB),
Pr(01) = (1 - q1)fB,
Pr(10) = qo(1 - fB),

Pr(11) = 1 f,
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6. NON-ADDITIVE DISEASE RISK MODELS

and give the identity

fa=a(l—fB)+afs.

Manipulating the definition of r2 in §1.1, we can express the correlation coefficient in

terms of our parameters as,

2 _ 2 fB(=fB)
I Ol T

Let A and B denote the 2 x 2 matrix of penetrances with entries A;; = Pr(Disease |
A=i A = j),
Pr(D|A=0,A=0) Pr(D|A=0,4=1)

A: )
Pr(D|A=1,A=0) Pr(D|A=1A4"=1)

and similarly for B:

Pr(D|B=0,B'=0) Pr(D|B=0,B=1)
Pr(D|A=1,B=0) Pr(D|B=1,B =1)

We seek to write B in terms of A and the conditional probabilities g, that define the
LD relationship between SNPs A and B.

For the purposes of exposition and concreteness, let us focus on Bgg. The derivation
of the other entries is nearly identical: simply replace B = 0 with B =4 and B’ = 0
with B’ = j in what follows to obtain the general result. There are four ways that
disease can arise, corresponding to the four entries of A. To calculate Bgg, we need to

multiply each of these penetrances by the probability of the genotypes at A and A’,
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6.2 2-locus interactions

given the genotypes at B and B':

Pr(D|B=0,B"=0)=Pr(D|A=0,A'"=0)Pr(A=0|B=0)Pr(4' =0| B'=0)
+Pr(D|A=1,A"=0)Pr(A=1|B=0)Pr(4' =0| B'=0)
+Pr(D|A=0A=1)Pr(A=0|B=0)Pr(A =1| B =0)
+Pr(D|A=1,A'"=1)Pr(A=1|B=0)Pr(A' =1| B =0)

=Aoo(1 — q0)(1 = gp) + Ao1(q0)(1 — gp) + Aro(1 — q0)(q0) + A11(q0)(qp)

The result of the calculation suggests that matrix notation might be appropriate for

these sums, and indeed it simplifies the expressions if we define a matrix of LD param-

eters,
1—q0 qo
L p—
I-q1 @
Thus we obtain the following identity,
B=LALT. (6.3)

Recall that non-additive single-SNP models, in which the interaction parameter relates
to alleles at a given SNP, are a special case of the more general interaction model. We
now turn to these non-additive models before concluding the derivation in the general

setting.

6.2.3 Recessive and dominant models as special cases

We can use the results obtained in the previous subsection and a different perspective
to re-derive the results about model distortion or to provide a different derivation
to that appearing in Vukcevic et al. (2011) and Vukcevic (2009). We assume in the

following that the parental origin of the haplotype is immaterial in determining the
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disease risk, so that what matters is the number of copies of the disease allele. In §6.2.2
we considered two interacting SNPs A and A’ with markers B and B’. Now we consider
two interacting alleles A and A’ on haplotypes at a single locus tagged by alleles B and
B’ at a tag locus.

With this new definition of A and B, the penetrance matrices A and B are sym-
metric, since Ag; = Ai19 and similarly for B. In addition, it imposes the restriction

B4 = Par. The log risk regression then looks like,

log(p) = p+ PaHa+ BarHa + Tan HaHy
=p+ Ba(Ha+ H)) + Taa HaHar

=+ BaGa+ Tax2(Ga),

where Y is a standard indicator function which takes the value 1 when G4 = 2 and 0

elsewhere. For our purposes, it will be convenient to re-parameterise this as

log(p) = pp+ BaGa +vax1(Ga) .

We now return to Equation 6.3, noting that £ is now equal to £’. Under an additive
disease model, recall that Agy = 1 and that Ay = A3, = A3}, so in particular [A| =0
when A follows an additive disease model. By Equation 6.3, |B| is also 0 when A
follows an additive disease model, so that, even as the correlation between SNPs A
and B diminishes, the observed disease model remains additive. The situation for

non-additive models differs,

Bl = |£ALT|

= M(a1 — a0)*.
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Rewriting this in terms of the disease model parameters, allele frequencies, and 72,
’B| _ "A| a%l (Q1 _ q0)2

2 T 2 12

bor  agy 0gy

o (62%4 1 e2(1atBa) fa(l = fa) 2
eQ(HBJFBB) fB(l — fB)

When the v and § parameters are small, the approximation e* — 1 ~ x holds, and also

paA~+ Ba =~ up+ Bp, giving us the simplified expression,

fa(l— fa) 2
7}03(1 ) (6.4)

TB = YA

This result is derived in Vukcevic et al. (2011); our derivation considers this as a
special case of the general interaction model. Equation 6.4 shows that the interaction

parameter v decays proportional to 72 between the causal and tag SNPs.

6.2.4 Theoretical derivations for the interaction model

When £ # L' and the penetrance matrices A and B are no longer symmetric, we
return to our earlier parameterisation of the interaction model and can follow the same
procedure for describing the relationship between 7gp and 744/. Again by Equation

6.3,

|B| = |LALT

= [Al(q1 — q0) (¢} — q)) -

Dividing through by bg1b19 we obtain,

B A a01a10(

a1 — qo)(q1 — 40)

boibio  ao1aio boibio

elban OO ban+u) | fa(1— fa)far(L — fu)
ewpp 0B+ pe+0p) \| f5(1— fB)fp(1 — [p/)

BB 1 = (e7An — 1)

(rr').
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When the interaction effect is small, this becomes

~ i fa(l— fa)far(1— far) o
TBB' ™ TAA \/fB(l = ) (1= fB')( ) (6.5)

Equation 6.5, analogous to Equation 6.4, shows a quadratic relationship between the
LD between the causal and marker SNP and the interaction parameter measured at
the marker SNP. Here, though, there are multiple sources of LD, and r and 7’ need not
be equal. As discussed in Vukcevic et al. (2011), the comparison to keep in mind is
that with the effect of the additive parameter, which decreases linearly with LD.
Since we showed theoretically that interaction effects between alleles and among loci
of the type we considered have the same order decay with LD, we expect simulations
of interactions among loci to show similar results to the between-allele interactions
presented in §6.1.3-6.1.4. One direction for future work concerns the validity of this
expectation, as well as how more complex models of interaction compare to the simplest

parameterisation considered here.

6.2.5 Heritability under interactions

How might the presence of interactions distort estimates of A;? We can rewrite Equation

1.3 as,

A — il Fa i ‘Zkizl Tt Tjipr
(3222, Fafhpis)?

where f4 = Pr(A = i), p;; are the penetrances as defined in Equation 6.2, and Ty is the
probability that a sibling has genotype i given that the affected sibling has genotype
k. If there is no interaction term in Equation 6.2 (7 = 0), then this expression can
be partitioned into a product of the s values calculated at A and A’ independently.
Suppose, however, that 7 is nonzero. For instance, we could imagine a model in which
mutant forms at both loci A and A’ are required for increased disease risk. Let f4 = 0.1,

f% = 0.3, and suppose that the genotype pair (4, A’) = (0,0) confers a relative risk of

120



6.3 Conclusions

2. In this setting, the true A of the combined loci is equal to 1.0093, and calculating A
by multiplying the values of sibling recurrence risk calculated at A and A’ independently
gives 1.0048. Now suppose that the loci A and A’ are not observed directly, but are
tagged by loci B and B’. Let the r? between A and B, and between A’ and B’, be 0.8,
and let B and B’ have the same frequencies as A and A’. Then Equation 6.5 gives that
the dilution of the interaction parameter results in the genotype pair (B, B") = (0,0)
conferring a relative risk of 1.74, with a corresponding A of 1.0051. If both types of
underestimation — model mis-specification and dilution of effect size parameters due
to imperfect correlation between the causal and marker loci — occur simultaneously, so
that an additive disease model is assumed at B and B’, then the A\, attributable to
these loci is estimated to be 1.0027.

Our example shows that the presence of unidentified interactions can cause under-
estimation of \s. Four loci with effects equivalent to those observed at B and B’ would
be required to recover the true \; explained by A and A’. This example is meant
only as an illustration of the potential impact of interactions on heritability estimates.
Although the relationship between the disease model and sibling recurrence risk has
been studied (see for example Risch (1990) and Rybicki & Elston (2000)), our analysis
shows that the current practice of assuming additivity when calculating the cumulative

As across a number of loci may, in some instances, be misleading.

6.3 Conclusions

The correlation structure in the human genome has enabled the GWAS method to find
regions associated with disease without having to genotype all known genetic variants.
Although this approach has been successful, it follows that observed GWAS associations
often will be only surrogates for the causal variants and will typically represent a noisy

measurement of them. One consequence of this is that the disease model inferred from
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associated loci may be a distorted version of the true disease model. Through analytical
derivations, we have characterised the relationship between disease model parameters
and LD, and the resulting impact on power. These derivations show that dominance
interaction effects tend to decay quickly, and that such distortions therefore tend to
make the disease model look more like a additive model as the correlation between
causal and hit SNPs decreases.

To quantify the effect of distortion on observed GWAS outcomes, we ran an ex-
tensive simulation study designed to mimic patterns of LD in European Caucasian
populations. We considered recessive and dominant models, both representing natural
extremes for deviation away from an additive model. We were specifically interested
in the power of detecting such deviations, and also ran simulations under the additive
model for comparison.

Our analyses showed that, if the true model is recessive or dominant but the locus
is nonetheless detected by using the trend test, then a standard test will often also
successfully detect deviation away from an additive model. Informally, for the relatively
small effect sizes typical at GWAS loci, the effect is unlikely to be detected unless the
causal variant is relatively common and well tagged by the SNPs on the chip. The
high correlation between the causal and hit SNPs then means that there is reasonable
power to detect deviation from the additive model, even under conditions of model
distortion. Firstly, while these results are encouraging, we note: (1) that the dominant
and recessive models are extreme, and (2) that power to detect non-additive models
which are “closer” to the additive model will be lower. Secondly, as our simulations
show, there will be settings where the model distortion is such that under the recessive
and dominant models the locus is not detected at all using the trend test.

Relatively few GWAS associations are known to follow specific, non-additive models.
It may be that testing for deviations is not done routinely, although even in studies

where such investigations have been carried out, few SNPs have shown convincing
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evidence of recessive or dominant effects (e.g. Wellcome Trust Case Control Consortium
(2007)). Our simulations have shown that such effects will often be detectable, and
therefore, it is worth explicitly testing associated loci for deviations. As noted above,
real disease effects may not deviate as much as fully recessive and dominant effects,
and small deviations from multiplicativity will be relatively hard to detect, and easily
disguised with only a slight amount of distortion.

One consideration in the analysis of GWAS data is which statistical test or model to
use for the initial genome-wide scan, as discussed in the Introduction. Since we expect
to detect SNPs that are affected to a greater or lesser extent by distortion, a sensible
default choice is the trend test, which is well-powered for additive effects. It also has
the benefit of being more robust to genotyping error, than, for example, the general
test (Ahn et al., 2007), which performed comparably in our simulations. Others have
made similar recommendations (Cantor et al., 2010; Iles, 2008). Nevertheless, the trend
test can be usefully complemented by the general test (Wellcome Trust Case Control
Consortium, 2007), or other approaches for investigating nonadditive models, such as

the deviation test.

6.3.1 Final thoughts on missing heritability

In the next few years, two types of new data are likely to become available that may
affect the analyses presented in this thesis: genotyping data at larger chips which assay
2-5 million variants instead of the half million to million considered here, and the
1000 Genomes data set, which is predicted to extend the reach of imputation down
to lower-frequency alleles (1000 Genomes Project Consortium, 2010). It is difficult
to forecast the impact of these innovations on the types of questions considered here,
since it depends on the extent to which the higher-density chips and the 1000 Genomes
data accurately capture alleles at frequencies of 1-10%, and, further, how important

this frequency class turns out to be as a contributor to common disease risk. To the
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extent that imputation with the 1000 Genomes data and higher-density chips improves
pairwise LD between potential causal SNPs and their surrogates, both of these advents
are likely to reduce effect size underestimation and, as a corollary, improve heritability
estimates.

Another trend worth mentioning is increasing study sample size, most commonly by
meta-analysis. Our method of simulation is not designed to assess effect size underesti-
mation in the context of meta-analysis. Among other complications, these studies often
combine information across genotyping chips, each of which tags the underlying causal
variants differently. However, these studies have been successful at increasing power,
and have correspondingly detected more variants contributing to common diseases and
traits, which in turn explain more of the heritability (Lander, 2011). Recently, statisti-
cal methods have been suggested that predict the likely impact of as-yet-undiscovered
variants on heritability estimates (Park et al., 2010; Yang et al., 2010a). These methods
point to limited sample size as a source of missing heritability.

The range of potential types of interactions is huge, and our analysis considered
only recessive and dominant alleles at a single SNP and their theoretical analogs, two
unlinked loci with a single additive interaction parameter. This is a small subset of even
the space of possible two-locus interactions (Hallgrimsdéttir & Yuster, 2008), and we did
not investigate the potential impact of multiple SNPs in LD, compound recessive alleles,
or the rich variety of other models that could be considered. The more general question,
of the potential impact of interactions among many loci on estimates of heritability, and
our ability to detect these, remains open and seems likely to be a fruitful area of inquiry.
It is simple to construct a model that explains any amount of heritability; the more
interesting question is to find models that are consistent with observed data and to
construct experiments that would distinguish these models from the simplest additive
model which underlies most heritability calculations to date. Addressing this question

would determine the extent to which heritability is a reliable measure of progress in
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6.3 Conclusions

genetic mapping studies.

Finally, looking into the more distant future, it is likely that the cost of whole-
genome sequencing will some day drop to the level at which it is feasible to conduct
studies without the need for tag SNPs at all, thereby eliminating effect size underes-
timation entirely. Although this will ultimately allow us to gain direct access to the
causal alleles, it is worth remembering that the same patterns of correlation that en-
abled association studies in the first place will limit our ability to distinguish these

alleles from their many surrogates in the genome.
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