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Abstract

Recent advances in genotyping technology coupled with an improved un-
derstanding of the architecture of linkage disequilibrium across the hu-
man genome have resulted in genome-wide association studies (GWAS)
becoming a useful and widely applied tool for discovering common ge-
netic variants associated with both quantitative traits and disease risk.
After each GWAS was completed, it left behind a set of genotypes and
phenotypes, often including anthropometric measures used as covariates.
Genetic associations with anthropometric measures are not well charac-
terized, perhaps due to lack of power to detect them in the sample sizes of
individual studies. To improve power to detect variants associated with
complex phenotypes such as anthropometric traits, data from multiple
GWAS can be combined. This thesis describes the methods and results
of several such analyses performed as part of the Genome-wide Investi-
gation of ANThropemtric measures (GIANT) consortium, and compares
various different methods that can be used to perform combined analyses
of GWAS. In particular, the comparisons focus on comparing differences
between meta-analysis methods, in which only summary statistics that
result from within-study association testing are shared between studies,
and mega-analysis methods in which individual-level genotype and pheno-
type data is analysed together. Finally, a brief discussion of technological
means that have the potential to help overcome some of the challenges
associated with performing mega-analyses is offered in order to suggest

future work that could be undertaken in this area.
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Chapter 1

Introduction

In the past few years, genome-wide association studies (GWAS) have been performed
on over 80 diseases and traits and have resulted in identifying hundreds of common
genetic variants that are significantly associated with a variety of diseases and traits|1].
In addition to a large increase in the number of implicated loci for many diseases,
including Type 1 Diabetes (T1D), Type 2 Diabetes (T2D), inflammatory bowel disease
(IBD), prostate cancer, and breast cancer|[2]; some common variants have also been
identified that influence quantitative traits such as lipid levels, height, fat mass, and
fat distribution|2-5]. Still, a large proportion of heritability in the vast majority of
traits remains unexplained|2, 6-8]. For example, the known common variants for
obesity explain only ~ 1% of the genetic variation expected to be present in the
population based on heritability estimates|9]. The lack of an understanding of the
unexplained variance is one motivation supporting continued research into the genetics
of complex quantitative traits, the primary goal of which is to identify regions of the
genome that are significantly associated with a particular trait in order to move
towards identifying causal genetic variants and/or to implicate genes and elucidate
pathways that are involved in trait regulation, with the ultimate goal of improving

the understanding of the underlying biology behind each trait.



1.1 Genes and genotypes

A gene is a discrete unit of inheritance, while a genotype describes which gene variants
(alleles) an individual has for a given trait or molecular phenotype[10]. In the early
days of genetics, an individual’s genotype was not directly measured but rather in-
ferred from the phenotypes of a pedigree of related individuals, typically as the result
of explicit hybridisation experiments in plants and animals[11]. Later, the discovery
of deoxyribonucleic acid (DNA) as the material carrier of genetic information[12, 13],
followed by the elucidation of the structure of DNA as a double-stranded helix formed
by two nucleotide strands with complementary base pairs[14, 15|, has led to the field

of molecular genetics.

In studying the genetics of quantitative traits, we are ultimately searching for the
causal molecular variants that effect a continuously variable trait through some un-
derlying biological process. Single-nucleotide molecular variants that causally effect
a quantitative trait are referred to as quantitative trait nucleotides (QTNs)[16], al-
though other variation such as insertions, deletions, or copy number variants (CNVs)

could also be causal molecular variants.

An effort to identify the causal genes for a quantitative trait typically begins with a
study of a population of individuals across which both the phenotype and genotypes
vary, in an effort to locate quantitative trait loci (QTLs) within regions of the genome
(known as QTL mapping)[17]|. Phenotype and genotype data are collected and an-
alyzed, resulting in some genetic loci (regions of the genome) being more likely to
harbor a causal gene (a QTN or other causal molecular variant) within them than
others, and these regions are considered QTLs|16, 17]. The average size of a quan-
titative trait locus (QTL) implicated by a particular method can be thought of in
terms of the resolution of that method to detect causal genes — methods that can find

significantly associated QTLs of smaller size are of higher resolution.



While QTL mapping was first made possible by the completion of restriction fragment
length polymorphism (RFLP) linkage maps[18], early work was somewhat limited (at
least in humans) by the necessity of family-based study designs and the relatively low
resolution of RFLP mapping|[16]. However, developments in inexpensive array-based
single-nucleotide polymorphism (SNP) genotyping|19| paired with the revelation that
the extensive patterns of linkage disequilibrium (LD) found in human populations can
be used to develop SNP genotyping panels that provide “genome-wide” coverage of
most common variants with only a few hundred thousand marker SNPs|20, 21|. For
example, arrays of 500,000 SNPs can cover up to 88% of all International HapMap

Project (HapMap) phase 2|20]SNPs with r? > 0.8[20].

1.1.1 Linkage disequilibrium

LD is the non-random association between alleles at two (or more) positions in the
genome within a population[21-23|. Under no selective pressure and without muta-
tions, alleles tend towards a state of linkage equilibrium after a number of generations
depending on initial allele frequencies|22|, but under selective pressure or due to recent
mutations alleles can be in a state of disequilibrium (and therefore also correlation).
From this correlation between alleles some haplotypes can arise that are much more
common than others|21, 23|. However, prior to the HapMar|20, 24| it was not clear
to what extent LD in humans would segment the genome into haplotypes, or how

common those haplotypes might be.

The HapMap project|20, 24| characterized the patterns of LD in several representative
human populations, and found that there are substantial differences in recombination
rates across the genome, such that most recombination occurs in localized hotspots
giving rise to LD patterns in humans that appear as haplotype blocks|24]| within
which genetic variants (such as SNPs) can to some extent be used as proxies (tagging
markers) for each other. Measures of pairwise LD (between two variants) can be

used to evaluate the usefulness of a potential tag SNP. Two different measures are



commonly used, |D’| and r2. The r-squared (r?) measure is the simply square of the
correlation between the two SNPs, and 72 = 1 when two variants arose on the same
haplotypic background and have not since been disrupted by recombination events
and will be less than 1 if the variants initially arose on different haplotypes or if they
arose on the same haplotype but have since been disrupted by recombination. The
D-prime (|D’|) measure is similar to r? in that ranges from 0-1 and |D’| = 1 when
there has been no recombination (or recurrent mutation) between the two variants|24].
However, |D'| is adjusted such that it is independent of allele frequency differences
between the two variants and, and declines exponentially towards 0 in the presence
of recombination events|24, 25|. While |D’| is the more direct measure of LD, the
independence of |D’| from allele frequency differences means that |D’| can be high
when one of the variants is rare, resulting in r? being the measure more typically
used when selecting tagging markers|21], perhaps because it can be useful in genetic
association studies for a tag SNP to have a similar allele frequency to the SNP it is

tagging in order to maintain power to detect effects of similar size.

These developments in understanding of LD in the human genome has made it possible
for high-density SNP genotyping arrays to be developed that represent the majority of
all common variants within a population[19-21, 23, 26]. At present, it is economically
feasible to perform studies that use fairly high density SNP arrays to simultaneously
assay 300k-2.5M SNPs across the genome in thousands of individuals. This has the
potential to yield a genomic coverage of 65-91% of common variation (with a minor
allele frequency (MAF) of at least 5%) in European populations after combining study
genotype data with genotypes from HapMap phase 2[|20][26, 27| (see Section 1.2.3).
SNP array panels now on the market include up to 4.3M SNPs in a single array. The
increased numbers of marker SNPs simultaneously lower the MAF at which the panel
can usefully be used as proxies for underlying causal variants, and also increase the

resolution at which the most likely causal variants can be mapped.

At the same time, large-scale sequencing efforts to increase our understanding of the



diversity of human populations such as 1000 Genomes Project (1000G)[28] will further
lower the MAF and increase the resolution at which panels of marker SNPs can be use-
ful by generating higher resolution recombination and haplotype maps than HapMar
phase 2[20] by including more rare variants as well as other types of (non-SNP) vari-
ants such as insertions, deletions, and structural variants, which can be represented
by tag SNPs once LD patterns between those variants and potential tag SNPs has

been established by typing them in reference populations such as 1000G.

1.1.2 Genotyping methods

Data on an individual’s genotype can be generated using a wide variety of labora-
tory techniques. In the discovery phase of genome-wide association studies, data are
typically generated using microarrays consisting of probes that simultaneously assay
300k —2.5M common SNPs from a sample of DNA extracted from an easily obtainable
source such as blood or saliva. The raw data from these microarrays typically consist
of points along two intensity axes and some calibration data for normalisation|29].
Figure 1.1 is an example of a plot of normalised intensity data for a SNP. The data
format of these intensity files is dependent on the technology used, and due to dif-
ferences in microarray design the calling algorithms used to process the raw intensity

data into genotypes are typically specialised for a particular technology as well.

1.1.3 Genotype calling algorithms

Two of the largest commercial vendors of genome-wide association microarrays, AffyMetrix
and Illumina, both have in-house propreitary calling algorithms (BRLMM and Gen-
Call), though a number of third-party software packages for calling genotypes have
also been developed|30-35]. In general, each calling algorithm works by defining geno-
type clusters based on the 2-dimensional intensity data and then either assigning in-
dividual points to a particular cluster or determining the posterior probability that

an individual point belongs to each of the clusters. The output from any of these
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calling algorithms typically results in post-processed data that falls into one of two
main categories. The first (called genotype data) preserves only the most likely geno-
type at each SNP, while the second (genotype uncertainty data) carries forward some

measure of uncertainty in the genotype calls.

1.1.4 Called genotype data

In studies of SNPs, data passed into downstream analyses are typically of the called
genotype type. In a format of this type, data at each SNP are reduced down to one
of the three possible values for the genotype, or alternatively a missing value code is
used if the calling algorithm could not determine the most likely genotype beyond a

confidence threshold.

For instance, in the Pedigree file for PLINK (PED) format used by the PLINK software
package([36], genotype values for a given SNP are coded using either the single letter
code for each of the two alleles at that SNP, or another letter (such as ‘0’) to indicate
missing data. For example, the four possible codes for a genotype at a SNP for which
the two alleles are ‘A’ and ‘C’ would be ‘A A’, ‘A C’, ‘C C’, or ‘0 0’, where the first
three codes correspond to the three genotype classes (‘A’ homozygote, heterozygote,
and ‘C’ homozygote), and the fourth code (‘0 0’) is the flag indicating missing data

at that SNP[37|. Listing 1 shows an example of a very basic PED file.

Listing 1: An example PED file showing 4 individuals and 6 SNPs.

F1 11 0010 AA GG AC CT CC 00
F2 12 0 0 1 1 CC A G 00 CT TT AT
F3 130011 AC A G 00 CT CT AA
F4 14 0011 CC GG AC T T CcT AA

However, since there are only 4 possible values given at each SNP, equivalent informa-
tion can be represented using only 2 bits of data for each SNP-individual combination
(with the addition of a small amount of meta information indicating the allele labels

for each SNP). Therefore, to reduce storage space and processing time, alternative
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formats have been developed which store the data in a packed binary format. The
PLINK Binary PED for PLINK (BED) format is an example of a more compact bi-
nary representation of the ‘called genotype’ format|37, 38|. In the BED format, allele
labels are stored in a separate file that lists the first and second alleles, and the binary
BED file uses 2 bit codes to store the genotype (‘00” for a homozygote for the first
allele, ‘10’ for a heterozygote, ‘11’ for a homozygote of the second allele, and ‘01’ for

a missing genotype). Listing 2 shows an example of a BED file.

Listing 2: A representation of a 9-byte BED file containing the same genotype data as
the PED file in Listing 1. Each byte in the file is displayed as 8 binary digits, with spaces
after each 2-bit pair in order to assist in reading genotypes. The first three bytes contain

version information and can be ignored, but the remaining bytes contain the genotype
data. Data are in ‘SNP-major’ mode, meaning that all individuals for the first SNP go
first, followed by individuals for the second SNP, and so on. However, each byte is read
backwards, so the first genotype in the file is represented by the last two (7th and 8th) bits
of the 4th byte and the second by the 5th and 6th bits of the 4th byte, the third by the
3rd and 4th bits of the 4th byte, the fourth by the 1st and 2nd bits of the 4th byte, and
then the fifth by the last two bits of the 5th byte and so on until the last individual at the
1st and 2nd bit of the 9th byte.

01 10 11 00 00 01 10 11 00 00 00 O1
11 10 11 00 11 10 10 11 10 01 01 10
11 10 10 10 10 10 11 00 00 00 10 O1

One limitation of the called genotype format is that it requires the establishment of
a threshold for the confidence in genotype calls under which the data will be marked
missing. However, in most cases when a point does not lie within one of the clusters,
a calling algorithm is likely to have higher confidence that the point belongs to one
or two genotype clusters and lower confidence in the other cluster or clusters, so to
simply call the genotype missing is to lose potentially informative data, resulting in a
potential loss of power. While it may make sense to exclude (as missing) points that
lie far away from all clusters, such as those near the ‘A’ intensity axis in the bottom
two panels of Figure 1.2; it is unfortunate to have to exclude points that lie between
two clusters, such as those between the red and blue cluster in the lower right panel

of Figure 1.2 which obviously are much more likely to belong to either the red or the



Figure 1.2: Normalised intensity plots for some example SNPs, showing the results of
calling with CHIAMOI[31| with a threshold of 0.8. Black points (labelled ‘no-call’) indicate
missing calls, indicating that no genotype had a probability greater than 0.8 for that
point).
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blue cluster than to the green cluster. The genotype uncertainty data format could
represent that by setting a very low probability on belonging to the genotype class
represented by the green cluster, and perhaps distributing the rest of the probability

equally between the genotype classes represented by the red and blue clusters.

1.1.5 Genotype uncertainty data

With genotype uncertainty data, the genotype at a given SNP is typically represented
as a set of probabilities for each genotype—individual combination and therefore
carries information about the uncertainty of the genotype calls. In these formats,
one probability for each of the possible values of the genotype is given — homozygous
for the first allele, heterozygous, and homozygous for the second allele. If the calling
algorithm were 100% certain that the genotype was heterozygous, it could be coded
as something like ‘0.0 1.0 0.0 (this is the format output by the CHIAMO|31| genotype
calling software and the IMPUTE|27] imputation software, as well as that used by
the SNPTEST|[39] and QUICKTEST|[40| genetic association testing software).

Unlike the called genotype format, missing values do not typically exist in the geno-
type uncertaintly format, but rather overall uncertainty can be represented by the
three probabilities summing to a value less than 1. In Figure 1.3, the data are plotted
on the same intensity axes as in Figure 1.2, but in this case with each point plotted
as a blend of the three genotype colours and the probability of each genotype repre-
sented by the opacity of that genotype’s colour, with fully opaque points indicating
individuals with a probability of 1 for the genotype corresponding to its colour and
fully transparent (not visible) points representing individuals with a probability of
0 for all three genotype classes (100% missing data). As a result, points between
clusters that had been called missing in Figure 1.2 are now light shades of magenta
(when between red and blue clusters) or cyan (when between green and blue clusters),
and points that are very far away from clusters are almost entirely transparent and

thus not visible.
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Figure 1.3: Normalised intensity plots for some example SNPs, showing the results of
calling with CHIAMO|31], displaying the genotype probabilities in the alpha channel
(opaque indicates a probability of 1, transparent indicates a probability of 0).
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Some calling algorithms, such as CHIAMO|[31]|, handle missing data by allowing for
the identification of additional clusters (called null clusters), beyond the three geno-
type clusters, to represent genotyping failure (e.g. because of the failure of one or
both of the probes represented by the two intensity signals). Increased probability of
membership in a null cluster reduces the certainty of the other three genotype prob-
abilities, because the sum of the probabilities across all possible clusters considered
by the calling algorithm must be equal to 1. Thus, belonging in part to a null clus-
ter effectively makes the genotype partially missing. An example of individuals that
have partially missing data is shown in Figure 1.4, in which individuals wherein more
than 20% of the probability has been assigned to a null cluster are circled. Note that
within this set, there is a large variation between those which are almost certainly
an error (such as those near the ‘A’ axis in the lower two panels) that tend to ap-
pear almost, if not entirely, transparent and those which are in between the clusters,
such as the magenta shaded points between the red and blue clusters in the upper
right panel, and the cyan shaded points between the green and blue clusters in the

lower-left panel.

1.2 Genetic association studies

Early genetic association studies were typically carried out in small regions of the
genome, such as the regions surrounding the coding region of a gene that researchers
hypothesized was a good candidate for association (e.g. because of known biological
function or association with monogenic disorders). Following the discovery by the
HapMap project|20, 24| that LD patterns across the human genome were organised into
local recombination hotspots|20], high-coverage SNP genotyping arrays have made
possible the GWAS, in which a dense panel of marker SNPs is used to tag the majority
of common genetic variation across the genome. Coverage of these arrays varies, both
by product and depending on the population being studied. Early products were

based on LD patterns found in early releases of HapMapr data and were best suited
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Figure 1.4: Normalised intensity plots as in Figure 1.3 but in which individual points
with greater than 20% missing are circled (for which the sum of the probabilities of all
three genotypes is less than 0.8 (AA + AB + BB < 0.8). This plot; as well as the plots in
Figure 1.1, Figure 1.2, & Figure 1.3; were created in R[41] using the ggplot2[42] and
reshape[43| packages with colour palettes from ColorBrewer[44]. Source data are from the
WTCCC T2D genome-wide scan|45].
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to analysis of populations similar to the HapMap population of utah residents with
ancestry from northern and western Europe (CEU)[24|. More recent products have
added many times more markers and have based marker selection on the additional
populations of HapMap phase 3[|46][46] as well as SNPs detected as part of 1000G.
Modern whole-genome arrays, such as the Illumina HumanOmni5-Quad BeadChip,
can now capture 91% (at an r* > 0.8) of common variation (MAF > 5%) in the
CEU population; 89% of the common variation in the combined HapMap population
comprising samples of Han Chinese in Beijing, China (CHB) & HapMapr population
comprising samples of Japanese in Tokyo, Japan (JPT) HapMap populations; and 70%
of the common variation in the HapMapr population comprising samples of Yoruba in

Ibadan, Nigeria (YRI) HapMapr population|[46].

1.2.1 Quality control

1.2.1.1 Experimental replicates and basic genotype QC

It may also be a good idea to include a few samples with “known” genotypes (such
as HapMap samples) along with study samples in order to validate that the geno-
typing platform is operating as expected|47|. After genotyping, there are a number
of checks that should be performed in order to exclude samples and/or SNPs that
did not perform well in genotyping, including checks of concordance rate, missingness
rates for both SNPs and samples (after base calling), and an investigation into batch

effects.
1.2.1.2 Departure from Hardy-Weinberg Equilibrium

The Hardy-Weinberg theorem states that in a large enough population undergoing
random mating, the frequencies of the three genotypes at a biallelic genetic variant
will tend to remain in equilibrium over time when not under the influence of se-

lection or mutation, following the relationship p?, 2pg, and ¢*; where p and ¢ are

14



the frequencies of the two alleles[48]. Departures from the expected genotype fre-
quency distribution predicted under Hardy-Weinberg equilibrium (HWE) can be due
to inbreeding, population stratification, selection pressure, or problems in genotyping
(including non-random missingness, miscalled heterozygotes, or unobserved common

variation that disrupts primer sites)|21, 49, 50].

Testing for deviation from HWE is typically carried out using either a Pearson goodness-
of-fit test (x? test) or a Fisher exact test, both of which yield a p-value indicating the
significance of departure from the null hypothesis (H,) that the genotype frequencies
are in HWE|21]|. Extremely significant departures from HWE are likely to indicate
quality issues and such SNPs can be safely discarded[45], though the choice of an ap-
propriate threshold to use for this criterion will vary with both sample size and data
quality and should not be set too liberally, since moderately significant departure
from HWE can also result from real associations under the influence of selection|2,

21, 49).

Some studies have based their HWE quality control (QC) criterion on the observed
distribution of the p-values for HWE disequilibrium in relation to call rate failures|45],
while others have used a relatively stringent threshold, such as Pywr < 1079, as a
cut-off to exclude SNPs[47]. However, setting such a stringent threshold may exclude
SNPs that are under significant selective pressure that could potentially be due to
the trait or disease under study (though that is less of an issue for quantitative traits

than for case-control studies)|[21].

When considering excluding a SNP based on departure from HWE, manual exam-
ination of its intensity plot (see Section 1.2.6.1) may provide insight into why the
issue is occuring if it is actually due to genotyping failure or poor genotype calling.
SNPs that have obvious genotyping or calling problems should be excluded from the
analysis if the issues can’t be resolved by performing the genotype calling again with
different parameters or alternative software. SNPs that do not appear to have any

genotype calling problems but that nonetheless display significant departures from
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HWE should be retained, as they could be important markers of latent population
stratification that needs to be controlled for in the analysis (see Section 1.2.5.1), and
removing them may limit the effectiveness of empirically based controls for popula-
tion stratification (such as PCA; see Section 1.2.5.3). Another approach for handling
such a SNP would be to initially exclude it, subsequently fill in its genotypes using
imputation (see Section 1.2.3), and finally compare the imputed genotypes with the

initial genotypes|21].

1.2.2 Phenotype

1.2.2.1 Quantitative traits

Quantitative phenotypes vary continuously across a range of values, though limited
precision of measurements may tend to discretise the values to some degree. QC of
quantitative traits is important in order to verify that phenotype data are in the
correct units, which can be checked by applying liberal thresholds to phenotype data,
imposing limits on the reasonable range for the trait in the specified units and for
the expected population. It can also be a good idea to check for outliers and take
extra steps to ensure that data with extreme values are correct, such as going back
to clinicians who supplied the measurements to verify the extreme values observed

agree with their records and are not simply a typographical or data entry error.

Association testing can be performed directly on raw quantitative traits, though it
is important to test the extent to which the trait is normally distributed in the
population as many of the statistical tests to evaluate significance of an association
require a normally distributed trait in order to be valid|21]. To determine whether a
trait is approximately normally distributed, one could simply plot a histogram of the
data and visually inspect the shape for deviations from normality in terms of skewness
(asymmetry of the distribution in either direction) and kurtosis (being more or less

peaked than normal)[51]. However, in a large sample it is possible that even small
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deviations that are not obvious to the eye could result in significant non-normality,
so in most cases it is a good idea to perform a formal test for non-normality (see
Figure 1.5 for examples of significantly non-normal distributions that may not be
obvious by eye). Several tests for normality can be performed computationally, such
as the Shapiro-Wilk Test, for sample sizes up to 5000[52], or the Lilliefors test[53].
When normality does not hold, a transformation can potentially be used if it makes
the data appear more normally distributed (see Section 1.2.2.2), or samples could
potentially be stratified into subgroups for analysis if the non-normality were due to
a bimodal or multimodal distribution across multiple subgroups of the samples and
stratifying them by those subgroups would therefore result in a normal distribution

for each.

1.2.2.2 Phenotype transformation

One particularly useful transform to force phenotype data to be ly distributed and
thereby satisfy the requirements of tests requiring normality is the inverse-normal
transformation. The inverse-normal transform is a rank-based transformation that
simply orders the phenotype data from lowest to highest and then fits that data to
a standard normal distribution|3, 5, 54, 55]. While this will make the assumptions of
statistical tests that require normal data valid, the drawbacks are a potential loss in
power (e.g. due to amelioration of extreme values) as well as a lack of useful units
in the resulting effect estimates (the units of the effect estimate will be in standard

deviations).

1.2.2.3 Treating quantitative traits as case-control phenotypes

A simple phenotype is one in which the sampled populations are divided into two
groups: cases and controls. Case-control phenotypes are commonly used in studies
of disease, but a quantitative trait can also be treated as case-control data by taking

the extremes of the distribution or by grouping into cases and controls according to
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Figure 1.5: A standard normal distribution compared to three distributions that are
significantly non-normal. All four distributions are based on 100,000 simulated data
points. On the upper left (“Standard”) is a standard normal distribution. To its right is a
distribution that displays excess kurtosis (high peak and wide tails). On the bottom row
are distributions skewed to the left or the right. Estimates of skewness, kurtosis, and a
p-value for non-normality based on the Lilliefors normality test for each of the
distributions were calculated. The upper left distribution had skewness=0.15,
kurtosis=-0.01, and priicfors = 0.9, indicating it is not significantly different from a
normal distribution. The upper right distribution had skewness=-0.22 and kurtosis=8.1,
the lower left distribution had skewness=0.15 and kurtosis=0.004, and the lower right
distribution had skewness=-0.14 and kurtosis=0.02. The results of the Lilliefors test for all
three distributions was significant priie fors < 2.2 X 10716, indicating the distributions are
all significantly different than a normal distribution and thus it would not be safe to use
tests that require normality with any of these distributions.
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absolute thresholds, such as comparing “normal” and “obese” ranges of body mass
index (BMI))[56, 57]. In the most basic analysis of case-control data, only the counts
of cases and controls of each genotype are important for the test, and this data can
be organised into a 2 x 3 contingency table (see Table 1.1) for each SNP, which is then
tested for association between the rows (case-control status) and columns (genotype),
using a test such as a Pearson test with 2 degree of freedom (DF), a Fisher exact test,
or a Cochran-Armitage trend test (which may be the best option when assuming

additive genotype risk)|[21].

Table 1.1: An example 2 x 3 contingency table for a case-control phenotype.

Genotype
AA | AB | BB
case 49 | 42 9
control | 20 | 50 | 30

Status

1.2.3 Genotype imputation

Genotype imputation is a method by which missing genotype data can be estimated by
utilizing information about correlation patterns in non-missing data[58]. A number of
different imputation methods have been developed for use with genotype datal27, 58—
64], most of which employ hidden markov models (HMMs) to estimate missing geno-
types while simultaneously modeling the uncertainty regarding haplotype phase|63].
A typical use of imputation in GWAS is to include data from an appropriate refer-
ence population, such as the CEU population from HapMap phase 2[20][20] for studies
of individuals of European descent, in order both to increase coverage and to have
results at the full set of SNPs across multiple studies. Without imputation, meta-
analyses of studies that used different platforms could easily result in a rather small
set of overlapping SNPs that would not be considered as having genome-wide cover-
age (depending on the overlap between the genotyping platforms used), so the use
of imputation to obtain comparable sets of genome-wide SNPs genotypes has become

common in GWA meta-analysis (GWAMA)|[3-5, 65].
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1.2.3.1 Imputation accuracy

An aspect of imputation of particular importance is that the accuracy of imputa-
tion can vary substantially from SNP to SNP for reasons such as local LD structure
and /or allele frequency differences between the reference panel(s) and genotyped pop-
ulation(s) being imputed|66]. It is therefore a good idea as part of QC to filter the
output of imputation by some measure of the imputation accuracy in order to exclude
poorly imputed SNPs from analyses, or alternatively to perform association testing

that takes the genotype uncertainty into account (see Section 1.2.5.4).

Several different measures of imputation accuracy are reported by various imputation
software. One that is typically reported is simply the probability that an imputed
genotype is correct|64]. While intuitive to understand, a threshold based on proba-
bility is not very useful for comparing SNPs of different allele frequencies because a
reasonable threshold for common SNPs (such as probability > 0.9) would not as useful
for rare SNPs because no basis on surrounding haplotype structure would be necessary
to exceed the threshold|66]. For example, for a 5% SNP, simply assigning the most
frequently observed genotype to every individual should exceed a p > 0.9 threshold,
but would not represent any of the actual genotypic variation observed in the sample

and would therefore simply be adding noise to an analysis of that SNP[64].

The most commonly used metrics of imputation accuracy for a SNP are estimates
of the squared correlation between observed allele dosage and the expected allele
dosage under HWE[62, 67]. In MACH|64] the estimate of this is referred to as r2,
while in BEAGLEI62] it is referred to as “Allelic R?.” The two measures are similar
but are estimated in different ways, with MACH using a ratio of the empirically
observed variance in the imputed data to the expected variance of the allele dosage
under HWE, and BEAGLE estimating the squared correlation between the most likely
genotype and the true genotype[66]. The information content reported by PLINK|37]

imputation and referred to as “INFO” is also equivalent to the r2 measure reported
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by MACH|67].

When using imputation software that does not provide an accuracy measure (such as
BIMBAM]|[58]), 2 can be calculated after imputation given an expected allele dosage
(e) and the MAF of the SNP in the reference population. The ratio of observed
variance in allele dosage in the imputed data (varpserveq) to the theoretical expected
variance in allele dosage under HWE (varespectea) vields 72 (Equation 1.1). Under
HWE, the expected variance of allele dosage (varezpectea) can be estimated by 2p(1 —
p), where p is the population allele frequency|62]|. Since the true population allele
frequency is unknown, the observed MAF in the reference panel can be used as an
estimate for p (Equation 1.2). The variance of the observed allele dosages (Va7 opserved)
can be calculated from the observed allele dosage (e;), where ¢ is a sample index,
using the standard formula for sample variance across all samples (Equation 1.3).
This yields an expanded formula for »2 in terms of MAF, e, and N (the number of

samples) that is shown in Equation 1.4[66].

7:2 _ VAT observed (11)
VAT expected
VAT egpected = 2MAF (1 — MAF) (1.2)

var = lieg— (lie-f (1.3)
observed N i N i .

=0 =0

N N
D % D0 € (% doigei)

2MAF(1 — MAF)

(1.4)

The SNPTEST|27] software, which is designed to perform association tests using
imputation that has been carried out using IMPUTE|27]|, takes into account the
uncertainty in each of the reported genotype calls (see Section 1.1.5) and reports an

additional information measure (Ig) which in the output files is typically called either
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“proper_info” (SNPTEST version 1) or “info” (SNPTEST version 2). This metric is an
estimate of the ratio of the observed information (7pservea) to the complete information
(tcomplete) (Equation 1.5) for the SNP[66] and is directly related to the power to detect
the genetic effect estimated by the association test[67], in that multiplying the number
of individuals in the imputed sample (N) by Is will result in the effective sample
size (Neffective) if all of the samples had genotypes known with complete certainty
(Equation 1.6)[68|. The Ig metric is typically used as a threshold for exclusion of
SNPs after association testing for GWAS that use IMPUTE and SNPTEST, with a
typical threshold of Is > 0.4, or in some cases Ig > 0.5[3, 5, 54, 55, 65, 68-71].
Version 2 of IMPUTE also includes a similar information measure (/4) which also
represents the ratio of observed to complete information. While 4 only represents
the uncertainty in the genotypes resulting from imputation, the I's measure also takes
into account the genetic model being tested and therefore under some models the two

measures can be quite different, although they are highly correlated under the additive

model|66].

iobserved
l¢ = ——7—7 1.5
5 (Zcomplete) ( )
Neffective = [S X N (16)

1.2.4 Genetic association analysis

While more complex methods exist, such as those that analyse a large set of SNPs
simultaneously|72|, most GWAS currently use more straightforward methods that
test a single SNP at a time. For genetic association testing, the choice of model is
important as choosing a model that does not accurately capture the true variation in

the data can drastically limit the power of a study to detect those variants|73].
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1.2.4.1 Additive, dominant, and recessive models

A variety of models can be used to test for association between genotype and pheno-
type. The additive, dominant, and recessive models are all 1-DF tests and correspond
directly to the additive, dominant, and recessive modes of mendelian inheritance|73].
In the additive model, the number of copies of an allele (0,1,2) at a particular SNP
is used as the value to be tested for association with the phenotype. Thus, genotype
AA has a value of 0, AB has a value of 1, and BB has a value of 2 (using B as the
effect allele). In the dominant model, AA would have a value of 0, while AB and BB
would each have a value of 1. In the recessive model, AA and AB would each have a

value of 0, while BB would have a value of 1.

Typically, only the additive model is used in a GWAS analysis. This is perhaps
because it is the most straightforward to explain, but it also has fairly good power
to detect signals that are actually dominant or those which are actually involved in
certain kinds of multiple locus interactions, though it is not well powered to detect
signals that are actually recessive or which exhibit many kinds of multiple locus

interactions|73].

Simulations have shown better power can be gained by performing all three tests,
although that only applies when using empirical means such as permutation to correct
p-values, rather than more conservative means such as bonferroni corrections (see
Section 1.3.3.1), or alternatively just performing a single 2-DF test of a co-dominant

model|73].

1.2.5 Confounding factors and methods to control confound-
ing

In a genetic association study, confounding factors (confounders) are variables that

are to some degree correlated with both the genotype and phenotype under test but

23



that are not on the causal pathway between genotype and phenotype. If not controlled

for, confounders can result in spurious (false-positive) associations.

Methods to control for confounders includes case-control matching, use of cohort stud-
ies, stratification-by-confounders, and adjusting for confounders by including them
as covariates in a multivariate statistical test. In a case-control study, case-control
matching can control for confounding by selecting for each case a control that closely
matches for all confounding factors. However, unless a quantitative trait has been
converted to case-control status (e.g. by taking extremes) and is being treated as a
case-control study, this method will not be possible. In that instance, study design
could have taken confounders into consideration from the outset by being organised
as a cohort study in which all potential confounders have been matched at the outset.
For example, some genetic studies control for age, birth year, and some environmen-
tal factors by employing a birth cohort in which all subjects were born in the same

period within a localized area.

1.2.5.1 Population stratification and cryptic relatedness

It is important to be aware of the potential for population stratification, which occurs
when the population being studied includes sub-populations that are more closely re-
lated to each other than other members of the population as a whole[21]. If those
sub-populations also have a different distribution of the quantitative trait under
study, then genetic variation that happens to have a different allele frequency in
that sub-population will appear to be associated to the trait, when in fact it is likely
to just be an indicator of membership in that subgroup|23|. It may be obvious that
these corrections are necessary when gathering data from different populations across
continents or countries, but even for a study that draws only from a well-defined
population in one country or city, the potential problems of population stratification
can’t necessarily be safely ignored and should instead be examined and, if necessary,

corrected|74].
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1.2.5.2 Genomic control

Genomic control (GC) is a method that can be used to control for inflation in a test
statistic such as could be due to population stratification due to admixture. GC relies
upon having data on a large number of markers, the vast majority of which have no
real association with the trait being studied|75-78|. For each of these markers, asso-
ciation with the trait is tested. The median value is then divided by the theoretical
median underH, to yield Agc, which is a measure of the inflation present in the data
and which, if Agc > 1, can then be used to adjust the test statistic[77]|. The method
to perform GC correction on a x? statistic is to simply multiply it by 1/Aqc (Equa-

tion 1.7)[75, 77|, and a standard error (o) can also be easily corrected by multiplying

by v Acc (Equation 1.8)[67].
1
Ge

Oge = 0 X v/ /\GC (18)

In practice, genomic control Agc for a GWAS is typically calculated using data from all
SNPs, even though some SNPs may be known to have association with the diseasel3].
Though it would be possible to remove loci that have already been established to
have an association with the trait from the Ag¢ calculation, leaving those loci in the
calculation only make the GC correction more conservative, so it is safe to do so while
still getting the full benefit from the correction, though it will likely result in a loss

in power.

Since the median is a robust estimator and is therefore not overly affected by individ-
ual outliers, a few real associations would have a negligible affect on the correction.
If, however, a large number of SNPs have some amount of real association, overcor-
recting could become a potential issue in that it could result in substantial power

loss. It is therefore a good idea, especially when studying complex traits that may
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have hundreds or thousands of real effects (such as height|[70]), to consider removing
markers from the calculation that have been established to be associated with the
trait being studied, as well as other markers in close LD with those markers, in order

to avoid overcorrection.

It is important to note that Agc would be expected to scale with sample size given
stratification, so in order to compare inflation across studies or traits with differ-
ent sample sizes, it can be useful to compare A10o0,1000, Which is the inflation factor
for an equivalent study of 1000 cases and 1000 controls (Equation 1.9) or Ajgg for

quantitative trait analysis of 1000 samples (Equation 1.10)[67, 79].

(ioases & o)

A1000,1000 = 1 + (A = 1) x (17f6660 +n17T00100) (1.9)
1000
)\1000 =1+ ()\ — 1) X T (110)

1.2.5.3 Principal components analysis

Principal components analysis (PCA) or eigenanalysis is a technique used to reduce
the dimensionality of a data set by creating a set of representative axes of variation
based on eigenvectors calculated from the data|80|. The first axis, or first principal
component (PC), is made up of the combination of measurements that accounts more
the largest amount of variability in the data|81]. Each of the subsequent PCs account
for the most variability remaining after all the previous ones have been taken into
account. The full set of PCs would fully represent the original data, and could be used
to reconstruct it, but an interesting property of PCA when applied to genome-wide
genetic data is that when using it to reduce the dimensionality of genotype data taken
from a population, the first few PCs typically vary along with differences in ancestry

and can therefore be used to separate a population into subpopulations|82].
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As a result, PCA can also be used as a tool to detect population structure and
to correct for population stratification|82]. Since the first PC will explain a larger
proportion of variance in the presence of a larger amount of population structure,
performing a test on the proportion of variance explained by the first PC yields a
p-value that is related to the amount of population structure present|81]. Setting a
threshold for this p-value and applying it to the first few PCs until one is found
that is not significant is an empircal way to decide how many (Npc) PCs to use
to correct for population stratitification|83|, though this number can also be chosen
based on a prior belief regarding the number of subpopulations (Npopg) likely to be
present in the population, in which case Npc = Npops — 1|84]. Alternatively, PCs can
be calculated including known reference populations (such as HapMap populations)
that are thought to be informative subpopulation differentiators for the population
under study and an appropriate Npo determined by examining each PC’s ability to
differentiate the known populations, such as by examining plots of the PCs including

labelled reference populations (see Section 1.2.6.2).

However, it is important not to use too many PCs, as at some point the PCs will stop
representing population structure and begin to represent variation that is likely be
related to the trait being studied, resulting in a loss of power. This is made especially
clear when considering the case when Npe is equal to the full set of PCs, which
would represent all genetic variation and thus correcting for them would result in no

variation for association testing.

PCA algorithms can be quite computationally intensive, though less so than other
methods such as structured association (SA)[84]. To reduce the computational burden,
especially on memory requirements, a reduced set of genotypes is sometimes used to
compute the PCs used for population stratification correction in a GWAS. Software,
such as eigensoft|83], which are designed to perform PCA on genetic data are typically
limited in the number of samples that can be processed due to memory constraints

(issues with current versions of the software tend to begin when the number of samples
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exceeds 10,000)[82], though new methods are being developed that can perform PCA
on large data sets such as full GWAS scans, one of which is a multistage approach in
which SNPs are divided into into subsets, PCA is run on each subset, and the top PCs
resulting from each of those PCAs are carried forward into a final PCA, the results of

which are used in the usual way[84].

1.2.5.4 Statistical methods for genetic association testing

The statistical methods used depends on the type of trait being analysed, but for
quantitative traits, the frequentist test employed is typically a simple as linear re-
gression or an analysis of variance (ANOVA)|[21|. However, more advanced meth-
ods are needed in order to take genotype uncertainty into account. Several soft-
ware packages that implement such tests are available, including SNPTEST|[27, 39|,
MACH2QTL[85], and QUICKTEST|40].

In order to take uncertain genotypes into account (other than simply thresholding on
some value and calling the most likely genotype), several methods can be used. One
straightforward approach under an additive genetic model is to convert the probabil-
ities of the three genotype classes into an expected value for the allele dosage at one
of the alleles|86, 87| and to test that expected allele dosage for association with the

quantitative phenotype in a simple linear regression|40].

More advanced methods use missing data likelihood tests|[66] or mixture models|88§],
which are more computationally demanding but that more fully incorporate the prob-
abilities of the three genotype classes. Bayesian approaches for including the genotype

uncertainty into the model have also been developed|66].

Simulations comparing thresholded, dosage, and mixture models have shown that the
dosage model is comparable in power to the mixture model when analysing modest
effects in a large sample size when there is relatively little uncertainty in the genotypes

(based on imputation), although the mixture models had substantially more power
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with large effects in a small sample size, especially when imputation accuracy or MAF
was low[88]. In all cases, both the dosage method and mixture models had more power

than using thresholded genotypes|88|.

1.2.5.5 Automation of association analysis

Performing association analysis for use in meta-analyses of summary statistics can be
prone to error if performed manually — especially when numerous analyses on different
traits are being performed at the same time. Each study must perform the analyses in
a compatible manner, and effectively communicating the analysis methods and even
the file transfer formats required for the meta-analysis to individual study analysts

can be difficult in itself.

To help reduce errors in association analysis, I have developed a pipeline that takes
genotype, phenotype, and analysis driver files as input and performs all steps of the
analysis that can be performed automatically through to providing the output in a
standardised format. Through the use of this automated pipeline, the opportunities
for making errors are reduced. While the pipeline itself could of course have an error,
such an error would tend to occur systematically rather than sporadically, such that,
should an error be suspected or detected, the source of the error can be tracked down
and resolved once, and all affected results can be re-run using the updated pipeline
code. In contrast, when running analyses manually, there are more opportunities to
introduce errors through increased human interaction, but more importantly when
errors are detected it is very difficult to know whether the error was due to a systematic
problem with the procedure the analyst was following or with one of the software

packages, or whether it was just a one-time error.

The core of the association analysis pipeline is based on GNU Make, with a variety

of components written for Bash, Perl, GNU R, and Maxima.

The pipeline supports phenotype transformations, stratification, and covariates that
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can be quantitative or categorical. Categorical covariates are handled by converting

to a set of contrasts.

It is important to note that such a pipeline is not intended to replace the primary
analyst on a study or to remove requirements for QC, as those steps still require a
great deal of manual inspection. It is, however, well suited to the task of performing
additional analyses on a study that has already been prepared for another analysis,

such as analysing the covariates from a disease study as primary traits.

The pipeline allows the analyst to specify all parameters for a set of analyses in a
driver file, and for those analyses to be run automatically on the data according to
the contents of that file. As a result, the opportunities to introduce error have been

reduced by encapsulating the human interaction into a single driver file.

1.2.6 Interpretation and visualisation of data

1.2.6.1 Intensity plots

An important tool for validating genotype calling is to make plots of individual marker
intensity data along with an indication of the called genotype (see Figure 1.2). When
genotype uncertainty data is used, it more useful to provide an indication of the
confidence in each genotype call. A particularly nice way to do that is to make a
scatterplot in which three points are overplotted for each SNP, one for each of the
three genotypes, using a different colour for each genotype and using the alpha channel

(transparency) to represent the uncertainty of that genotype call (ranging from 0 to

1).
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Figure 1.6: A normalised intensity plot for a single SNP, showing the results of calling
with CHIAMOI31], displaying the genotype probabilities in the alpha channel (opaque
indicates a probability of 1, transparent indicates a probability of 0), and with nearly

transparent points circled (those in which the sum of the probabilities of all three
genotypes is less than 0.1 (AA + AB + BB < 0.1). This plot was created in R|41] using
the ggplot2[42] and reshape[43]| packages with colour palettes from ColorBrewer[44]. Source
data are from the WI'CCC T2D genome-wide scan|45].
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The result is that points that could equally belong to either of two genotype classes
are displayed in a colour which is the result of the colour of the two classes mixed
together (for example, a point between red and blue clusters would appear magenta).
Since some points may appear almost completely transparent in these plots, it can be
helpful to add a circle around points with low probabilities across all three genotype
classes. Using these plots, performance of the calling algorithms can be evaluated by

manual inspection (see Figure 1.6 for an example).
1.2.6.2 Plotting PCs with reference populations

To get an idea of the extent of population stratification in a particular sample, PCA
can be used to calculate PCs based on reference populations such as those from

HaprMar, and and then the first few PCs plotted against each other along with the same
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PCs evaluated in the population under study (or vice-versa, where PCs are calculated
based on the population under study and then projected onto the reference samples).
An alternative method is to run the PCA on the full combined data set including
both the sample and reference populations, although the computational complexity
of PCA increases significantly with sample size and, in particular, memory constraints

may make it difficult to analyse extremely large sets of samples in one PCA.

Figure 1.7: The first three principal components calculated from the HAPMAP phase
2 populations (CEU, JPT+CHB, and YRI) and projected onto samples simulated from
several HAPMAP phase 3 populations (ASW, CHD, GIH, MXL, and TSI). Eight
populations of 500 samples were each simulated based on reference haplotypes for
chromosome 21 (19,306 SNPs total) using HAPGEN2[89]. EIGENSOFT|82| was then used
to calculate PCs based only on the three HAPMAP phase 2[20| populations, but projecting
the results onto all eight populations.
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(a) First and second principal components. (b) Second and third principal components.
Calculating PCs based on reference populations that include the population that will
be used as a reference panel for imputation is particularly useful, since individuals not
clustering with the reference population are good candidates for exclusion from the
study|45]. Figure 1.7 shows an example of a scatterplot of the first three PCs resulting
from a PCA calculated using only the three HapMap phase 2|20| populations, and then
projected onto a number of other (in this case HapMap phase 3[46]) populations. In

Figure 1.7a we see that the TSI population clusters very near the CEU cluster (and
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indeed they are both of European origin), the CHD population clusters very near the
JPT+CHB cluster (and both are of East Asian origin), the ASW population appears
to fall along a line between the YRI cluster and the CEU cluster (which might be what
we expect considering the ASW population is made up of African-Americans), and
the GIH and MXL populations appear to lie on a line between the JPT+CHB cluster
the CEU cluster. Note that some of the other populations have clustered very near
the CEU HapMap population, while others are part way between the European (CEU)
cluster and the East Asian (CHB-+JPT) clusters. In Figure 1.7b, we see that the third
PC does not appear to do very much to differentiate between the populations, which
is what we’d expect given that only three populations were used to in the PCA to
calculate PCs. If a study population to be imputed using the CEU reference panel
was plotted along these axes, we might exclude any individuals who lie far from the

CEU cluster in the 2-dimensional space of PCs 1 & 2.

Relative to the principal variation between the three HapMap phase 2[20] popula-
tions, some of the other five populations appear largely indistinguishable from each
other using any of the PCs calculated based only on those three populations. For
example, the GIH and MXL populations appear in Figure 1.7 to belong to a largely
overlapping cluster, as do the CEU and TSI populations. If the population under
study included individuals from these two populations, using only the PCs calculated
from the three HapMapr phase 2[20| populations would not do much to correct for
population stratification at the level of the differences between CEU and TSI or GIH

and MXL.

If the PCs are instead calculated from a larger set of HapMap phase 3[46] populations,
more PCs can be used to differentiate between populations at a more fine-grained level.
One way to visualize many PCs is to plot every PC against each other in all combi-
nations, labeling known populations with colour in order to observe which PC can
differentiate between which populations (see Figure 1.8). If samples of unknown pop-

ulation were plotted along with these reference populations, it could provide insight
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into which individuals were outliers in terms of the variation observed between all
of the reference populations (for the purposes of sample exclusion), or alternatively
the plots can be used to decide which PCs are able to differentiate between popula-
tion differences in the population under study in order to decide how many PCs to
use as covariates in an association model when PCs were calculated along with these

reference populations.

In Figure 1.8, all 100 combinations of the first ten PCs for simulated populations
based on eight HapMap phase 3[46] populations are plotted against each other in a
10 x 10 matrix. For the first PC, looking down the first column one can see that it
differentiates well between three clusters, one of ASW samples, one of YRI samples,
and one containing all the other samples. Looking down the second column shows
that PC2 also differentiates between three clusters, one of CEU and TSI samples, one
of CHD and JPT-+CHB, and one of the rest of the samples. The third PC appears
to separate MXL samples from the rest of the samples, while the fourth is better at
differentiating GIH samples from the rest of the samples. The fifth PC separates ASW
from YRI more significantly than PC1, while the sixth separates TSI from CEU and
the seventh separates CHD from JPT+CHB. Looking down the eighth, ninth, and
tenth columns, it is clear that these PCs do not do much to differentiate between any
of the populations. If using PCs based on these populations to correct for population
stratification, based on this it would make sense to use the first seven PCs, as they are
likely to be informative for variation along the axes of these eight populations, which

again is what is expected given the eight populations used to calculate PCs.

1.2.6.3 Genome-wide association plots

Genome-wide association (GWA) plots, also called “Manhattan” plots|71|, represent
the association of a particular trait across all markers tested. These are typically
plotted with log1o p-values on the y-axis and genomic position (chromosome by chro-

mosome) on the x-axis. See Figure 1.9 for an example.
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Figure 1.8: The first ten principal components calculated from eight HAPMAP phase
3 populations (ASW, CEU, CHD, GIH, JPT+CHB, MXL, TSI, and YRI). Each of the ten
PCs is plotted against itself and the nine other PCs to form a 10 x 10 matrix of all
combinations in order to show the relationships between them. Eight populations of 500
samples were each simulated based on reference haplotypes for chromosome 21 (19,306
SNPs total) using HAPGEN2[89]. EIGENSOFT|82] was then used to calculate PCs based
on all eight populations.
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Figure 1.9: An example genome-wide association plot, showing some marginally
significant results but nothing beyond the threshold for genome-wide significance.
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1.2.6.4 Genome-wide quantile-quantile plots

Quantile-quantile (QQ) plots plot the observed distribution versus the expected dis-
tribution under Hy for a statistic. They typically plot the quantiles of the observed
data on the y-axis and the quantiles of the expected distribution on the x-axis. The
expected distribution for all markers under Hy is a straight line from the origin with
slope 1 (—10g10(Pexpected) = —10G10(Dobserved))- These plots are typically used to show
the extent of inflation above the expected distribution of p-values under Hy,. Some-
times it is also useful to plot several QQ plots over each other, first showing the full set
of markers and then showing sets of markers with those markers which have already
been established to be associated with a particular trait (or those in close LD with
such markers) having been excluded. These ‘exclusive’ QQ plots show the extent to
which the distribution of p-values observed deviates from those that would be ex-
pected under Hy,. Observing a distribution of points that begins near the origin and
falls fairly near the expected line until the tail, where there is a significant departure
above the line, represents a strong association signal with little overall inflation. Ob-
serving a line that deviates early from the expected line, having an increasing slope
throughout the plot, can indicate systematic inflation of the test statistic — though
it could also be an indication that there are a large number of real effects of small

size which the study is underpowered to detect. Systematic departure below the ex-
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pected line could indicate that the data has been overcorrected or perhaps that there
is some problem with the calculations. See Figure 1.10 for an example QQ plot for a

quantitative trait.

Figure 1.10: An example genome-wide quantile-quantile plot, based on the same analysis
as Figure 1.9.
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1.3 Meta-analysis of genome-wide association stud-
ies

Once multiple independent GWAS have been performed that each have collected data
on the same phenotype, it would be advantages to combine the samples in order
to increase power. One way of doing this combination would be to simply collect
all genotype and phenotype information together in one combined mega-analysis in
which a single statistical test is used across all samples simultanteously. Indeed, even
considering additional corrections for population stratification necessitated by the

multiple studies being drawn from distinct populations, this method is likely to be
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the most powerful way to analyse the data (see Chapter 3 for more information).
However, due primarily to concerns regarding privacy, it is in practice difficult to
coordinate the exchange of this individual-level data between many groups around
the world, and as an alternative a meta-analysis using summary statistics can be
carried out (although see Chapter 4 for possible alternatives to summary statistics
meta-analyses). Such a meta-analysis is typically based on the results of association
analyses carried out within the individual studies using similar if not identical analysis

plans.

Imputation to a reference population, such as the HapMap samples[20], enables GWAMA
of studies that were based on different genotyping platforms, as the intersection of
SNPs from different platforms could easily be too small to be considered a genome-
wide representation. Imputing to a common reference population allows estimates of
genotypes not present on the genotyping platforms to be made and for each study to

therefore have a common set of genome-wide SNPs|[67].

The analyses in each study are typically performed on the same phenotype and use
the same covariates, although this depends on the study design. Whenever possible,
phenotypes and covariates should be in the same units across studies, although when
they are not, transformations can be used to convert into compatible units, and
population-specific covariates can also be included to correct for confounding factors
specific to a particular population, or to correct for population stratification within

studies (see Section 1.2.5.3)[67].

Typically, data that each study will contribute to a meta-analysis for each SNP in-
cludes: an identifier for that SNP, the effect allele, the other (non-effect) allele, strand,
sample size, allele frequency, effect (typically g from regression), standard error (SE),
p — value, and software-specific metrics describing the information content on which

the results were based (see Section 1.2.3.1).

However, a minimum set of data from each study would simply consist of four columns
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that identify the marker, give the strength of association, the effect allele, and a
sample size for weighting. The strength of association can be represented either as a
Z-score (the deviation of the test statistic as the number of standard deviations above
or below zero) or p-value. An example of such a data set would consist of: identifier,
positive forward-strand effect allele, sample size (N), and p-value; or alternatively:
identifier, effect estimate (3),N, and Z-score. Such a data set would allow for a
weighted Z-score meta-analysis but would not permit any filtering to occur centrally
by meta-analysis analysts—all filtering would have had to occur within the study,

and it would be very difficult to do any QC at the meta-analysis stage.

One of the problems with such a minimalist approach is that when combining data
from many studies prepared by different analysts, there are a lot of opportunities for
errors to be introduced into the many submitted data sets. When collecting a full
set of data including both alleles, strand, allele frequency, and information metrics, a
number of checks can be performed to verify that the data is as expected[67|. These
include: range checks on all metrics, a check that both alleles are consistent for the
marker (taking into account the strand), and a check that the frequency of the effect
alleles are, on average, reasonably close to the frequency of the same alleles in other
studies (and/or the HapMar). In practice, the cleaning stage, where the data is
submitted from each study and then systematically checked for potential issues in
this manner, can yield a high percentage (in practice, in some cases it has been more
than 50%) of studies in which serious issues are detected that need to be addressed
before the meta-analysis can take place. The fact that errors are routinely detected
is an argument in favour of collecting enough data so that these sorts of checks can
be carried out, as without the ability to correct these errors, the analysis could easily

be based on data that is largely incorrect.

In practice, we also routinely include effect estimates (such as g and SE) along with
p-values, as that provides redundancy and allows the results from different meta-

analysis techniques to be compared. The observation of significant differences in

39



results between a method based on p-values or Z-score (such as weighted Z-score,
described in Section 1.3.1.2) and those from a method based on g and SE (such as
inverse-variance, described in Section 1.3.1.3) can indicate that some studies may

have used different units or an incorrect transformation.

It is also important to filter SNPs that have low information content (see Section 1.2.3.1)
or when they have made too few observations of a particular class of data. Under the
additive model, observing at least 20 copies of the minor allele (MAC > 20) might
be a good threshold to use[47].

1.3.1 Statistical methods for meta-analysis

1.3.1.1 Fisher’s combined probability test

For much of the 20th century, the most popular test used to combine p-values from
independent experiments that tested the same H, was Fisher’s combined probabil-
ity test|90]. The method pools p-values from k experiments by summing the log of
the p-value and multiplying by 2, which results in a y? distribution with 2 x k& DF
(Equation 1.11)[91].

Vv =-2x Zlog(pl-) (1.11)

This is only valid when combining tests that test the same Hy, so if the direction
of effect is important, Fisher suggests using a one-sided test to calculate a single-
tailedp-value based on an effect in one direction, such that the p-value for effects in
the opposite direction will always be p > 0.5 and therefore, after taking into account
the additional DF added by the combination formula, the x? should result in a higher

p-value when adding in terms in which effect directions are not aligned|92].
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1.3.1.2 Weighted Z-score

A weighted Z-score (WZ) meta-analysis|93] is based on Z-scores, which can be reported
directly or calculated from the p-value and effect direction along with a weighting term
(Equation 1.13) which is the square root of the ratio of the sample size in the i’ study
to the total sample size across all studies, and sums the product of the Z-score and the
weight for each study to yield the overall meta-analysis Z-score (Equation 1.12)[67].
That Z-score can then be converted to a p-value using a normal approximation.

Zmeta — Z (Zz X wz) (112)

%

N;
wi =4/ (1.13)
Ntotal

This method is perhaps the most straightforward and works well if only p-values (or

Z-scores) are available from some or all studies, or if some studies (may) have used
different units (or transformations) for their effects, because in weighted Z-score (WZ)
only the significance and direction of the effect and not the effect itself is used. How-

ever, this also means the results cannot include an effect estimate (3).

1.3.1.3 Inverse-variance

Inverse-variance meta-analysis operates on the effect estimates (8 and SE), with the
weighting for each study proportional to the inverse of the variance within that study.
The fixed effects model|94] assumes that the effect is common across all studies, while
the random effects model provides a probability model that treats individual study

effects as if they were sampled from a common distribution[95].

In the fixed effects model, the formula for the weight in the i** study is given by
Equation 1.14.
(1.14)

41



Calculation of the overall effect estimates is then given by the inverse-variance equa-

tions (1.15) and (1.16)[67].

> (Bi x wy)

ﬁmeta = Zl w3

(1.15)

1

SEmeta = Z W

(1.16)

In the random effects model[96], the weighting term adds an estimate of between-
study variance to the variance used to calculate the weighting for each study. A
side-effect of this is that less weighting is given to more precise studies (those with
less within-study variance), resulting in a more conservative pooled effect estimate
than the fixed effects model[95]. The revised formula for the weight in a random-
effects meta-analysis including 72, which represents an estimate of the between-study
variance, is given by Equation 1.17(95]. In this method, the inverse-variance equations

remain as in Equations 1.15 and 1.16.

1

“ ST (1.17)

wy

1.3.1.4 Testing the difference in effect between two analysis strata

Testing for the difference in effect between two meta-analysis results can be achieved
by using Welch’s T-test, which has no prerequisites on sample size or variance of the

studies. The SE of the difference is calculated from the SE in each group (1 and 2)

SEgiss = /SE2 + SE2 (1.18)

And then the T-test statistic formula is calculated from the SE of the difference and

as Equation 1.18[97].

the two effect estimate (5; and f3) as Equation 1.19[97].

_Bi— DB

T =
SEdiff

(1.19)
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A normal approximation can then be used to calculate the p-value, which should be
sufficient for most meta-analyses, though for small studies it can also be calculated
using student’s distribution, using DF calculated the using the Welch-Satterthwaite

equation (1.20)[98].

(SE] + SE3)*
(SEZ? _ (SHR
(ot + maor)

DF =

(1.20)

However, in practice we have found that the results of these tests can be somewhat
deflated (as evaluated using a QQ plot), which may be due to correlation between
men and women due to relatedness and/or population stratification. We used the
assumption that most markers genome-wide do not have a real effect to correct the
SE of the difference based on the genome-wide correlation between g (somewhat
akin to GC correction). We first calculated a Spearman correlation coefficient (r;2)
between the effect estimate for each group and then used a modified formula for the

SE of the difference (1.21).

SEdifficorr = \/SE% + SE% — (2 X T1o X SE1 X SE2) (121)

1.3.2 Practical issues

The quality of meta-analysis results is not only dependent on the set of studies in-
cluded in the analysis or the choice of statistical model, but also on a number of
practical concerns that arise when combining data from multiple studies from many

different sources into a single analysis.

In order to automate analysis, I developed an automated pipeline for meta-analysis.
In this pipeline, input files for each meta-analysis to be performed are placed into
a directory with the same name as the analysis. The input files are checked for
errors and cleaned versions are generated. Each input file is then GC corrected and
the lambda values logged for future reference. A driver file for the Metal meta-
analysis program|[99] is then generated and then metal is run to perform the meta-

analysis, once using the WZ method, and once using the inverse-variance (IV) fixed-
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effects method. Afterward, the output from both methods are merged into one data

set.

The pipeline also includes a GNU R program for meta-analysis which implements
the inverse-variance fixed effects and inverse-variance random effects meta-analysis
methods and which can also generate forest plots for each marker. Typically, metal
is run on the genome-wide data set and then the R script is used to confirm results

and to produce plots of the meta-analysis results for top hits.

It also includes tools for automatically generating GWA plots and QQ plots for each
analysis, filtering on values such as p-value, and annotating the output with chromo-

some, position, and nearest gene.

1.3.2.1 Pruning into independent loci

Finally, the results sorted by p-value can be pruned into independent loci based on
criteria based on HapMap r? values, genetic distance, or genomic position. In any
case, the procedure begins by taking the first marker (with the lowest p-value) and
recording that marker as the lead marker of a new locus. Then, each subsequent
marker of increasing p-value is taken in turn and the criteria for independent loci
used to determine whether the marker belongs to an existing recorded locus (e.g. if
the pairwise LD between that marker and the lead marker for any recorded locus is
within the chosen 72 threshold). If the marker does belong to an existing locus, the
rank of that marker at the previously defined locus is recorded. If it does not belong
to an existing locus, the marker is recorded as the lead marker for a new locus. This
procedure continues until all markers have been processed and assigned to loci. The
output of this procedure is a list of markers with two data columns: the lead marker

of the locus that this marker belongs to and the rank of this marker at the locus.

Another component of the pipeline can test for heterogeneity between effect estimates

in the output of two separate meta-analyses. For example, separate meta-analysis can
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be performed on men and women and the results tested for heterogeneity to test the

extent of gender-specific effects.

1.3.3 Significance levels in GWAS meta-analysis

The significance of a GWAS meta-analysis needs to be corrected for the multiple tests
that were performed (across all SNPs). Several methods for this correction exist,
including Bonferroni correction, use of a genome-wide significance (GWS) threshold,

or false-discovery rate (FDR) control.
1.3.3.1 Bonferroni correction

Bonferroni correction treats all tests as if they were completely independent, so it is
likely to overcorrect an analysis of a genome-wide set of markers with LD between

them. For this reason, Bonferroni correction is not typically used in GWAMA.
1.3.3.2 Genome-wide significance

The GWS level for p-values are generally accepted to be somewhere in the range from
5 x 1077 and 5 x 1078[45, 100]. These thresholds are meant to roughly correct for
multiple testing of a genome-wide set of markers that are, due to LD, representing an
unknown number of real signals. At a significance level of 5%, a GWS threshold of
5 x 1077 is equivalent to a Bonferroni correction of 100,000 independent tests and a
threshold of 5 x 1078 is equivalent to a Bonferroni correction of 1,000,000 independent
tests. Use of a GWS threshold to determine would be less conservative than full
Bonferroni correction when a larger number of markers than that are being tested,
but the argument for genome-wide thresholds is that simply correcting for the full set
of tests performed will tend to pick up the same real signals many times over because
of the high degree of LD between the markers being tested, and there is evidence that

the effective number of independent tests in a GWAS is within this range[101]. The
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Wellcome Trust Case-Control Consortium (WTCCC)[45] used a threshold of 5 x 1077
rather than what would have been their Bonferroni corrected 5% level of 1 x 1077
and while it is possible that this threshold could also be on the conservative side in
some instances, thus far no findings from GWAS that have exceeded the 5 x 1078

significance level have been shown to be false positives[102].

1.3.3.3 False-discovery rate control

Rather than using a p-value threshold based on the number of actual or effective inde-
pendent tests that were performed, methods based on the distribution of p-values can

be used to control for the false-discovery rate (FDR)[103-106].
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Chapter 2

Results of genome-wide association
meta-analyses

Over the past six years since the earliest GWAS were conducted in 2005, the number
of studies performed has increased exponentially (see Figure 2.1), likely due to a
decrease in the cost of genotyping using whole-genome arrays and the success of early
studies in reproducibly identifying associations between common genetic variants and

a variety of diseases and traits[1].

Figure 2.1: Total GWAS Publications listed in the NHGRI GWAS catalog|107]|, March
2005 - August 2011.
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In the first three years of GWAS combined, only ~ 100 studies were published, while
in the following three years a further ~ 700 were published, raising the total to ~ 800
at the beginning of 2011 and continuing to rise at a rate of ~ 300/year to date. As
of September 2011, the National Human Genome Research Institute (NHGRI) GWAS
catalog[107| lists 976 studies that have assayed at least 100,000 SNPs in the initial

stage.

The result of this is that there are a large number of samples that have been geno-
typed on large-scale arrays, and after the primary trait analyses have been completed,
many of these studies are left with a set of quantitative phenotypes that had been
collected (in some cases for use as covariates in the primary disease/trait analysis),
but that have not yet been analysed for genetic association. However, a few of the
larger studies did perform secondary analyses of some of these covariates in order
to detect associations between the quantitative traits and genetic loci, yielding the
first insights into common genetic variation that contributes to anthropometric traits
such as BMI[57, 108| (a common covariate used in many disease GWAS such as those

investigating T2D).

The Genome-wide Investigation of ANThropemtric measures (GIANT) consortium
(http://www.broadinstitute.org/collaboration/giant/) was formed in order to
capitalize on the many extant studies that have collected anthropometric trait phe-
notypes and have genome-wide genotype data available. Under the hypothesis that
common genetic variants of modest effect size exist for these traits but that previ-
ous studies have been underpowered to detect them, the expectation of GIANT is
that the increased sample size made possible by meta-analysis would increase power

sufficiently to detect common variants of modest effect sizes.

The effort required to perform these secondary analyses within each study is reduced
from that of a primary analysis, largely because most, if not all, of the QC steps
performed in the primary analysis can be directly applied to the secondary analysis

without having to be re-run. In particular, SNP and sample exclusion lists generated
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for the primary analysis can usually be reused for the secondary analysis, and if the
primary analysis had detected population stratification and determined a method to
control for it (such as using PCA PCs as covariates), the parameters of those methods
(such as the PCs) can also be reused. This typically results in few (in any) manual
steps that need to be performed by analysts for these analyses, so they can be easily
automated (such as by using the pipeline described in Section 1.2.5.5). The typical

analysis workflow of a meta-analysis within GIANT is shown in Figure 2.2.
Figure 2.2: Flowchart of a typical meta-analysis pipeline for the GIANT consortium.

Phenotyping:
Weight (kg), Age,
Gender

Stratification by
Gender

Genotyping
Inverse-normal Inverse-normal
f transformation of transformation of
Weight Weight

Within-study QC | Imputation
v\\‘ v

Association Testing Association Testing (Male):
(Female): Additive Model, Additive Model, Age as

Age as Covariate Covariate
Meta-analysis QC Meta-analysis QC Meta-analysis QC
Inverse-variance Inverse-variance Inverse-variance
meta-analysis meta-analysis meta-analysis
Sort by P-value Sort by P-value Sort by P-value
"Independentize" "Independentize" "Independentize"
based on HapMap based on HapMap based on HapMap
r2<0.2 r2<0.2 r2<0.2

49



2.1 Meta-analysis of waist traits, 2008-2009

This analysis of waist circumference (WC) and “ast circumference,. 1, (WHR) was un-
hip circumference

dertaken by the GIANT consortium in 2008-2009, and was originally published in-
Lindgren et al. [3].

2.1.1 Introduction

Obesity is an increasing public health issue, but not all forms of obesity carry the
same risk. Those who possess a high degree of central obesity have increased risk
of adverse metabolic and cardiovascular outcomes, including T2D and atherosclerotic
heart disease[109], relative to those with fat more evenly distributed or primarily
deposited elsewhere in the body. Because of this, measures of overall obesity such as
BMI do not represent the risk of central obesity as well as more direct measures of

the trait such as WC or WHR|110, 111].

Measures of overall obesity and measures of central obesity are highly-correlated (BMI
has r? ~ 0.9 with WC and r? ~ 0.6 with WHR), but central adiposity measures are
themselves highly heritable[112], and that heritability remains high even after cor-
recting for BMI (= 60% for WC and ~ 45% for WHR)[113|. Further, the existence
of monogenic syndromes (partial lipodystrophies) which dramatically effect the for-
mation and maintenance of specific regional fat depots indicate that at least some

genetic variants can act on central obesity independently of overall obesity.

Efforts to identify variants influencing BMI and risk of overall obesity have emphasized
the role of neuronal (hypothalamic) regulation of overall adiposity|4, 57, 108, 114-117]
but have provided little to indicate processes responsible for individual variation in fat
distribution such as those responsible for central obesity. Discovery of the mechanisms
involved in the regulation of fat distribution in general is therefore important to

developing an understanding of the morbidity associated with obesity.
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Furthermore, due to the difficulties and complications involved in pharmacological
manipulation of hypothalamic processes associated with overall obesity, the identifi-
cation of genes or pathways associated specifically with central obesity may present
more easily manipulated targets and present opportunities for therapeutic develop-

ment to treat the highest risk forms of obesity.

2.1.2 Results & Discussion

Our strategy for identifying common variants influencing central adiposity is summa-
rized in Figure 2.3. The study was based on an initial (stage 1) GWAS meta-analysis
to identify SNPs strongly-associated with measures of central adiposity.We then fo-
cused our follow-up (stage 2) efforts on the subset of those signals for which the
strength of the evidence of association for measures of central adiposity appeared
to be substantially stronger than that observed for overall adiposity or height. We
reasoned that this subset of signals would be enriched for variants with preferential

influences on central fat accumulation.

2.1.2.1 Stage 1 meta-analysis

The stage 1 meta-analysis combined data from 16 GWAS scans (N=38,580), all of
European ancestry and which included measures of anthropometric phenotypes.We
selected two complementary but related measures of central adiposity for analysis:

WC and WHR.

Each study performed genotyping using study specific methods followed by imputa-
tion using the HapMap CEU phase 2 reference panel to yield a common set of 2,573,738
SNPs for asociation testing. Phenotypes were prepared for association testing by first
adjusting the raw phenotype for covariates including age and age? as well as other
study-specific covariates such as principal components or population identifiers, and

then taking an inverse-normal transform of the residuals in order to yield a standard
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Figure 2.3: Overall diagram of analysis of waist traits.
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normal distribution. Each study then performed sex-stratified association testing
under an additive genetic model to test SNP genotype against the inverse-normal

transformed phenotype, again using study-specific methods.

We then conducted a WZ meta-analysis (Section 1.3.1.2) based on p-value (p) and
sample size (N) reported by each contributing study for each SNP in each sex. In
addition, we also performed an IV meta-analysis (Section 1.3.1.3) based on the ef-
fect estimate (/) and standard error (SE) reported by each contributing study and
compared the resulting p-values. The results of the two meta-analyses were highly

concordant for both WC (Figure 2.4a) and WHR (Figure 2.4b).
Figure 2.4: Comparison of genome-wide p-values from inverse-variance (IV) and
weighted Z-score (WZ) methods for (a) WC and (b) WHR. Both the x- and y-axes

represent —log1o(p).

Inverse-variance (IV) Weighted Z-score (WZ) in WC Inverse-variance (IV) Weighted Z-score (WZ) in WHR

We used the WZ meta-analysis to select SNPs for follow-up genotyping, so we report
p-values based on that analysis but have also reported effect estimates based on the
IV meta-analysis. We observed a deviation from the expected p-value distribution

under H, for both WC and WHR (Figure 2.6).

For each study, before performing the meta-analysis, we corrected for inflation of
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both p and SE (e.g. due to population stratification within the study) using genomic
control methods (Section 1.2.5.2). We again corrected for inflation of p and SE that
resulted from the meta-analyses (e.g. due to population stratification across studies)
using GC correction. Values of the inflation factor for the overall meta-analysis,
standardized for comparative purposes to a sample size of 1000 (Ajp00) (Section 1.2.5.2

and Equation 1.10), ranged from 1.002 (WHR) to 1.003 (WC).

From these data, we identified a set of 76 loci that showed evidence of association
with one or both traits (Figure 2.5). We selected one SNP per independent region
of association, based on a threshold of p < 107° in preliminary pre-GC corrected

analyses.

Figure 2.5: Genome-wide association plots in stage 1 for (a) WC and (b) WHR. The
x-axis represents genomic position and the y-axis represents —logio(p).
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In the meta-analysis of WC, we strongly confirmed fat mass and obesity associ-

ated (FTO) (rs1421085: pwc = 3.7 x 107%°) and melanocortin 4 receptor (MC4R)
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Figure 2.6: QQ plots of genome-wide association in stage 1 for (a) WC and (b) WHR.
The x-axis represents expected —logio(p) under H, while the y-axis represents the
observed —logio(p).
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(rs17700144: WC, p = 6.2 x 107'!) as obesity loci with an effect on WC, but did not
find any other genome-wide significant (p < 5 x 107%) loci in stage 1. Variants at
FTO and MC/R are common variants with two of the largest effect sizes reported for

both BMI and risk of obesity|4, 57, 108, 114, 116].
2.1.2.2 In silico and de novo follow-up

From this initial set of 76 strongly-associated signals, we sought to enrich for variants
with specific impacts on central adiposity, by identifying a subset of 23 SNPs for which
there was the greatest evidence for a disproportionate effect on central adiposity, as
opposed to overall obesity or height. These variants were selected as having strong
associations (p < 107°) with WC and/or WHR, while displaying weak evidence of
an association with overall adiposity (BMI, p > 0.01) or adult height (p > 0.005) in
separate stage 1 GWAS meta-analysis results performed on a largely overlapping set

of studies[5, 71].
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For these 23 SNPs, we obtained in silico follow-up data from another 8 studies with
GWAS data (stage 2a) comprising a maximum of 13,830 subjects, all of European-
ancestry. We also performed de novo genotyping in 20 additional studies (Stage 2b)
comprising a maximum of 56,859 subjects, also all of European-ancestry. Follow-up
analyses were restricted to the same phenotype(s) (WC and/or WHR) for which the
SNP had been selected in stage 1, resulting in a total of 30 SNP-phenotype combina-

tions under test in stage 2.

Combining stage 1 and 2 studies into a combined meta-analysis with a maximum
of 109,269 subjects, we identified three signals reaching genome-wide levels of sig-
nificance (p < 5 x 1078): 6p12 (rs987237: p = 4.5 x 107?), 8p23.1 (rs545854:
p =12 x107%), and 1¢42.3 (rs6429082: p = 2.6 x 107%). These three loci were
selected for further examination in results of the Cohorts for Heart and Aging Re-
search in Genomic Epidemiology (CHARGE) Consortium. Two additional loci showed
strong but less compelling evidence for association (p < 5 x 1077) with waist phe-
notypes. These included SNPs mapping near genes encoding high mobility group
AT-hook 2 (HMGA2) on chromosome 12q14.3 (rs7970350: pwc = 2.2 x 1077) and
platelet-derived growth factor receptor-like (PDGFRL) on chromosome 8p22-p21.3
(1s2245667: pwc = 3.1 x 1077). The role of these genes on central obesity pheno-

types will require further study.
2.1.2.3 Sex-specific association analyses

Given the clear sexual dimorphism of central obesity, as well as evidence that some
genetic effects on fat distribution may be gender-specific[118|, we performed additional
meta-analysis of stage 142 data, this time stratifying the meta-analysis by sex in order
to detect possible effects that were specific to one sex or the other. These analyses
revealed a single additional locus of interest on 1¢41 (rs2605100: puomen = 1.3 x 1078)
(Table 2.1).
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2.1.2.4 Confirmation in CHARGE consortium GWAS data

As a final stage of confirmation, we analysed genotype data for rs987237, rsb45854
and rs6429082 made available to us by the CHARGE consortium, members of which
had recently completed a GWAS meta-analysis of WC in non-overlapping samples
from 31,375 individuals. As the CHARGE GWAS analyses were restricted to WC, we

were unable to follow-up the WHR signal at 1¢4! in these data (Table 2.1).

At 6p12.3, CHARGE analyses revealed directionally-consistent association with WC
(rs987237: N = 31,372, pcuarce = 3.6 x 107%) resulting in an overall combined
p-value of 1.9 x 107 (N = 118,691). At 8p23.1, genotypes for 15545854 could only
be imputed in a subset (N = 8,097) of CHARGE samples, but the effect in CHARGE
was directionally-consistent (p = 0.28), and in the overall results (N = 80,210)
for this SNP, the evidence for association with WC was improved (p = 8.9 x 1077)
(Table 2.1).

In contrast, rs6429082 at 1¢42.3 showed no evidence of association with WC in
CHARGE (N = 31,373, p = 0.12). Since analysis of the combined data set no longer
reached genome-wide significance (p = 2.9 x 1077), further studies will be required to

investigate association at this locus.
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8¢

Locus SNP EA EAF Phenotype Sex Stage N B SE p-value
( Stage 1 38635 0.038 0.010 1.10 x 107%
Stage 2a 12369 0.019 0.017 0.26
Stage 2b 43016  0.037 0.009 2.22 x 10~%
6pl2 1987237 G 16.4% we Both Stage 142 94021  0.035 0.006 4.54 x 10~
CHARGE 31372 — —  3.64x107%
Overall 118691  — — 187 x 107!
Stage 1 36865 0.045 0.011 1.32 x107%
Stage 2a 3406  0.023 0.033 0.46
Stage 2b 31841 0.036 0.011 5.31 x 107%
§p23.1 1s7826222 G 18.3% we Both Stage 1+2 72113  0.040 0.007 1.20 x 1008
CHARGE 8097 — — 0.28
\ Overall 80210  — —  5.89x107%
Stage 1 21397 0.062 0.011 1.30 x 10798
Stage 2a 6021  0.035 0.019 8.17 x 10792
Stage 2b 20213  0.018 0.011 9.06 x 1072
ladl - 1s2605100 G 69.2%  WHR  Women Stage 12 47633  0.040 0.007 2.55 x 10~
CHARGE — — — -
Overall - - - -

Table 2.1: The three loci with genome-wide significant evidence for association with WC or WHR.



2.1.2.5 Disentangling effects on overall and central adiposity

This study was designed to be complementary to equivalent analyses of overall adi-
posity (as measured by BMI) conducted on a largely overlapping set of samples|5|.
By focusing on widely-available anthropometric proxies of central adiposity, and tar-
geting follow-up analyses to those signals which, in the GWAS data, had the most
compelling evidence for disproportionate effects on central adiposity, our aim was to

enrich for variants influencing regional rather than overall obesity.

We were interested in determining the extent to which the genome-wide associations
identified at 6p12.3, 8p23.1 and 1q41 were specific to central fat accumulation as
opposed to being driven by other highly-correlated anthropometric traits. To evaluate
this, we used data from the stage 2 samples for which we ran additional meta-analyses

of BMI, dual energy X-ray absorptiometry (DXA), and bioimpedance tratis.

For 6p12.3, stage 2 data indicated that rs987237 showed strong associations with
overall adiposity (pgurr = 7.0x107'2 in stage 2 alone), which was surprising given that
in stage 1 the locus had been selected based in part on a lack of strong association with
BMI (ppwmr > 0.01). The association with WC remained only nominally significant
in stage 2 (p=0.02) after adjustment for BMI. In addition, rs987237 was weakly
associated (0.15% difference per-allele, p = 0.02) with overall fat mass in 29,316
individuals with bioimpedance data, and also weakly associated (0.25% difference
per-allele, p = 0.02) with DXA measures in 13,039 additional individuals. In the
7,346 individuals for which we had DXA information specifically on fat distribution,
there was no apparent association with percent central fat mass (p = 0.98), although

this analysis is likely to be underpowered.

These data suggest that the 6p12.3 signal exerts its predominant effect on fat accumu-
lation at multiple sites, a finding consistent with the known biology of transcription

factor AP-2 beta (activating enhancer binding protein 2 beta) (TFAP2B), which is
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the most obvious candidate gene in the locus (see Section 2.1.2.6 for a more detailed

description of the role of TFAP2B).

In contrast, while the signal at 7¢41 did show modest associations with overall obesity
(stage 2, women only, p = 1.9 x 10~* for BMI) and WC (p = 0.01), the strength of the
association with WHR was greater after adjustment for BMI (stage 2, women only,
p = 4.3 x 1079). In the limited subset of women (N = 7,228) for whom measures
of hip circumference (HC) were available, and in whom we observed a proportionate
signal for WHR (p = 5.2 x 107%), we found no association with HC (p = 0.7) and
a directionally consistent trend of association with WC (p = 0.06). Whilst these
data would suggest that the g4I signal does indeed have a specific effect on fat

distribution, large-scale clinical studies would be required to substantiate this.

Biological connections between the 8p23.1 locus and adiposity phenotypes are unclear
at this stage. The signal at 8p3.1 showed only weak association with overall adiposity
(p=2.2 x 1072 for BMI in stage 2), but the strong association with WC in stage
2 samples became non-significant after adjustment for BMI(p = 0.11). The main
proposed function of the closest gene, methionine sulfoxide reductase A (MSRA), is
to repair oxidative damage to proteins by enzymatic reduction of methionine sulfoxide

(see Section 2.1.2.6 for more detail on this region).

2.1.2.6 Description of the three loci

The extents of each association region were determined by first taking all SNPs within
a genetic distance of 1.0cM of the lead marker (based on HapMap phase 2[|20] fine-
scale recombination rate), then filtering out all SNPs with a p-value within 2 orders
of magnitude of the lead marker (psxp > Piead marker X 100), and finally taking the
positions of the first and last SNPs within that set to be the extents of the associated
region. This yields a prediction of the associated region that is empirically based
on the association signal we observed in our discovery stage data, rather than being

based more crudely on HapMar genetic distance or base position criteria.
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In the locus association plots, each point represents a SNP in the region, with color
to indicate LD (r?) with the lead SNP. Point position along the y-axis indicates
—logyo(p) for association (left-hand scale). Underneath the points lies the HapMar
recombination rate (right-hand scale) traced in blue. Genes from the University of
California Santa Cruz (UCSC) genome browser NCBI reference sequence database
(REFSEQ) genes database[119] are shown as annotation tracks under the plot. The
x-axis shows genomic position (in NCBI genome build 36 (NCBI36) coordinates), and
the region highlighted in blue is the associated region for the locus. The locus plots

were produced using the standalone version of the LocusZoom software|120].

Figure 2.7: Discovery stage association at 1¢41.
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1q41 The 1q41 locus is represented by lead marker rs2605100, with association sig-
nal for WHR in women extending across = 166kb of chromosome 1, ranging
from 217689kb — 217855kb (see Figure 2.7). One gene (ZC3H11B) overlaps this
signal region. Zinc finger CCCH-type containing 11B pseudogene (ZC3H11B)
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is a pseudogene with no known function. The nearest gene outside the signal
region is lysophospholipase-like 1 (LYPLAL1). The edge of the signal region lies
236.4kb downstream of LYPLALI. LYPLALI is thought to act as a triglyceride
lipase that has been reported to be up-regulated in subcutaneous and visceral

adipose tissue of obese subjects|121].

Figure 2.8: Discovery stage association at 6p12.5.
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6p12.3 The 6p12.3 locus is represented by lead marker rs987237, with associa-
tion signal for WC extending across ~ 302kb of chromosome 6, ranging from
50906kb — 51208kb (see Figure 2.8). One gene (TFAP2B) overlaps the signal re-
gion, as does a SNP with suggestive association with P-wave duration (rs283566:
~ 256kb & =~ 0.0627cM from lead marker with 72 = 0.12 & D’ = 1.0)[122]. The
lead marker rs987237 is located within the third intron of TFAP2B and ex-
ons 4-7 of TFAP2B overlap the signal region. TFAP2B encodes a member

of the AP-2 family of transcription factors and functions as both a transcrip-
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tional activator and repressor of AP-2 proteins, which are thought to stimulate
cell proliferation and suppress terminal differentiation of specific cell types dur-
ing embryonic development|[123]. An association between variants not present in
HapMar (and therefore not imputed into this study) within intron 1 of TFAP2B
and T2D has previously been reported in Japanese[124|. TFAP2B is reported to
be preferentially expressed in adipose tissue[125|, and over-expression in 3T3L1
adipocytes leads to decreased insulin sensitivity via enhanced glucose transport
and increased lipid accumulation|[125]. Over-expression of TFAP2B also down-
regulates expression of the insulin-sensitizing hormone adiponectin by direct
transcriptional repression|126]. Genetic variants within TFAP2B have recently
been reported to be functional and to positively correlate with TFAP2B tran-

script levels in adipose tissue|[125].

Figure 2.9: Discovery stage association at §p23.1.
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8p23.1 The 8p23.1 locus is represented by lead marker rsb45854, with associa-
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tion signal for WC extending across ~ 40kb of chromosome 8, ranging from
9876kb — 9916kb (see Figure 2.9). No known genes overlap this region, but
it does lie & 32kb upstream of MSRA. MSRA encodes an antioxidant repair
enzyme that reduces oxidised methionine to methionine[123]. Moreover, the
oxidation of methionine residues in proteins is considered to be an important
consequence of oxidative damage to cells[127]. Oxidation of proteins by reactive
oxygen species is associated with aging, oxidative stress, and many diseases and
a mutant mouse that lacks the Msra gene, compared with the wild type, ex-
hibited enhanced sensitivity to oxidative stress[128|. Excess lipid accumulation
leads to increased endoplasmic reticulum (ER) activity, which ultimately can
overwhelm the capacity of the ER to properly fold nascent proteins. If this
process proceeds unchecked, apoptosis may result. ER stress can lead to oxida-
tive stress in the mitochondrion, as does the presence of excess free fatty acids
(FFA) which through indirect mechanisms can contribute to cellular insulin re-

sistance[129].

2.1.2.7 Associations with other phenotypes

The accumulation of central adiposity has serious adverse health consequences in-
cluding hyperlipidemia and increased risks of T2D. We examined the relationships
between adiposity-related SNPs and these clinical phenotypes using available GWAS
meta-analysis data. We found an association between the WHR-increasing G-allele
of 152605100 (1¢41) and increased fasting triglycerides (p = 3.9 x 107*) in data from
a recent GWAS meta-analysis of 14,343 European samples[130|. This is further sup-
ported by a parallel GWAS meta-analysis effort in 19,840 samples where the G allele
is similarly associated with increased triglycerides (p = 0.02). Using T2D case-control
data from the DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) con-
sortium|68|, we found directionally-consistent but weak associations with T2D-risk

for all three loci, but most obviously at 6p12.3 (p = 0.09).
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2.1.2.8 Conclusion

By focusing on anthropometric measures of central obesity, we have identified three
loci harboring common genetic variants implicated in the regulation of human adipos-
ity and fat distribution. Determining the influence of these signals on the development
and maintenance of specific fat depots would require analyses that relate genetic vari-
ation to more detailed measurements of distribution (such as DXA imaging data) in
large numbers of subjects, but the loci identified appear to highlight a variety of novel
mechanisms involved in the regulation of adiposity. The data are consistent with a
model whereby fat mass and distribution are determined through the action of pro-

cesses acting at the level of both the hypothalamus and peripheral fat depots.
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2.2 Meta-analysis of WHRADIBMI

This analysis of WHR-adjusted-for-BMI (WHRADIBMI) was undertaken by the GIANT

consortium in 2009-2010, and was originally published inHeid et al. [54].

2.2.1 Introduction

Central obesity and body fat distribution, as measured by WC and WHR, are associ-
ated with individual risk of T2D[131, 132] and Coronary Artery Disease (CAD)[133]
as well as with mortality from all causes[109]. These effects are independent of overall
adiposity as measured by BMI. WHR is of particular interest as a measure of body fat
distribution because it is representative of both the adverse metabolic risk associated
with increasing WC and the more protective role of gluteal fat deposition with respect

to diabetes, hypertension, and dyslipidemia|134, 135].

There is evidence that body fat distribution is influenced by genetic variants distinct
from those regulating BMI and overall adiposity. After accounting for BMI, individual
variation in WHR remains heritable[136, 137|, with estimates of heritability ranging
from 22%—61%[113, 136-138]. Further, abnormalities in regional fat deposition asso-
ciated with lipodystrophic syndromes demonstrate that genetic variation can have
dramatic effects on the development and maintenance of specific fat depots[139, 140].
Finally, in a previous GWA analysis of waist traits (see Section 2.1), a locus on 1¢41
was found to be significantly associated with WHR independent of any effects on
BMI|3|, providing a first example of a common genetic variant that influences control

of body fat distribution distinct from that of overall adiposity.

Within the GIANT consortium, we performed a large-scale GWAMA of WHR, using
an adjustment for BMI (WHRADJBMI) to bias our findings toward loci associated with

body fat distribution alone rather than those that also affect overall obesity
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2.2.2 Methods

We conducted a two-stage study among individuals of European descent, first examin-
ing GWA in a discovery stage and then following-up promising candidates in a second

follow-up stage in additional studies consisting of non-overlapping samples.

2.2.2.1 Contributing studies

This GWAS on WHRaADJBMI involved 32 discovery stage studies comprising up to
77,167 individuals (34,601 men and 42,735 women) to identify potentially interesting
common genetic variants associated with central obesity. Given the sample size in the
discovery stage, we calculated that we have ~ 80% power to detect SNP associations

that explained as little as 0.025% of trait variance.

In the follow-up stage, we included 11 studies which extracted genotypes from in
silico genome-wide genotype data and 18 studies with de novo genotyping performed
specifically for the set of follow-up SNPs to provide genotypes for up to 113,636
individuals (up to 47,882 men and 66,244 women) in the follow-up stage. A description
of the constituent studies of both the discovery and follow-up stages can be found
in Supplementary Table 1 ofHeid et al. [54] and descriptive statistics for all studies
are given in Supplementary Table 8 of Heid et al. [54]. To avoid stratification issues,
studies that had originally been designed as case-control studies were stratified into
separate case and control cohorts and all studies except for family-based studies were

also stratified by sex.

2.2.2.2 Phenotype definition

Each study calculated BMI based on weight and height data according to Equa-

tion (2.1) and WHR based on WC and HC according to Equation (2.2).
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weight(kg)

BMlI(kg/m?) = height(m)? (2.1)
WHR(em/em) = % (2.2)

Within each strata, residuals of the WHR phenotype were then calculated by fitting a
linear model with BMI, age, and age? as covariates. Some studies included additional
covariates to control for population stratification or other confounding factors (see
Section 1.2.5), depending on the individual study design. The resulting residuals
were then inverse-normal transformed (see Section 1.2.2.2) within each strata to yield

a standardised WHRaADJBMI phenotype with a standard normal distribution.

2.2.2.3 Genotypes and association testing

Each discovery stage study and wn silico follow-up study used genotypes from a
genome-wide SNP genotyping array along with the HapMap phase 2|20] CEU reference
panel to impute up to ~2.85 million SNPs. The de novo follow-up studies performed
genotyping using study-specific methods, in most cases genotyping the actual SNP
selected for follow-up but in instances where genotyping that SNP was not possible,

a tag SNP in high LD was used as a proxy.

In each study, the inverse-normal transformed WHRADJBMI phenotype was tested for
association with SNP genotype using an additive genetic model. Methods for associ-
ation testing were study-specific. Some studies used association testing methods that
accounted for genotype uncertainty (see Section 1.1.5) while others used methods
that used pedigree information to account for relatedness between subjects, and still
others used more straightforward tests based on thresholded genotype calls. All stud-
ies provided results for each SNP that included p-value, 3, SE, effect allele frequency

(EAF), and N.
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For comparison with other anthropometric measures, additional analyses were carried
out for inverse-normal transformed BMI, WC, and HC phenotypes, and in order to
get an effect estimate in the same units as the phenotype an additional analysis was
performed in the follow-up studies on the WHR phenotype without inverse-normal

transformation.

Details of genotyping platform, genotype calling, imputation software for each study
and association testing software are given in Supplementary Table 9 ofHeid et al.

[54].
2.2.2.4 Discovery stage GWAMA

In the discovery stage, up to 2,850,269 imputed and genotyped SNPs were examined in
32 GWAS comprising up to 77,167 participants and which collected anthropometric
measures informative for body fat distribution (including HC, WC, height, weight,

and age).

We collected association testing results separately for each study strata and performed
centralised meta-analysis QC. Each data file was checked for completeness, the distri-
bution of 3 estimates was compared between studies to check for outliers that could
indicate phenotype transformation issues, and allele frequencies were checked against
HarMar and against other studies. Analysts responsible for studies with potential
issues were asked to recheck their analyses to ensure they were correct, and in many
cases errors were identified and corrected. We performed SNP QC by filtering on impu-
tation quality (proper info > 0.4 or P2 > 0.3, depending on the type of information

measure reported; see Section 1.2.3.1) and minor allele count (MAC > 3).

We then performed a genome-wide fixed-effects meta-analysis of WHRapJBMI using
the METAL software[99], including performing a GC correction on each study. Finally,

the meta-analysis results were again corrected using GC correction.
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2.2.2.5 Follow-up meta-analysis

In the follow-up stage, we evaluated 16 candidate SNPs in 29 additional, independent
studies including samples of European descent (comprising up to 113,636 individuals)
and using a combination of in silico GWAS data and de novo genotyping. For in
silico studies, the methods for phenotype transformation, genotyping, imputation,
and association testing were the same as in the discovery stage (see Section 2.2.2.4).
For de novo genotyped studies, no imputation was performed but within-study testing

was otherwise the same as described in Section 2.2.2.4.

Likewise, the meta-analysis QC was identical, and the meta-analysis itself was again
performed using the METAL software[99], but in this instance no GC correction was
performed on either the study results or the overall meta-analysis results, because
GC correction requires a large set of markers that are not associated with a trait
and would therefore not be appropriate with a set of 16 candidate SNPs (see Sec-

tion 1.2.5.2).

2.2.2.6 Testing for sex-difference

To test for differences in the effect estimate between men and women, we used the
method for testing the difference in effect between two analysis strata (given in Sec-
tion 1.3.1.4), using the correction for correlation between strata given in (1.21) to
correct the SE estimate based on the correlation of genome-wide effect estimates
between men and women. However, for follow-up stage data we did not use the
correlation-based correction, as that is likely to be anticonservative when performed
on a high proportion of true variants (like GC correction, this correction requires a

large set of unassociated markers).
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2.2.2.7 Percentage of variance explained

We computed the percentage of the variance of WHRapJBMI that is explained by a
particular SNP based on the effect size of the SNP by first performing a separate anal-
ysis based on the raw (untransformed) WHR phenotype, still using BMI, age, and age?
as covariates and otherwise using the same methods described in Section 2.2.2.4, but
resulting in effect estimates in units of WHR rather than units of standard deviations.
We then used the formula for percentage of variance explained given byRosner [141]
and shown in Equation (2.3). We performed this analysis in one study (KORA-S3;
N =3996).

2 x EAF x (1 — EAF) x (3?/s%) (2.3)
2.2.2.8 Pathway analysis

For the pathway analysis we selected 680 SNPs from the discovery stage WHRAD-
JBMI meta-analysis with p < 1 x 107 and that had genotype information (typed
or imputed) in more than 50% of the discovery stage individuals, which resulted in
48 independent SNPs (based on HapMap CEU r? < 0.2), including the 16 loci we

evaluated in the follow-up stage.

We defined a 0.2cM interval centered on each of the 48 SNPs based on the HapMapr
phase 2|20] CEU fine-scale recombination map and selected all genes that overlapped
with the interval. Genes mapping to the major histocompatibility complex (MHC)
region were excluded due to high density of related genes in that region. For intervals
with no overlapping genes we included the nearest gene to the index SNP regardless

of the distance.

This resulted in a set of 95 genes, 89 of which were found in the Protein ANalysis
THrough Evolutionary Relationships (PANTHER) database of 25,431 genes. This

subset of 89 genes was tested for correlation with the 240 biological processes classified
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in the database[142]. For each biological process, the difference between the observed
fraction of genes in the WHRADJBMI associated regions and what was expected by
chance was tested using a Fisher exact test. To adjust for potential bias in the
selection of genes and for testing of the many biological processes, we constructed
2,500 random sets of 48 autosomal SNPs that were matched to the original SNP set on
frequency, distance to the nearest gene, and size of the nearest gene. For each random
set of SNPs, we repeated the process of selecting genes and testing for correlation with
all the 240 biological processes. Based on the results from the 2,500 simulated sets,

we adjusted the original p-value associated with each biological process.

We calculated two separate adjusted p-values for significance of each biological pro-
cess. In one (P,q_;), we treated each biological process separately and adjusted
based on the fraction of randomly simulated sets that produced a p-value for the
same process that was equal or lower than the original p-value. In another (P,q_1y),
we adjusted for the 240 biological processes tested by adjusting based on the fraction
of randomly simulated sets that produced a p-value for any process that was equal

or lower than the original p-value.
2.2.2.9 Copy number variant analyses
We examined SNPs known to be in high LD with CNVs found in samples of European

descent by combining four catalogues of CNV tag SNPs (CTSs):

e 261 CTSs (r? > 0.8) generated at the Broad Institute by typing HapMap samples
on the Affymetrix 6.0 array|[143].

e 2 174 multiethnic CTSs (r? > 0.8) made available by the Genomic Structural
Variation (GSV) consortium and based largely on typing 450 HapMap samples
on a custom-made Agilent 105k array capable of genotyping ~ 3,320 CNVs in
CEU[144].

72



e 3,113 SNPs selected to tag each of the 856 CNVs in the HapMap phase 3[46| cata-
log across all HapMap phase 3[46| populations (where the CNV was present) with

the 856 CNVs generated using the Affymetrix 6.0 and Illumina 1M arrays|46].

e 2,905 CTSs generated on a custom-made Agilent 105K array[144], but using
~ 19,000 samples (all of European descent, 23,000 controls and /2, 000 cases
for each of 8 diseases) typed by the WTCCC[145].

Taken together, these lists comprise a total of 6,018 CTSs for which we had WHRAD-
JBMI discovery results in our meta-analysis, but the list was not further cropped to

exclude SNPs that are tagging the same CNV.

2.2.2.10 eQTL analyses

It was our aim to identify cis-expression QTLs (eQTLs) that were coincident with the

WHRADJBMI signal.

We looked for interesting cis-eQTL signals (unadjusted WHR SNP association with
transcript expression p < 1.0 x 107°) for transcripts that mapped within 1Mb of the

lead WHRADJBMI SNPs and were expressed in > 5% of the samples.

For each transcript with an interesting cis-eQTL, we checked whether there was a
nearby SNP with a more convincing association with expression of that transcript
(transcript peak SNP). If the WHRADJBMI signal and the cis-eQTL were coincident,
one would expect the p-value for the WHRaADJBMI SNP association with the transcript

expression to be equally small as the p-valuefor the transcript peak SNP.

If there was a transcript peak SNP different from the WHRapsBMI SNP, but in high LD
(r? > 0.7) with the WHRADJBMI SNP, this was another indication for the WHRADJBMI

signal and the cis-eQTL signal being coincident.

We performed mutual conditional analyses computing the association of the WHRAD-

JBMI SNP adjusted for the transcript peak SNP and vice versa. If the association
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of the transcript peak SNP disappeared (p > 0.05) by adjusting on the WHRADJBMI
SNP, this was the final indication for the WHRApJBMI signal and the cis-eQTL signal
being coincident, i.e. that the WHRADJBMI SNP signal was mediated through the
respective gene and that the transcript was likely to be implicated in WHRADJBMI

modulation.

Lymphocytes: Publicly available eQTL GWA data from lymphocytes fromDixon
et al. [146] were utilized. Briefly, peripheral blood lymphocytes were transformed into
lymphoblastoid cell lines for 206 families of European descent, totaling 830 parents
and offspring. Using extracted ribonucleic acid (RNA), gene expression was assessed
with the Affymetrix HG-U133 Plus 2.0 chip and the [llumina Sentrix Human Expres-
sion BeadChip. Genotyping was conducted using the Illumina Human1M Beadchip
and [llumina HumanHap300K Beadchip and imputation performed based on HapMar
and 1000G data. SNPs were tested for cis associations with genes within 1Mb of the

lead SNP.

Liver, subcutaneous fat, and omental fat from the Massachusetts General
Hospital in Boston, Massachusetts, USA (MGH): Liver tissue (N = 955),
abdominal subcutaneous adipose tissue (SAT) (N = 610), and omental fat tissue
(N = 740) were available from 518 caucasian bariatric surgery patients and 437
patients post mortem at MGH as described previously[147]. RNA was isolated from
the tissues and gene expression was measured using a custom Agilent 44,000 mi-
croarray composed of 39,280 oligonucleotide probes. Genotyping was conducted
using the Affymetrix 500K and Illumina 650K platforms followed by imputation
based on HapMap phase 2[20] CEU. Each SNP was tested for association with genes
within 1Mb of lead WHRADJBMI SNP (cis associations) using an ANOVA analysis.
p-values were adjusted for the 10,000 tests performed using bonferroni correction

(see Section 1.3.3.1).
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Blood and subcutaneous adipose tissue from peCODE: DeCODE genetics,
Reykjavik, Iceland (pECODE) eQTL analyses were performed on 23,720 transcripts
in abdominal SAT (N = 603) and whole blood (N = 745) as described inEmilsson
et al. [148]. SAT samples were removed through a 3 cm incision at the bikini line.
Analyses were based on genotypes from the Illumina 317K or 370K chip and HapMar
phase 2|20] based imputation, and was done by regressing the mean logarithm (logo)
expression ratio on the number of effect alleles per person controlling for age and
sex (and for whole blood also for differential cell count) for each SNP. p-values were
adjusted for multiple testing using permutation and adjusted for relatedness of the
individuals using GC correction, dividing the x? statistics by the A\gc adjustment

factors 1.063 and 1.078 for adipose tissue and blood, respectively.

2.2.3 Results

2.2.3.1 Genome-wide significance association of WHRADsBMI with 14 SNPs

In the discovery stage, the GC inflation factor of the meta-analysis results was A\gec =
1.09 for the WHRaDJBMI analysis, and after applying the overall GC correction, the
discovery stage meta-analysis revealed a substantial excess of low p-values (see Fig-

ures 2.10 & 2.11).

From the discovery stage analysis, we selected SNPs representing the top 16 indepen-
dent (defined as being located > 1Mb apart and using the procedure described in

Section 1.3.2.1) regions of association (paiscovery < 1.4 X 107%) (see Table 2.2).

In these follow-up studies, 14 of the 16 SNPs analyzed showed strong directionally
consistent evidence for replication (p < 1073) and ten SNPs reached GWS (p <
5 x 107®) in follow-up studies alone. Joint analysis of the discovery and follow-up
results revealed GWS associations for 14 signals (1.9 x 107 > p > 1.8 x 10719).

Between-study heterogeneity was low (12 < 30%) for all but two signals (2¢24.3 and

1q41).
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Figure 2.10: QQ plot of genome-wide association in the discovery stage for
WHRADJBMI. The x-axis represents expected —logip(p) under Hy while the y-axis
represents the observed —log1o(p).
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Figure 2.11: Genome-wide association plot in the discovery stage for WHRADJBMI. The
x-axis represents genomic position and the y-axis is —logip(p). The red line at
p = 1.4 x 1076 indicates the threshold for bringing loci forward into the follow-up stage.
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L.

Discovery Follow-up Discovery+Follow-up

Locus SNP EA EAF P 8 SE P 8 SE 9] I} SE
6q22.33 159491696 C  52.0% 2.10 x 107'* -0.037 0.005 3.26 x 10728 -0.045 0.004 1.83 x 10740 -0.042 0.004
6p21.1 156905288 A 56.2% 4.72x 10710 0.033 0.005 1.18 x 1076 0.039 0.005 5.88x 1072 0.036 0.005

1pl12 1s984222  C  36.5% 3.81 x107'% -0.037 0.005 1.56 x 107'2 -0.031 0.004 8.69 x 102> -0.034 0.004
7pl5.2  rsl055144 T 21.0% 1.49x107° 0.034 0.006 3.26 x 107 0.043 0.005 9.97 x 1072 0.040 0.005
2q24.3  1s10195252 T 59.9% 3.23x 10719 0.031 0.005 3.18 x 1076 0.036 0.004 2.09 x 10~2* 0.033 0.004

1g41 1s4846567 T 28.3% 2.37x 1072 -0.037 0.005 3.15x 107! -0.032 0.005 6.89 x 1072 -0.034 0.005
1g24.3 151011731 A 572% 1.72x107'% -0.030 0.005 7.47 x 1079 -0.026 0.004 9.51 x 10~ -0.028 0.004
12p11.23  rs718314 A 74.1% 241 x107°%® -0.030 0.005 1.49 x 1071 -0.030 0.005 1.14 x 10~'7 -0.030 0.005
6p25.1  1s1294421 T  38.7% 6.31 x 1079 -0.029 0.005 2.69 x 10719 -0.028 0.004 1.75 x 1077 -0.028 0.004
12q13.13  1s1443512 A 23.9% 3.33x107% 0.031 0.005 2.92x 10719 0.030 0.005 6.38 x 1077 0.031 0.005
3pld.l  1s6795735 T 40.6% 2.47 x 10797 -0.025 0.005 6.75 x 1079 -0.026 0.005 9.79 x 10~* -0.025 0.005
22q12.1  1s4823006 A 56.9% 4.47x107%  0.027 0.005 2.41x107% 0.019 0.004 1.10 x 107" 0.023 0.004
3p21.1  1s6784615 T 94.1% 3.18 x 10797 0.052 0.010 1.56 x 107%* 0.036 0.009 3.84 x 10719 0.043 0.009
5q35.2  rs6861681 A 34.0% 1.40 x 107 0.026 0.005 2.13 x 1079 0.018 0.005 1.91x107% 0.022 0.005
6p21.32 152076529 T  57.0% 2.22x107% -0.041 0.007 1.24x107°2 -0.011 0.004 3.71 x107°7 -0.019 0.004
10p11.22 1s7081678 A 85% 576 x 1079 0.045 0.009 9.39 x 10792 0.013 0.008 5.57 x 1079 0.027 0.008

Table 2.2: The sixteen loci evaluated in the follow-up stage, sorted by combined discovery+follow-up stage p-values.



One of these SNPs, rs4846567 at 1¢41, is in moderate LD with the previously reported
WHRabpsBMI-associated variant near LYPLAL1 (rs2605100: ~106.5kb & ~0.041cM
from 1s4846567 with 72 = 0.6440 & D’ = 0.8350)[3]. The remaining 13 loci were in
or near genes not previously associated with WHRaDJBMI or with other measures
of adiposity: Ip12, 1¢24.3, 2q24.3, 3pl4.1, 3p21.1, 5q¢35.2, 6p21.1, 6p25.1, 6q22.33,
Tp15.2, 12p11.23, 12q13.13, and 22q12.1 (see Section 2.2.3.10). All 14 loci together
explain 1.03% of the variance in WHRaDJBMI (after adjustment for BMI, age, and
sex), with each locus contributing between 0.02% (22¢12.1) to 0.14% (6¢22.33) of the

variance based on effect estimates in the follow-up stage.
2.2.3.2 Sexual dimorphism at several of the WHRAapsBMI loci

Given the known sexual dimorphism of WHRADJBMI and the evidence from variance
decomposition studies that this may reflect sex-specific genetic effects[118], we per-
formed sex-specific meta-analyses for the 14 WHRapsBMI-associated SNPs. These
analyses included up to 108,979 women (42,735 in the discovery stage and 66,244 in
follow up) and 82,483 men (34,601 in the discovery stage and 47,882 in follow up). In
a joint analysis of discovery and follow-up data, 12 of the 14 SNPs reached GWS in
women, but only three SNPs reached GWS in men. At all but one locus (1p12), effect-
size estimates were numerically greater in women. At seven of the loci (those near
6q22.33, 6p21.1, 2q24.3, 1q41, 12q13.13, 12p11.23, and 3p14.1), there were marked
differences in sex-specific 3 coefficients (1.9 x 1072 > pyegairr > 1.2 x 10713). All
loci displayed consistent patterns of sex-specific differences in both the discovery and
follow-up studies. These 14 loci explain 1.34% of the variance in WHRaADJBMI (after
adjustment for BMI and age) in women but only 0.46% of the variance in WHRADJBMI

in men.
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2.2.3.3 Between-study heterogeneity

We found low between-study heterogeneity for 12 of the 14 SNP associations with
WHRADJBMI (12 < 30%) but moderate heterogeneity at both the 2¢24.3 (I* = 41%)
and the 1¢41 (I? = 53%) loci. The heterogeneity dissipated in analyses of men-only
(I* = 4% for 2q24.8 and I? = 22% for 1g41), which is what we’d expect given that
these two SNPs showed association mainly in women. However, the I? values only
slightly reduced when restricting to women (I? = 37% for 2¢24.3 and I? = 43% for
1¢41), indicating that sex does not fully explain the heterogeneity we observed. In or-
der to investigate the source(s) of this heterogeneity, we checked whether the I? values
differed between studies with mean age of subjects by splitting up studies into older
(> 50 years) and younger (< 50 years) sets and evaluating the heterogeneity within
each set. We also checked between studies of Northern European origin (including
studies from Finland, Sweden, United Kingdom, and Estonia) versus those of Cen-
tral and Southern European origin (including studies from the Netherlands, France,
Germany, Austria, Croatia, and Italy), and excluding studies from the United States.
We found no significant differences in I? values when dividing into these strata, so the
source of heterogeneity in the association with WHRapJBMI at these two loci remains

elusive.

2.2.3.4 Association with other anthropometric measures

By focusing on WHRADJBMI, our goal was to detect effects on body fat distribution
independent of those influencing overall adiposity. As expected, we found very little
evidence that known BMI-associated variants were detected in our WHRADIBMI anal-
ysis. Of the ten loci shown to be associated with BMI in previous GWAS|5, 57, 149],
only two showed nominally significant (p < 0.05) associations for WHRADJBMI in the
discovery stage analysis (rs8050136 near FTO: p = 0.03, N = 77,074; and rs6548238
near TMEM18: p = 3.0 x 1073, N = 77,016).
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We also tested the 14 WHRabpsBMI-associated SNPs for their effect on BMI using data
from up to 242,530 participants available from the GIANT consortium (including most
of the studies available for WHRaADJBMI association as well as additional studies that
did not have waist traits available). Of the 14 WHRapJBMI loci, four (near Ip12,
5q35.2, 1q¢41, and 2¢q24.3) also showed evidence of association with BMI (4.1 x 1073 >
p > 3.2 x 1079), with the WHRapsBMI-increasing allele associated with decreased

BMI in all cases.

After adding an interaction term of SNP with BMI into the model, we observed
that BMI modified the WHRADJBMI association at the 6p25.1 locus (Pinteraction =
9.5 x 107%), with a larger WHRADJBMI effect among obese individuals compared to

non-obese individuals.

To determine whether the WHRapsBMI-associated signals exert their effects primar-
ily through an effect on WC or HC, we performed meta-analyses for these specific
phenotypes in the discovery and follow-up studies. Overall, we observed stronger
associations for HC than for WC. 3 estimates were numerically greater for HC than
for WC at 11 of the 14 loci, and there were nominal associations (p < 0.05) with HC
for 12 of the WHRapsBMI-associated loci but there were only four associations with

WC (see Figure 2.12).
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Figure 2.12: Effect estimates in HC and WC for the fourteen loci associated with
WHRADJBMI. Point estimates of effect along with 95% confidence intervals are shown
with WC on the x-axis and HC on the y-axis.
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In both sexes, the WHRapsBMI-associated loci with nominal association with HC al-
ways had the WHRapsBMI-increasing allele associated with reduced HC. In contrast,
we observed sexual dimorphism in the pattern of WC associations. In women, the
WHRaDpJBMI-increasing allele at all 14 loci was associated with increased WC, whereas
this was only true for six of these loci in men. At 2¢24.3, for example, the WHRAD-
JBMlI-increasing allele was associated with increased WC in women (p = 3.6 x 107%)
but with decreased WC in men (p = 6.8 x 10?). These differences in the relationships
between WC, HC and WHRADJBMI underlie some of the sexual dimorphism in the

patterns of WHRADJBMI association.
2.2.3.5 Enrichment of association with metabolic traits

We evaluated the 14 WHRapsBMI-associated loci for their relationships with related
metabolic traits using GWAS data provided by trait-specific consortia|69, 150, 151] as
well as our de novo genotyped follow-up studies. As expected given the overlap be-

tween samples in these metabolic trait GWAS data and our WHRapDJBMI GWAS data
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as well as information on known trait correlations, we observed directionally consis-
tent enrichment of associations (p < 0.05) between the 14 WHRapsBMI-associated al-
leles and increased triglyceride levels (TGs), low-density lipoprotein (LDL) cholesterol,
fasting insulin (FI) and homeostasis model assessment (HOMA) derived measures of

insulin resistance (binomial p-values from 3.2 x 10* > p > 1.8 x 107%).

The WHRapsBMI-increasing allele at 2¢24.3 showed strong associations with increased
TGs (p = 7.4 x 107?), FI (p = 5.0 x 107%) and IR (p = 1.9 x 107%). Eleven of the
14 WHRapsBMI-associated loci showed directionally consistent associations with T2D,
and three of these loci (at 3p14.1, 3p21.1, and 12p11.23) reached nominal significance
(p < 0.05). Because the association signals for correlated traits in this analysis were
likely to be overestimated given the overlap in the GWAS samples examined, we
repeated these analyses and restricted the samples included to those from our de
novo genotyped follow-up studies. Although this also resulted in a lower sample size,

similar patterns of enrichment and directional consistency were still observed.

2.2.3.6 Pathway analysis and potential biological roles

To identify potential functional connections and pathway relationships between genes
mapping at the WHRabpsBMI-associated loci, we focused on the 95 genes located in a
2M b interval centered around each of the 48 independent SNPs that attained p < 107°

in the WHRADJBMI discovery studies.

First, we performed a survey of the published literature using GRAIL[152| to search
for connectivity between the genes and specific keywords that describe these func-
tional connections. Although there was no evidence after correcting for multiple test-
ing that the connectivity between these genes was greater than chance, we identified
eight genes with nominal significance (p < 0.05) for potential functional connectivity:
plexin D1 (PLXND1), homeobox C10 (HOXC10), T-box 15 (TBX15), R-spondin
3 (RSPO3), homeobox C4 (HOXCY), homeobox C6 (HOXCG6), kringle containing
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transmembrane protein 1 (KREMEN1), and homeobox C11 (HOXC11). The key-

PRRNA4

words associated with these connections included “vegf,” “homeobox,” “patterning,”

2

“mesenchyme,” “embryonic,” “development,” and “angiogenesis.”

Additionally, we performed pathway analyses using the PANTHER database|[142]
based on the same set of 95 genes. This analysis generated some evidence for over-
representation of “developmental processes” (p = 5.8x1078) and “mRNA transcription
regulation” (p = 2.7 x 107%) but neither of these factors had even nominal signifi-

cance after adjustment for bias (P,4_s) and the number of biological processes tested

(Pagj—11)-

Finally, we examined the described functional roles of some of the most compelling
candidates based on either proximity to the signal or the other analyses described in
this paper (see Section 2.2.3.10 for a description of all fourteen associated regions).
These analyses uncovered possible genetic roles in adipocyte development (TBX15),
pattern formation during embryonic development (HOXC13), angiogenesis (VEGFA,
RSPO3, and STAB1), Wnt and [-catenin signaling (RSPO3 and KREMENT), insulin
signaling (ADAMTS9, GRB14, and NISCH), lipase activity (LYPLAL1), lipid biosynthe-

sis (PIGC), and intracellular calcium signaling (ITPR2).

2.2.3.7 Evaluation of CNVs and non-synonymous changes

Both common and rare CNVs have been reported to be associated with overall adipos-
ity[5, 149, 153, 154], but the impact of CNVs on fat distribution has not been evaluated
previously. To examine the potential contribution of common CNVs to variation in
WHRADJBMI, we looked for evidence of association in our discovery GWAMA using a
set of 6,018 CNV-tagging SNPs which collectively capture > 40% of common CNVs

that are greater than 1kb in length|[144, 145].

One CNV-tagging SNP (rs1294421 at 6p25.1) was observed among our 14 WHRAD-

JBMI-associated loci. This SNP is in strong LD (r? = 0.98) with a 2,832bp du-
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plication variant (CNVR2760.1)[145] located 12 kb from an expressed sequence tag
(BC039678) and ~ 87kb from lymphocyte antigen 86 (LY86) such that the duplica-
tion allele is associated with reduced WHRapsBMI. The duplicated region consists

entirely of noncoding sequence but includes part of a predicted enhancer sequence

(B.5552.1)[155].

To identify other putative causal variants in our associated regions, we searched for
non-synonymous coding SNPs in strong LD (defined as 72 > 0.7) with the most
strongly associated SNPs at each locus using data from both HapMap and 1000G (April
and August 2009 releases). In this search, one lead SNP (rs6784615, at the 3p21.1
locus) was correlated with non-synonymous changes in two nearby genes, dynein,
axonemal, heavy chain 1 (DNAH1) (p.Vald41Leu, p.Arg1285Trp and p.Arg3809Cys)
and glycerate kinase (GLYCTK) (p.Leul70Val). Fine-mapping and functional studies
will be required to determine whether the DNAHI and/or GLYCTK variants or the

6p25.1 CNV are causal for the WHRADJBMI associations at these loci.

2.2.3.8 Effect of WHRADIBMI associations on expression in relevant tis-
sues

eQTL data can implicate regional transcripts that mediate trait associations, and we
therefore examined the 14 WHRabpsBMI-associated loci using eQTL data from human
SAT|[148] (two separate sample sets, N = 610 and N = 603), omental fat (N = 740),
liver|147] (N = 518), blood|148]| (N = 745), and lymphocytes|[146] (N = 830).

At six of the loci, the WHRapsBMI-associated SNP was either the strongest SNP
associated with significant (p < 1 x 107°) expression of a local (within 1Mb) gene
transcript or explained the majority of the association between the most significant
eQTL SNP and the gene transcript in conditional analyses (P,q4 > 0.05). For ex-
ample, the WHRapsBMI-associated SNP rs1011731 at 1¢24.3 was strongly associated
with expression of phosphatidylinositol glycan anchor biosynthesis, class C (PIGC)
in lymphocytes (p = 5.9 x 1071%); furthermore, rs1011731 is in high LD (r? = 1.00,
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D’ = 1.00) with the SNP with the strongest effect on PIGC expression (rs991790),
and this cis eQTL association was eliminated by conditioning on rs1011731. These
analyses therefore indicate that these two signals are coincident and that PIGC is
a strong candidate for mediating the WHRADJBMI association at rs1011731. We
found similar evidence for coincidence of the WHRapJBMI signal with expression for
rs984222 (TBX15 in omental fat), rs1055144 (EST AAb553656 in SAT), rs10195252
(GRB1/ in SAT), rs4823006 (ZNRF3 in SAT and omental fat) and rs6784615 (STAB1
in blood). Taken together, the overlap between trait association and gene expres-
sion at these loci suggests that the WHRaADJBMI associations may be driven through
altered expression of growth factor receptor-bound protein 14 (GRB14), PIGC, sta-
bilin 1 (STAB1), TBX15, zinc and ring finger 3 (ZNRF3), and expressed sequence
tag (EST) AA553656.

2.2.3.9 RNA expression in gluteal and abdominal fat tissue

To determine whether genes within the WHRabpsBMI-associated loci showed evidence
of differential transcription in distinct fat depots, we compared expression levels in
gluteal or abdominal SAT in 49 individuals. We focused on the 15 genes with the
strongest evidence for causal involvement (on the basis of proximity to the lead SNP
and/or other biological or functional data) for which expression data were available.
Five of these genes (RSPOS, TBX15, ITPR2, WARS2, and STAB1) were differentially
expressed between the two tissues (using an F-test, controlling for FDR across the
15 genes at 5%, Qrpr < 0.05). This supports the hypothesis that the association
with WHRaDJBMI reflects depot-specific differences in expression patterns, at least at

some loci.

2.2.3.10 Description of the fourteen loci

The extents of each association region were determined by first taking all SNPs within

a genetic distance of 1.0cM of the lead marker (based on HapMap phase 2[|20] fine-
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scale recombination rate), then filtering out all SNPs with a p-value within 2 orders
of magnitude of the lead marker (psxp > Pread marker X 100), and finally taking the
positions of the first and last SNPs within that set to be the extents of the associated
region. This yields a prediction of the associated region that is empirically based
on the association signal we observed in our discovery stage data, rather than being
based more crudely on HapMap genetic distance or base position criteria.

In the locus association plots, each point represents a SNP in the region, with color to
indicate LD (r?) with the lead SNP. Point position along the y-axis indicates —logo(p)
for association (left-hand scale). Underneath the points lies the HapMap recombina-
tion rate (right-hand scale) traced in blue. Genes from the UCSC genome browser
REFSEQ genes database[119] are shown as annotation tracks under the plot. The x-
axis shows genomic position (in NCBI36 coordinates), and the region highlighted in
blue is the associated region for the locus. The locus plots were produced using the

standalone version of the LocusZoom software[120)].

Figure 2.13: Discovery stage association at I1p12.
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1p12 The 1p12 locus is represented by lead marker rs984222, with association sig-
nal for WHRADIBMI extending across =~ 43kb of chromosome 1, ranging from
119305kb — 119348kb (see Figure 2.13). One gene (TBX15) overlaps this sig-
nal region. TBX15 is a transcription factor reported to be up-regulated in
subcutaneous fat compared to intra-adbominal adipocytes, with expression lev-
els closely correlated with patterns of fat distribution (represented by WHR)
as well as overall obesity (represented by BMI)[156]. TBX15 may be involved
in adipocyte development, embryonic development, pattern specification, and
development of specific adipose depots[156]. In addition, TBX15 has been im-
plicated in Cousin syndrome, an autosomal recessive disorder characterized by
congenital dwarfism, facial dysmorphism, and skeletal anomalies|[157], and mu-
tations in Mus musculus T-box 15 (7Tbz15) have been found to cause significant

skeletal anomalies in mouse models[158, 159].

Figure 2.14: Discovery stage association at 1¢24.3.

1g24.3 in WHRadjBMI

1101 {8 C W0 T A I
rs1011731 P | 100
10 —
"= = um "y 0.8
06 1L go

8 — &) B 0.4 Py
= 02 8
2
o B =3
6 ] ® v
B g - - g
o = ® B
Og oliro - 40 T
4 — o =~
o <
[Ennim| =
B k- me o % §_
| W | =] ﬂ-. ~

DNM3—> Clorfl05—> Clorfo—>

i

<PIGC
L]
\ T T T T T \
170.5 170.55 170.6 170.65 170.7 170.75 170.8

Position on chrl (Mb)

87



1q24.3 The 1¢24.3 locus is represented by lead marker rs1011731, with association
signal for WHRaDJBMI extending across ~ 139kb of chromosome 1, ranging
from 170579kb — 170719kb (see Figure 2.14). Three genes (Clorf105, DNM3, and
PIGC) overlap this signal region. The lead marker is located with intron 15 of
dynamin 3 (DNM8). DNM3 is a member of the dynamin family of enzymes
that are important for interactions between the cell membrane and actin cy-
toskeleton[160]. Dominant negative mutations in transfected dynamin enzymes
promote GLUT6 and GLUTS glucose transporters to the cell surface in cul-
tured rat adipocytes in vitro[161]. PIGC encodes a subunit of the enzyme that
transfers N-acetylglucosamine to phosphatidylinositol, the first step of glyco-
sylphosphatidylinositol (GPI) lipid anchor biosynthesis. GPI anchors various
eukaryotic proteins to the cell membrane[162, 163|. Rare deletions of 1q24.3-
g25.1 which includes the associated region are associated with severe growth
deficiency, microcephaly, small hands and feet, dysmorphic face, and cognitive

defects[164].
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Figure 2.15: Discovery stage association at 1¢41.
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1q41 The 1q41 locus is represented by lead marker rs4846567, with association sig-
nal for WHRADIBMI extending across = 148kb of chromosome 1, ranging from
217707kb — 217855kb (see Figure 2.15). One gene (ZC3H11B) overlaps this sig-
nal region. ZC3H11B is a pseudogene of unknown function. The nearest genes
outside the region are LYPLAL1 (region is ~ 293kb downstream) and solute
carrier family 30, member 10 (SLC30A10) (region is &~ 299kb downstream).
LYPLALI encodes the lysophospholipase-like 1 protein, which is thought to act
as a triglyceride lipase and is reported to be up-regulated in subcutaneous adi-
pose tissue of obese subjects[121]. SLC30A10 belongs to a family of membrane
transporters zinc efflux family (SLC30) involved in intracellular zinc homeostasis
and is expressed in brain and liver[165]. Another member of the SLC30 family,
solute carrier family 30 (zinc transporter), member 8 (SLC30AS8), is associated

with T2D risk|166].
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Figure 2.16: Discovery stage association at 2¢24.3.

2024.3 in WHRadjBMI

1 TT5 e I T et I O L B O A A T A Y RN (AN A e N A ARl

10 4| _r rs10195252 - 100

0.8 L [ |

(a/ND) B1el UOIRUIWdSY

<-GRB14 <-COBLL1

< SNORA70F
T T T 1
165.15 165.2 165.25 165.3
Position on chr2 (Mb)

2q24.3 The 2¢24.3 locus is represented by lead marker rs10195252, with associa-
tion signal for WHRaADJBMI extending across = 31kb of chromosome 2, rang-
ing from 165217kb — 165248kb (see Figure 2.16). One gene (COBLL1) overlaps
this signal region. The lead marker is located within the first intron of a non-
coding splice variant of COBL-like 1 (COBLL1) as identified by The GENCODE
Project: Encyclopeedia of genes and gene variants (GENCODE)[167, 168]. The
associated region is located ~1.6kb downstream of the coding splice variant of
COBLL1, which is thought to be involved in neural tube formation[169]|, and
~ 30kb upstream of GRB14. A SNP located just outside our region but within
the COBLL1 transcript is associated with high-density lipoprotein cholesterol
(HDL-C)(rs10490694: ~35.5kb & ~0.002cM from lead marker with ? = 0.1950
& D' = 0.9060)[170]. GRB14 is a member of a family of SH2-containing adap-

tors and binds directly to insulin receptors[171, 172|. Interestingly, Mus mus-
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culus growth factor receptor bound protein 14 (Grb14) deficient mice exhibit
increased body weight, mainly explained by increased lean mass on normal
diet[144], improved glucose homeostasis despite lower circulating insulin levels,
and enhanced insulin signaling in liver and skeletal muscle[173|. Grb1/ expres-
sion is increased in adipose tissue of insulin-resistant animal models and in
humans with T2D[174], indicating that Grb14 may modulate insulin sensitivity.
The WHRADJBMI signal we observe appears to be distinct from a nearby locus
previously associated with smoking initiation and current smoking (rs4423615:

~T74.9kb & ~0.188¢M from lead marker with 72 = 0.000 & D’ = 0.009)[175].

Figure 2.17: Discovery stage association at $p21.1.
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3p21.1 The 3p21.1 locus is represented by lead marker rs6784615, with association
signal for WHRADJBMI extending across ~890kb of chromosome 3, ranging from
52240kb — 53130kb (see Figure 2.17). Thirty-one genes (BAP1, C3orf78, DNAH]1,

GLTSD1, GLYCTK, GNLS, ITIH1, ITIH3, ITIH}, MIR135A1, MIRLET7G, MUSTN1,
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NEK/, NISCH, NT5DC2, PBRM1, PHF7, PPMIM, RFT1, SEMA3G, SFMBT1, SNORD19,
SNORD19B, SNORD69, SPCS1, STABI, TMEM110, TMEM110-MUSTNI, TNNCI,
TWF2, and WDRS2) overlap this signal region, as do SNPs associated with
major mood disorders (rs2251219: ~ 78.4kb & ~ 0.028cM from lead marker
with 72 = 0.006 & D’ = 0.487)[176], Bipolar disorder (rs1042779: = 315kb &
~0.039¢M from lead marker with r* = 0.004 & D’ = 0.429)[177], and height
(rs2336725: =~ 612kb from lead marker)[70]. The lead marker of this region
is located within the 3’ untranslated region (UTR) of nischarin (NISCH), the
gene that encodes nischarin, which interacts with insulin receptor substrate
4[178], and has also been reported to play a role in insulin receptor signal-
ing[179]. Sema domain, immunoglobulin domain (Ig), short basic domain, se-
creted, (semaphorin) 3G (SEMAS3G) is highly expressed in adipocytes|180]. Also
within a cluster of highly associated SNPs in high LD (r? > 0.6) with the lead
marker are SNPs within STABI, a scavenger receptor that plays a role in in-
tracellular trafficking|[181] and within BRCA1 associated protein-1 (ubiquitin
carboxy-terminal hydrolase) (BAP1), which is thought to help regulate cell

growth and proliferation|[182].

92



Figure 2.18: Discovery stage association at 3p14.1.
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3p14.1 The 3p14.1 locus is represented by lead marker rs6795735, with association
signal for WHRADJBMI extending across ~31kb of chromosome 3, ranging from
64674kb— 64705kb (see Figure 2.18). Two genes (ADAMTS9-AS2 and MIR5/SAN)
overlap this signal region, as does a previously reported SNP association with
T2D (rs4607103: = 6.5kb & = 0.003cM from lead marker with r? = 0.28 &
D" =1.0)[68|. microRNA 548an (MIR548AN) is a microRNA (uRNA) which pri-
marily maps to the X chromosome, but the full length uRNA precursor sequence
also maps with 96.4% identity to five fragments across a ~ 240kb window within
our signal region with only 3 base mismatches). The function of MIR548AN
is not known. ADAMTS9 antisense RNA 2 (non-protein coding) (ADAMTS9-
AS2) is a long non-coding RNA transcript which is an antisense for ADAM
metallopeptidase with thrombospondin type 1 motif, 9 (ADAMTS9) and which
also contains the fragments of MIR5/8AN. This region is located ~26 — —57kb
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upstream of ADAMTS9. ADAMTS9 is a member of the a disintegrin and met-
alloproteinase with thrombospondin motif (ADAMTS) family, a group of genes
encoding metalloproteases that lack transmembrane domains and are secreted
into the extracellular matrix|[183]. Members of the ADAMTS family have been
implicated in control of organ shape during development and inhibition of an-

giogenesis|123].

Figure 2.19: Discovery stage association at 5¢35.2.
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5@35.2 The 5¢35.2 locus is represented by lead marker rs6861681, with association
signal for WHRADJBMI extending across /~93kb of chromosome 5, ranging from
173227kb — 173320kb (see Figure 2.19). One gene (CPEB4 overlaps this signal
region. Cytoplasmic polyadenylation element binding protein 4 (CPEB) is an
RNA-binding protein that promotes polyadenylation-induced translation|[184].
CPEB/ nucleates a complex of factors that regulate polyadenylation elonga-

tion through a deadenylating enzyme and mediates many processes including
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germ-cell development, cell division and cellular senescence and synaptic plas-

ticity[185].
Figure 2.20: Discovery stage association at 6p25.1.
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6p25.1 The 6p25.1 locus is represented by lead marker rs1294421, with association
signal for WHRADJBMI extending across ~17kb of chromosome 6, ranging from
6680kb — 6697kb (see Figure 2.20). No genes overlap this signal region. The
nearest known protein-coding gene is LY86 which plays a role in recognition
of lipopolysaccharide via the toll-like receptor (TLR) pathway when bound as
a heterodimer with radioprotective, 105 kDa (RP105). LY86 is associated with
asthma and has been suggested to play a role in autoimmune diseases|186, 187].
This region contains a 2, 832bp CNV (CNVR2760.1: 6687180——6690011bp)[188|
which is highly correlated with the lead marker (r? = 0.9845).
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Figure 2.21: Discovery stage association at 6p21.1.
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6p21.1 The 6p21.1 locus is represented by lead marker rs6905288, with association
signal for WHRADJBMI extending across =~ 7Tkb of chromosome 6, ranging from
43866kb — 43873kb (see Figure 2.21). No genes overlap this signal region. The
associated region is located ~ 3.7 — 10.7kb downstream of vascular endothelial
growth factor A (VEGFA ). Multiple variants and mutations in VEGFA are risk
factors for diabetic retinopathy|[166, 189, 190|, and variants in VEGFA have been
nominally associated with T2D[68|. VEGFA is proposed as a key mediator of
adipogenesis and angiogenesis|[191], is highly expressed in adipose tissue, and has
increased expression during adipocyte differentiation[192-195|. VEGFA serum
concentrations are elevated in overweight and obese patients compared with
lean subjects|196] and decrease after weight loss following bariatric surgery,

behaving similarly to other hormones related to adipose mass, such as leptin

and insulin|[197].
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Figure 2.22: Discovery stage association at 6¢22.33.
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6q22.33 The 6¢22.33 locus is represented by lead marker rs9491696, with association
signal for WHRADJBMI extending across = 106kb of chromosome 6, ranging
from 127456kb — 127563kb (see Figure 2.22). One gene (RSPO3) is entirely
contained within this signal region, and no other known genes overlap it. RSPO3
encodes a secreted protein that regulates beta-catenin signaling[198], and is
thought to promote angiogenesis and vascular development|[199]. Mus musculus
R-spondin 3 homolog (Rspo3) knockout mice die due to defects in placental
development|[200], and Rspos3 is required for Mus musculus vascular endothelial
growth factor A ( Vegfa) expression and endothelial cell proliferation[199]. Rspo3

has also been shown to be an oncogene in mouse mammary epithelial cells[201].
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Figure 2.23: Discovery stage association at 7p15.2.
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Tp15.2 The 7p15.2 locus is represented by lead marker rs1055144, with associa-
tion signal for WHRADJBMI extending across ~38kb of chromosome 7, ranging
from 25824kb — 25862kb (see Figure 2.23). No genes overlap the signal region.
The nearest known gene to this signal region is microRNA 148a (MIR1/8A)
(~93.9 — —132kb away). MIR148A is known to repress the DNA methyltrans-
ferase DNA (cytosine-5-)-methyltransferase 3 beta (DNMT3B)[|202]. The near-
est protein-coding gene is nuclear factor (erythroid-derived 2)-like 3 (NFE2L3),
which this region is /=296 — —334kb upstream of. NFE2L3 encodes a transcrip-
tion factor that binds antioxidant response elements in target genes and Mus
musculus nuclear factor, erythroid derived 2, like 3 (Nfe2l3) deficiency in mice

has been linked to lymphoma development in vivo[203].
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Figure 2.24: Discovery stage association at 12p11.23.
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12p11.23 The 12p11.23 locus is represented by lead marker rs718314, with associa-
tion signal for WHRADIBMI extending across ~51kb of chromosome 12, ranging
from 26332kb — 26383kb (see Figure 2.24). One gene (ITPR2) overlaps this
signal region. Inositol 1,4,5-trisphosphate receptor, type 2 (ITPR2) is an intra-
cellular calcium release channel. Mice lacking both Mus musculus inositol 1,4,5-
triphosphate receptor 2 (Itpr2) and Mus musculus inositol 1,4,5-triphosphate re-
ceptor 3 (Itpr3) had impaired calcium signaling, secretion defects, hypoglycemia

and lean body type[204].
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Figure 2.25: Discovery stage association at 12¢q15.13.
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12q13.13 The 12q13.13 locus is represented by lead marker rs1443512, with associ-
ation signal for WHRADJBMI extending across ~ 7kb of chromosome 12, ranging
from 52629kb— 52636kb (see Figure 2.25). One gene (HOXC12) overlaps this sig-
nal region. And the lead marker is located between homeobox C13 (HOXC13)
and homeobox C12 (HOXC12), both members of a family of genes that encode
homeobox transcription factors that are important for the spatial distribution

of cells during embryonic development|[123].
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Figure 2.26: Discovery stage association at 22¢q12.1.
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22q12.1 The 22q12.1 locus is represented by lead marker rs4823006, with association
signal for WHRADJBMI extending across ~5kb of chromosome 22, ranging from
27779kb — 27784kb (see Figure 2.26). One gene (ZNRF3) overlaps this signal
region. The lead marker is located within the 3’ untranslated region of ZNRF'5,

which encodes zinc and ring finger 3.

2.2.4 Discussion

These findings support the hypothesis that the genetic regulation of body fat dis-
tribution involves common genetic loci and processes that are largely distinct from
those that influence BMI and risk of obesity. This is consistent with the evidence that
WHR displays substantial heritability even after adjustment for BMI. The fourteen

loci that were GWS in this study do not appear to overlap with those shown to be sig-
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nificantly associated with BMI either in previous reports|4, 5, 149] or in the expanded

meta-analysis of BMI in a similar set of samples as this study (see Section 2.3).

Another major difference between findings for WHRapsBMI and the findings of GWAMA
for BMI (Section 2.3) relates to the evidence for sexual dimorphism that we have ob-
served at several of the WHR-associated loci. Sex differences in the regulation of body
fat distribution have long been acknowledged without a clear understanding of the
underlying molecular mechanisms. These differences become apparent during puberty
and are generally attributed to the influence of sex hormones[205|. Consistent with
our findings, variance decomposition studies have shown that the genetic contribution
to the overall variance in WHR, WC, and HC is greater in women|[118]. Although there
is some evidence for loci with differential sex effects influencing lipids[130], uric acid
levels[206], and risk of schizophrenia[207], we are unaware of prior reports indicating
such strong enrichment of sex-specific associations for any other phenotype, including

BMI.

A main objective of GWA efforts is to identify associated regions in order to facili-
tate characterisation of the mechanisms involved in regulating the trait under study.
Although considerable challenges are involved with progressing from the association
of SNPs at a genomic locus to the establishment of causal alleles and pathways, we
have been able to identify strong candidates for pathways involved at several of the
loci. The cis eQTL data implicate GRB14 as a candidate for the WHRADJBMI asso-
ciation at 2¢24.3, and we were able to show that the same GRB1/ variants are also
associated with TG and insulin levels. These inferences about the role of GRB1/4
are supported by evidence that Grb14 deficient mice exhibit improved glucose home-
ostasis despite lower circulating insulin levels, as well as enhanced insulin signaling
in liver and skeletal muscle[173|. The signal near ADAMTS9 overlaps a previously-
reported T2D locus|68], and the lead SNP for WHRADJBMI in our study is identical to
the SNP displaying the strongest T2D association in a previous expanded T2D meta-

analysis|208|. Evidence that ADAMTS9 T2D risk alleles are associated with insulin
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resistance in peripheral tissues|209] would be consistent with the effect of ADAMTS9
variants being primarily on body fat distribution and potentially acting on T2D risk
through that effect on body fat distribution. At the 6p21.1 locus, VEGFA is the
most apparent biological candidate given the presumed role of VEGFA as a mediator
of adipogenesis[191] and evidence that serum levels of VEGFA are correlated with
obesity[196, 210|. Finally, at the 1p12 locus, TBX15 emerges as the strongest can-
didate based on the cis eQTL data in omental fat, marked depot-specific differences
in adipose tissue expression in mice and humans and associations between TBX15

expression in visceral fat and WHR|[156, 211].

Pathway analyses resulted in suggestive evidence of an over-representation of devel-
opmental processes, which is supported by developmental genes being implicated in
fat accumulation[156, 211], as well as body fat distribution[156, 212, 213]. It has also
been suggested that developmental genes may determine part of the adipocyte-specific

expression patterns that have been observed in different fat depots|156].

Taken together, our findings appear to reveal a set of genes influencing body fat
distribution that most likely have their principle effects in adipose or other periph-
eral tissue, iin contrast to the predominantly hypothalamic processes that have been

reported to be involved in the regulation of BMI and overall adiposity[214].
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2.3 Meta-analyses of body mass index

This analysis of BMI was undertaken by the GIANT consortium in 2009-2010, and

was originally published inSpeliotes et al. [55].

2.3.1 Introduction

Obesity is a major and increasingly prevalent risk factor for multiple disorders, in-
cluding type 2 diabetes and cardiovascular disease[215, 216]. While lifestyle changes
have driven its prevalence to epidemic proportions, heritability studies provide ev-
idence for a substantial genetic contribution (h? ~ 40 — 70%) to obesity risk|217,
218|. BMI is an inexpensive, non-invasive measure of obesity that predicts the risk of
related complications|219]. Identifying genetic determinants of BMI could lead to a

better understanding of the biological basis of obesity.

GWAS of BMI have previously identified ten loci with genome-wide significant (p <
5 x 107®) associations|4, 5, 57, 108, 149] in or near FTO, MC4R, transmembrane pro-
tein 18 (TMEM18), glucosamine-6-phosphate deaminase 2 (GNPDAZ2), brain-derived
neurotrophic factor (BDNF), neuronal growth regulator 1 (NEGR1), SH2B adaptor
protein 1 (SH2B1), ets variant 5 (ETV5), mitochondrial carrier 2 (MTCH2), and
potassium channel tetramerisation domain containing 15 (KCTD15). Many of these
genes are expressed or known to act in the central nervous system, highlighting a
likely neuronal component to the predisposition to obesity[5]. This pattern is consis-
tent with results in animal models and studies of monogenic human obesity, where
neuronal genes, particularly those expressed in the hypothalamus and involved in reg-
ulation of appetite or energy balance, are known to play a major role in susceptibility

to obesity|220-222].

The ten previously identified loci account for only a small fraction of the variation in
BMI. Furthermore, power calculations based on the effect sizes of established variants

have suggested that increasing the sample size would likely lead to the discovery of
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additional variants[5]. To identify more loci associated with BMI, we expanded the
GIANT consortium GWAMA to include a total of 249,769 individuals of European

ancestry.

2.3.2 Results

2.3.2.1 Stage 1 GWA studies identify novel loci associated with BMI

We first conducted a meta-analysis of GWA studies of BMI and up to 2.8 million im-
puted or genotyped SNPs using data from 46 studies including up to 123,865 individu-
als. This stage 1 analysis revealed 19 loci associated with BMI at GWS (p < 5 x 1078)
(Figure 2.27). These 19 loci included all ten loci from previous GWA studies of BMI[4,
5, 57, 108, 149|, two loci previously associated with body weight[149] and one locus
previously associated with WC[3]. The remaining six loci (1p31.1, 5¢q13.5, 9p21.1,
14q12, 15¢23, and 16p12.3) have not previously been associated with BMI or other

obesity-related traits.

105



Figure 2.27: Genome-wide association plot in stage 1 for BMI. The x-axis represents
genomic position and the y-axis is —log1o(p). The red line at p = 5 x 107% indicates the
threshold used for bringing loci forward into the follow-up stage.
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Figure 2.28: QQ plot of genome-wide association in stage 1 for BMI. The x-axis
represents expected —logio(p) under H, while the y-axis represents the observed —log1o(p).
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Table 2.3: Results for the 32 loci with genome-wide significance in stage 1+2.

Locus SNP EA EAF B SE  s? explained Stage 1 p Stage 2 p Stage 142 N Stage 1+2 p  Previous Reports
16g12.2  1s1558902 A 42.0% 0.390 0.020  0.003400  2.05 x 10752 1.01 x 10790 192344 4.80 x 107120 [4, 5, 57, 108, 149]
2p25.3  rs2867125 C  83.0% 0.310 0.030  0.001500  2.42 x 10722 4.42 x 10739 197806 2.77 x 10749 [5, 149]
18q21.32  1sh71312 A 24.0% 0.230 0.030  0.001000  1.82x 10722 3.19 x 10721 203600 6.43 x 10742 [4, 5, 149]

4p13  1s10938397 G 43.0% 0.180 0.020  0.000800  4.35 x 10717 1.45 x 10715 197008 3.78 x 10731 [5]
11pl4.1  1s10767664 A 78.0% 0.190 0.030  0.000700  5.53 x 10713 1.17 x 10714 204158 4.69 x 1026 [149]
1p31.1  1s2815752 A 61.0% 0.130 0.020  0.000400  1.17 x 10~ 2.29 x 1079 198380 1.61 x 10722 [5, 149]
16p11.2  1s7359397 T  40.0% 0.150 0.020  0.000500  1.75 x 10710 7.89 x 10712 204309 1.88 x 10720 [5, 149]
3q27.2  1s9816226 T  82.0% 0.140 0.030  0.000300  7.61 x 107'* 1.15 x 107% 196221 1.69 x 10718 [149]
11p11.2  1s3817334 T  41.0% 0.060 0.020  0.000100  4.79 x 10~ 1.10 x 10793 191943 1.59 x 1012 [5]
19q13.11  rs29941 G  67.0% 0.060 0.020  0.000000  1.31 x 1079 2.40 x 10792 192872 3.01 x 1079 [5, 149]
1g25.2 1s543874 G 19.0% 0.220 0.030  0.000700  1.66 x 10713 2.41 x 107! 179414 3.56 x 10723 [149]
6pl2.3 15987237 G 18.0% 0.130 0.030  0.000300  5.97 x 10716 2.40 x 10706 195776 2.90 x 10720 3]
12q13.13  1s7138803 A 38.0% 0.120 0.020  0.000400  3.96 x 107!t 7.82 x 107 200064 1.82 x 10~17 [149]
14q31.1 1510150332 C  21.0% 0.130 0.030  0.000200  2.03 x 107°7 2.86 x 1079 183022 2.75 x 1071 [223]
2p23.3 1713586 C 47.0% 0.140 0.020  0.000600  1.80 x 10797 1.44 x 10716 230748 6.17 x 10722

16p12.3 1512444979 C  87.0% 0.170 0.030  0.000400  4.20 x 10~ 8.13 x 10712 239715 2.91 x 10721

15q23  1s2241423 G 78.0% 0.130 0.020  0.000300  1.15x 1070 1.59 x 107% 227950 1.19 x 10718
19g13.32  1s2287019 C  80.0% 0.150 0.030  0.000400  3.18 x 10797 1.40 x 10710 194564 1.88 x 10716

1p31.1  1s1514175 A 43.0% 0.070 0.020  0.000200  1.36 x 107%  7.04 x 1079 227900 8.16 x 10~ 14

4q24  1s13107325 T  7.0% 0.190 0.040  0.000300  1.37 x 10797 1.93 x 10797 245378 1.50 x 10713

5q13.3  rs2112347 T  63.0% 0.100 0.020  0.000200  4.76 x 107%  8.29 x 10797 231729 2.17 x 10713

9p21.1 1510968576 G 31.0% 0.110 0.020  0.000200  1.88 x 107% 3.19 x 1079 216916 2.65 x 10713
19g13.32  1s3810291 A 67.0% 0.090 0.020  0.000200  1.04 x 10797 1.59 x 107 233512 1.64 x 10712

2p16.1 rs887912 T  29.0% 0.100 0.020  0.000300  2.69 x 1079 1.72 x 1077 242807 1.79 x 1012

3pl2.1 1513078807 G 20.0% 0.100 0.020  0.000200  9.81 x 107% 5.32 x 1079 237404 3.94 x 1071

14q12  rs11847697 T  4.0% 0.170 0.050  0.000100  1.11 x 1079 2.25 x 107 241667 5.76 x 1071

2q22.2 152890652 C  18.0% 0.090 0.030  0.000200  2.38 x 107°7 947 x 107% 209068 1.35 x 10719

1p21.3  1s1555543  C 59.0% 0.060 0.020  0.000100  7.65 x 107°7  4.48 x 1079 243013 3.68 x 10710
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Table 2.3: Results for the 32 loci with genome-wide significance in stage 1+2 (continued).

Locus SNP EA EAF B SE  s? explained Stage 1 p Stage 2 p Stage 142 N Stage 1+2 p  Previous Reports
13q12.2  1s4771122 G 24.0% 0.090 0.030  0.000200  1.20 x 107°7 8.24 x 107 198577 9.48 x 10710
5q23.2  1s4836133 A 48.0% 0.070 0.020  0.000100  7.04 x 107°7 1.88 x 107% 241999 1.97 x 1079
11p15.4  1s4929949 C  52.0% 0.060 0.020  0.000100  7.57 x 107% 1.00 x 10793 249791 2.80 x 1079
6p21.31  1s206936 G 21.0% 0.060 0.020  0.000100  2.81 x 1079 7.39 x 10~% 249777 3.02 x 10798




2.3.2.2 Stage 2 follow-up leads to additional novel loci for BMI

To identify additional BMI-associated loci and to validate the loci that reached
genome-wide significance in stage 1 analyses, we examined SNPs representing 42 in-
dependent loci (including the 19 GWS loci) with stage 1 p < 5 x 1075, Variants were
considered to be independent if the pair-wise LD was low (r? < 0.1) and if they were
separated by at least 1Mb in genomic position (see Section 1.3.2.1 for the procedure
used to prune the list of associated SNPs into independent loci). In stage 2, we exam-
ined these 42 SNPs in up to 125,931 additional individuals (79,561 newly genotyped
individuals from 16 different studies and 46,370 individuals from 18 additional stud-
ies for which GWA data were available. In a joint analysis of stage 1 and stage 2
results, 32 of the 42 SNPs reached p < 5 x 107%. Even after excluding SNPs within
these 32 confirmed BMI loci, we still observed an excess of small p-values compared
to the distribution expected under H, (see Figure 2.28), suggesting that more BMI

loci remain to be uncovered.

The 32 confirmed associations included all 19 loci with p < 5 x 1078 at stage 1; 12
additional novel loci at 1p21.3, 2p23.3, 2p16.1, 2q22.2, 3p12.1, 4924, 5923.2, 6p21.51,
11p15.4, 13q12.2, 19q13.82-50.9Mb, and 19q13.52-52.3Mb; and one locus (14¢51.1)
previously associated with WC[223] (Table 2.3). In all, our study increased the number
of loci robustly associated with BMI from 10 to 32. Four of the 22 novel associations
were previously associated with body weight[149] or WC|3, 223|, whereas 18 loci had
not previously been associated with any obesity-related trait in the general popula-
tion. While we confirmed all loci previously established by large-scale GWA studies
for BMI[4, 5, 57, 108, 149] and WC|3, 223|, four loci identified by GWA studies for
early-onset or adult morbid obesity: rs1805081 in Niemann-Pick disease, type Cl1
(NPC1) at 18¢q11.2 (p = 0.0025), rs1424233 at 16¢23.2 (p = 0.25), rs10508503 at
10p13 (p = 0.64), and rs473034 at 8p23.1 (p = 0.23)[224, 225] showed limited or no

evidence of association with BMI in this study.

109



As expected, the effect sizes of the 18 newly discovered loci are slightly smaller, for
a given minor allele frequency, than those of the previously identified variants. The
increased sample size also revealed signals with lower minor allele frequency. The
BMlI-increasing allele frequencies for the 18 newly identified variants ranged from
4%-87%, covering more of the allele frequency spectrum than previous, smaller GWA

studies of BMI (24%—83%)(5, 149].

2.3.2.3 Impact of 32 confirmed loci on BMI, obesity, body size, and other
metabolic traits

Together, the 32 confirmed BMI loci explained 1.45% of the inter-individual variation
in BMI of the stage 2 samples, with the F'T'O SNP accounting for the largest proportion
of the variance (0.34%) (Table 2.3). To estimate the cumulative effect of the 32
variants on BMI, we constructed a genetic-susceptibility score that sums the number
of BMI-increasing alleles weighted by the overall stage 2 effect sizes in the ARIC study
(N = 8,120), one of our largest population-based studies. For each unit increase in
the genetic-susceptibility score, approximately equivalent to one additional risk allele,
BMI increased by 0.17%, equivalent to a 0.435-0.551 kg gain in body weight in adults
of 160-180 cm in height. The difference in average BMI between individuals with a
high genetic-susceptibility score (> 38 BMI-increasing alleles, 1.5% (N = 124) of the
ARIC sample) and those with a low genetic-susceptibility score (< 21 BMI-increasing
alleles, 2.2% (N = 175) of the ARIC sample) was 2.73:792, equivalent to a 6.99-8.85
kg body weight difference in adults of 160-180 cm in height.

All 32 confirmed BMI-increasing alleles showed directionally consistent effects on risk
of being overweight (BMI > 252%) or obese (BMI > 30%%) in stage 2 samples,
with 30 of 32 variants achieving at least nominally significant associations. The BMI-
increasing alleles increased the odds of being overweight by 1.013-1.138 fold, and the
odds of being obese by 1.016-1.203 fold.
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2.3.2.4 Potential functional roles and pathways analyses

Although associated variants typically implicate genomic regions rather than individ-
ual genes, we note that some of the 32 loci include candidate genes with established
connections to obesity. Several of the 10 previously identified loci are located in or
near genes that encode neuronal regulators of appetite or energy balance, including
MC4R|221, 226|, BDNF|227|, and SH2B1|220, 228]. Each of these genes has been tied
to obesity, not only in animal models, but also by rare human variants that disrupt

each of these genes and lead to severe obesity[153, 229, 230.

To systematically identify biological connections among the genes located near the
32 confirmed SNPs, and to potentially identify new pathways associated with BMI,
we performed pathway-based analyses using Meta-Analysis Gene-set Enrichment of
variaN'T Associations (MAGENTA)[231]. Specifically, we tested for enrichment of BMI
genetic associations in biological processes or molecular functions that contain at least
one gene from the 32 confirmed BMI loci. Using annotations from the Kyoto encyclo-
pedia of genes and genomes (KEGG), Ingenuity, PANTHER, and gene ontology (GO)
databases, we found evidence of enrichment for pathways involved in the platelet-
derived growth factor (PDGF) signaling (PANTHER,p = 8 x 1074, qppr = 6.1 x 1073),
translation elongation (PANTHER, p = 8 x 107, grpr = 6.6 x 1073), hormone or
nuclear hormone receptor binding (GO, p < 5 x 1074, ¢rpr < 8.5 x 1073), home-
obox transcription (PANTHER, p = 1 x 107, ¢gppr = 1.1 x 1072), regulation of
cellular metabolism (GO, p = 2 x 107, grpr = 3.1 x 1072), neurogenesis and neu-
ron differentiation (GO, p < 2 x 107, grpr < 3.4 x 1072), protein phosphorylation
(PANTHER, p = 1 x 107, grpr = 4.5 x 1072) and numerous other pathways re-
lated to growth, metabolism, immune and neuronal processes (GO, p < 2 x 1073,

qrpr < 4.6 X 10_2).
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2.3.2.5 Identifying possible functional variants

We used data from the 1000G and HapMapr to explore whether the 32 confirmed
BMI SNPs were in LD (r? > 0.75) with common missense SNPs or CNVs. Non-
synonymous variants in LD with our signals were present in the BDNF', solute carrier
family 39 (zinc transporter), member 8 (SLC39A8), POC5 centriolar protein homolog
(Chlamydomonas) (POCS5), 3-hydroxy-3-methylglutaryl-CoA reductase (HMGCR),
glutaminyl-peptide cyclotransferase-like (QPCTL), gastric inhibitory polypeptide re-
ceptor (GIPR), MTCH?2, adenylate cyclase 3 (ADCY3), and SKI family transcrip-
tional corepressor 1 (SKOR1) genes. In addition, the rs7359397 signal at 16p11.2 was
in LD with coding variants in several genes including SH2B1, apolipoprotein B recep-
tor (APOBR), and sulfotransferase family, cytosolic, 1A, phenol-preferring, member
2 (SULT1A2). Furthermore, two SNPs tagged common CNVs. The first CNV was
previously identified and is a 45kb deletion near NEGR1[5|. The second CNV is a
21kb deletion that lies 50kb upstream of G protein-coupled receptor, family C, group
5, member B (GPRC5B); the deletion allele is tagged by the T-allele of rs12444979
(r* =1).

Although simply being correlated with potentially functional variants does not prove
that those variants are indeed causal, these do provide clues as to which genes and
variants at these loci might be prioritized for future fine-mapping and functional

follow-up efforts.

Many of the 32 BMI loci harbor multiple genes, so we examined whether gene eQTL
analyses could also direct us to positional candidates. Gene expression data were
available for human brain, lymphocytes, blood, SAT, visceral adipose tissue (VAT),
and liver[146, 148, 232|. Significant cis-associations, defined at the tissue-specific level,
were observed between 14 BMI-associated alleles and expression levels. In several
cases, the BMI-associated SNP was the most significant SNP or explained a sub-

stantial proportion of the association with the most significant SNP for the gene
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transcript in conditional analyses (p.q < 0.05). These genes significantly associated
included NEGR1, zinc finger CCCH-type containing 4 (ZC3H/ ), transmembrane pro-
tein 160 (TMEM160), MTCH2, NADH dehydrogenase (ubiquinone) Fe-S protein 3,
30kDa (NADH-coenzyme Q reductase) (NDUFSS3), general transcription factor IITA
(GTF3A), ADCYS3, APOBR, SH2B1, Tu translation elongation factor, mitochondrial
(TUFM), GPRC5B, 1Q motif containing K (IQCK), SLC39A8, sulfotransferase fam-
ily, cytosolic, 1A, phenol-preferring, member 1 (SULT1A1), and SULT1A2, making
these genes higher priority candidates for follow-up. However, we note that some
BMI-associated variants were correlated with the expression of multiple nearby genes,

making it difficult to determine the most relevant gene in those regions.

2.3.3 Discussion

Using a two-stage genome-wide association meta-analysis of up to 249,796 individuals
of European descent, we have identified 18 additional loci that are associated with

BMI at GWS, bringing the total number of such loci to 32.

The combined effect on BMI of the associated variants at the 32 loci is modest, and
account for only 1.45% of the genetic variation in BMI. There is an expectation that
additional variance and biology will be explained using complementary approaches
that capture variants not examined in the current study, such as lower frequency

variants and short insertion-deletion polymorphisms (INDELS).

A primary goal of human genetic discovery is to improve understanding of the biology
of conditions such as obesity|233]. The loci identified by this study appear to harbor
few, if any, annotated genes with clear connections to the biology of weight regulation.
This is likely a reflection of our limited understanding of the biology of BMI and
obesity-related traits, and stands in contrast to results from GWAS of some other
traits (such as autoimmune diseases or lipid levels). These results suggest that much

novel biology underpinning obesity regulation remains to be uncovered, and GWAS
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studies such as this one may provide a starting point to the discovery of that biological
underpinning. A further examination of the associated loci through a combination of
resequencing and fine-mapping to find causal variants, and genomic and experimental
studies designed to assign function, could uncover novel insights into the biology of

obesity.

In conclusion, we have performed GWA studies in large samples to identify numerous
genetic loci associated with variation in BMI, a common measure of obesity. Because
current lifestyle interventions are largely ineffective in addressing the challenges of
growing obesity[234, 235|, new insights into biology are needed to guide the develop-

ment and application of future therapies and interventions.
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2.4 Meta-analyses of weight

This analysis of adult weight was performed in 2008-2009 based on data collected by

the GIANT consortium. It has not been published elsewhere.

2.4.1 Background

BMI is the traditional epidemiological measure of obesity, originally intended to clas-
sify inactive individuals with average body composition. BMI is a measure of weight
in kilograms divided by height in meters squared. Square meters are used as an
approximation of the natural relationship between height and weight, but analysis
of the power law between weight and height has yielded estimates in the range of
2.3-2.7. While it is interesting to analyse genetic associations with BMI directly, it
should yield greater power to perform the association using weight, which represents
both obesity and overall body size, and then correct for height as a covariate in order

to hone in on the obesity phenotype.

We performed a meta-analysis of adult weight in 13 studies, including both population-
based and case-control studies (including case cohorts for T2D, CAD, and hyper-
tension). All populations were of European descent, including cohorts from Italy,
Switzerland, Germany, Sweden, Finland, the United Kingdom, and the United States.
Case-control based studies were analyzed as separate case and control populations,
making a total of 15 populations from the 13 GIANT consortium studies. Each of the
15 populations had been phenotyped and genotyped previously using study-specific
methods, and QC was also performed separately by each study. QC typically included
exclusion of markers significantly out of HWE or with high missing data rates. Geno-
types were then imputed to obtain probably genotypes for ~ 2.5M markers, based
on the HapMap CEU reference panel. In parallel, phenotype data was prepared by

stratifying by gender and then performing an inverse-normal transform on the weight
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data. All ~2.5M imputed genotypes were then tested for association with the trans-
formed weight phenotype, using an additive model with age as a covariate. Data from
all studies was then collected into the meta-analysis phase where QC was performed
on the association results, excluding markers with low imputation quality scores or
MAF less than 1%, and then doing a GC correction of the SE estimates to correct
for possible population stratification. Finally, we performed a meta-analysis of the
association results using the inverse-variance method to generate summary statistics
(including effect estimates, SE, and a corresponding p-value) before doing a final GC
correction to correct the SE in the meta-analysis results for any remaining population
stratification. The resulting list of markers was then independentised into a list of
markers with a HapMap 72 of less then 0.2 between any two. An overview of our

analysis procedure is shown in Figure 2.2.

The results exceeded the genome-wide signifiance threshold of 5 x 1078 for FTO,
HMGA2, MC/R, and TMEM1S8. FTO, MC4R, and TMEM18 had already been es-
tablished as being associated with BMI [4, 5, 57|, while HMGA2 had been established
as being associated with height [236], so this analysis confirmed those findings (as
expected since weight reflects both obesity and overall body size). All results are

presented in a GWA plot in Figure 2.29.

Figure 2.29: Genome-wide association plot of overall (men and women meta-analysed
together) results for GIANT weight, with known obesity genes labelled.
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After excluding previously known loci, an excess of low p-values over what is expected

by chance remained (see Figure 2.30), so it is likely that some of the signals below
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the genome-wide significance threshold of 5 x 107 may be real associations with

weight.

The top associations were in growth differentiation factor 5 (GDF5) (p = 3.2 x
1077), in hedgehog interacting protein (HHIP) (p = 4.4 x 107"), downstream of
RAB32, member RAS oncogene family (RAB32) (p = 7.8 x 1077), in SULT1A1
(p = 8.9 x 1077), upstream of solute carrier family 23 (nucleobase transporters),
member 2 (SLC23A2) (p = 1.8 x 107°%), upstream of RasGEF domain family, member
1B (RASGEFIB) (p = 1.9 x 107%), and in zinc finger and BTB domain containing
38 (ZBTB38) (p = 2.9 x 107%). Of these, GDF5, HHIP, and ZBTB38 had already
been established as being associated with height [71, 237, 238], and SULT1A1 has
later been established as being associated with BMI [55], but no other associations
appear to have been published for RAB32, SLC23A2, or RASGEF1B; so these may be
novel associations with weight, though as we did not reach genome-wide significance,
follow-up is required to establish this.

Figure 2.30: Exclusive QQ plots of overall (men and women meta-analysed together)
results for GIANT weight, shown first with no exclusions, and then excluding known
obesity and height genes.
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As noted above, the weight phenotype appears to pick up signals of obesity as well
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as overall body size (represented by height). As a result, it is somewhat difficult
to interpret an association with weight. It would be more interesting to perform
analyses of weight, adjusted for height, as an alternative to analysing BMI, since the
weight-adjusted-for-height analysis may yield greater power than BMI does to detect

obesity variants.

Results of the weight meta-analysis have not been published elsewhere, but the results
for 43 candidate SNPs were provided to peCODE for inclusion in their paper on obesity
as confirmation of their findings[149] and the upcoming expanded GIANT analyses

should provide a follow-up to this work.
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2.5 Sex-specific meta-analysis of nine anthropomet-
ric traits

These sex-specific analyses of nine anthropometric traits were undertaken in 2009-
2011 by the GIANT consortium gender working group. A separate manuscript describ-

ing the work is being prepared and will be submitted for publication elsewhere.

Many anthropometric traits such as height, adiposity, and fat distribution are markedly
different between men and women and may explain a portion of sex-specific suscepti-
bilities to certain diseases. Some sexual dimorphism in body composition is already
apparent during childhood, but it becomes much more pronounced as boys reach ado-
lescence and tend to become taller and more muscular, while girls of the same age

begin to experience an increase in average fat mass[205, 239-241].

These substantial differences in anthropometry may reflect sex-specific differences
in biological processes such as adipogenesis, lipid storage, or lipolysis, which would
suggest that genetic factors that modify or regulate genes involved in those pathways

may also have sexually dimorphic effects.

GWAS have successfully identified genetic loci reproducibly associated with several
anthropometric traits, including height|70, 71, 242-244], BMI[4, 5, 55, 57|, and WHR|3,
54]. While most these studies did not perform genome-wide sex-stratified analyses —
all with the exception ofLindgren et al. [3], whose sex-specific analysis identified the
first known common genetic variant associated with WHR, follow-up analyses for loci
found to be associated in overall analyses were performed in some of the studies.
For example, inHeid et al. [54] a sex-specific analyses of the 14 SNPs examined in
follow-up studies showed that effects were significantly more pronounced in women
than in men for seven of the loci, and a follow-up analyses of overall GWAS findings

for height found some evidence of sex-specific association in men[243|.

The obvious differences in physical appearance between men and women along with
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with the strong evidence of sex-specific effects for the recently identified WHR. loci
raises the question as to whether a more systematic approach would be able to dis-
cover additional sexually dimorphic genetic variants influencing anthropometric traits.
GWAS stratified by sex not only improves power to identify sex-specific associations,
but also allows for formal tests for sex differences, so we set out to investigate whether
we could detect additional sexually dimorphic associations with anthropometric mea-
sures using sex-stratified GWAS, and if so, whether these association signals were of

concordant effect direction (CED) or opposite effect direction (OED).

We defined OED signals as having an effect in both men and women, but of opposite
direction, while CED signals include both sex-specific effects (in which the effect in
either men or women is not significantly different from 0) and also those with an
effect in both men and women in the same direction but of different magnitudes.
Within the GIANT consortium, we performed meta-analyses of sex-specific GWAS on
six anthropometric measures from 117 studies comprising up to 270,775 individuals
(up to 122,981 men and 147,794 women) in order to investigate the extent and nature

of sex-specific genetic effects on anthropometry.

2.5.1 Results of sex-specific analyses

2.5.1.1 Discovery meta-analysis of sex-specific genome-wide association
study for anthropometric traits

We performed sex-specific analyses in 46 studies (see Table 2.4) comprising a total
of up to 60,586 men and 73,137 women, testing =~ 2.8 million SNPs for association
with six anthropometric traits: height, weight, BMI, WC, HC, and WHR. The latter
three traits were analyzed both unadjusted and adjusted for BMI: WC-adjusted-for-
BMI (WCapsBMI), HC-adjusted-for-BMI (HCApiBMI), and WHRapyBMI. This yielded
nine phenotypes in total on which we performed inverse-variance weighted fixed-effects
meta-analysis (see Section 1.3.1.3) stratified by sex, which resulted in a total of 18

meta-analyses (9 phenotypes, each analysed in both men and women). Study-specific
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analysis methods have been described previously[54, 55, 70| and in general followed

standard procedures for GWAS (see Section 1.2.4).
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Table 2.4: Sample size of studies in the discovery stage.

Study

Hip

WwWC

WHR

Height

Weight

BMI

Men

Women Men Women

Men Women Men Women

Men Women Men Women

ADVANCE Cases
ADVANCE Controls
AGES Reykjavik
Amish

ARIC

B58C T1DGC
B58C WTCCC
BRIGHT

CAD WTCCC
CAPS1 Cases
CAPS1 Controls
CAPS2 Cases
CAPS2 Controls
CHS

CoLaus
DECODE

DGI Cases

DGI Controls
EGCUT

EPIC Obesity Study
ERF EUROSPAN
Fenland

FHS Cases

FHS Controls
FRAM

FTC

465
3821
1198

700

667

1274
2544
2610
509
241
195
1130
890
615
208
207
1562

435
4283
1292

722

982

1943
2861
3273
449
228
228
1284
1170
787
233
207
1715
120

114
128
1351
465
3821
1198
700
668

1274
2546
2610
509
241
195
1130
890
615
208
207
1562

160
179
1865
435
4283
1292
722
984

1944
2862
3273
449
228
228
1284
1170
787
233
207
1715
120

465
3821
1198

700

667

1274
2544
2610
509
241
195
1130
890
615
208
207
1562

435
4283
1292

722

982

1943
2861
3273
449
228
228
1284
1170
787
233
207
1715
120

114
128
1352
470
3823
1261
741
719
1491
489
491
1483
519
1277
2547
9213
687
953
697
1621
890
615
208
208
3700

161
181
1867
437
4287
1330
738
1087
388

1955
2862
17586
630
937
720
1931
1170
787
233
207
4389
125

114
128
1351
468
3822
1259
741
719
1489
485
485
1424
004
1276
2547
9213
688
953
697
1131
890
615
208
208
3706

161
182
1856
437
4286
1328
738
1087
387

1952
2861
17586
629
935
720
1284
1170
787
233
207
4388
125

114
128
1351
468
3822
1259
741
719
1489
484
483
1423
500
1276
2547
9213
688
953
697
1131
890
615
208
208
3706

161
181
1856
437
4286
1328
738
1087
387

1952
2861
17586
629
535
720
1284
1170
787
233
207
4388
125



Table 2.4: Sample size of studies in the discovery stage (continued).

€cl

Hip wC WHR Height Weight BMI

Study Men Women Men Women Men Women Men Women Men Women Men Women
FUSION Cases 620 464 620 465 620 464 617 465 623 469 623 469
FUSION Controls 571 598 571 598 571 598 569 598 572 599 572 599
GENMETS Cases 425 423 425 423 425 423 410 414 410 414 425 432
GENMETS Controls 401 423 401 423 401 423 401 422 401 422 401 423
GerMiFSI 394 206 394 206 394 206
GerMiFSII 901 223 901 223 901 223
KORAS3 812 826 812 827 812 826 813 830 813 829 813 829
KORAS4 883 929 883 929 883 929 883 928 883 929 883 928
MICROS 118 175 118 175 112 169 467 612 468 612 475 622
MIGEN 1622 1030 1623 1028 1619 1028
NBS WTCCC 696 745 694 743 694 743
NFBC1966 2246 2245 2246 2245 2246 2245 2250 2249 2250 2247 2250 2247
NHS 1632 1632 1632 2265 2265 2265
NSPHS 307 339 308 344 307 342 307 340
NTRNESDA 1206 2303 1206 2303 1206 2303 1211 2311 1210 2306 1210 2306
ORCADES 324 371 324 371 324 371 324 371 324 371 332 384
PLCO 2244 2238 2238
PROCARDIS 612 346 612 346 612 346 1700 612 1700 612 1700 612
RS1I 2266 3202 2266 3205 2266 3202 2372 3375 2375 3383 2372 3372
RUNMC 1777 1096 1777 1096 1777 1096
SARDINIA 1886 2415 1886 2416 1886 2415 1883 2415 1883 2415 1885 2416
SASBAC Cases 794 794 793
SASBAC Controls 758 760 755
SEARCH UKOPS 1592 1581 1556
SHIP 2019 2073 2019 2073 2019 2073 2019 2073 2019 2073 2019 2073
T2D WTCCC 1085 786 1085 786 1085 786 1105 798 1105 798 1105 798

TwinsUK 1096 1096 1094 1479 1477 1477
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Table 2.4: Sample size of studies in the discovery stage (continued).

Hip wC WHR Height Weight BMI
Study Men Women Men Women Men Women Men Women Men Women Men Women
VIS 325 458 325 459 325 458 325 459 325 445 328 467




We were interested in identifying loci with OED and CED effects for the nine pheno-
types. To optimize power, we performed two types of analyses for each phenotype: a
genome-wide sex-difference analysis and a sex-specific multi-stage analysis (see Fig-
ure 2.31). For the genome-wide sex-difference analysis, we conducted a test of the
significance of the difference in effect estimate between men and women (sex-difference
test) for all markers genome-wide, which is best powered to detect OED signals for
which there is a significant association in both sexes. For the sex-specific multi-stage
analysis, we evaluated the significance of sex-specific association p-values in the dis-
covery stage and subsequently tested for sex-difference in a follow-up stage. The
sex-specific multi-stage analysis is best powered to detect CED signals, but could
also pick up OED signals, though with less power than a genome-wide test of sex

difference.
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Figure 2.31: Overall diagram of sex-specific analyses.
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The genome-wide sex-difference analysis did not identify any SNP that showed signif-
icant sex-difference controlling for FDR at 5% (Figure 2.32), so no SNP was taken for-
ward from this analysis into follow-up. When examining sex-difference p-values sep-
arately by phenotype, we did observe a deviation from the expected distribution of
small sex-difference p-values (under the null hypothesis of no sex-difference), particu-
larly for the waist phenotypes (WHRaADJBMI, WHR, WCaDJBMI), which is illustrated

in the phenotype-specific QQ-plot (Figure 2.33).
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Figure 2.32: Discovery stage genome-wide sex-difference p-values for all nine phenotypes, with the x-axis representing genomic
position chromosome-by-chromosome and with p-value for sex difference on the y-axis on a —logig scale. Colour indicates which of the
nine phenotypes each point represents, and for p-values above a threshold of p > 1 x 1074, increasing alpha blending (transparency) is

used to facilitate display of overlapping points. WHRADIBMI is represented by dark blue, WHR by light blue, WCaADJBMI by dark
green, WC by light green, HCADJBMI by red, HC by pink, BMI by brown, weight by light tan, and height by olive green.
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The sex-specific multi-stage analysis showed an excess of small p-values (Figure 2.34)
in the discovery stage, and controlling for FDR at 5% (see Section 1.3.3.3) resulted
in the selection of 619 independent SNPs (254 loci for height, 50 for weight, 51 for
BMI, 38 for WC, 48 for WCapsBMI, 49 for HC, 45 for HCapsBMI, 31 for WHR, and 53
for WHRADJBMI) which showed the most significant sex-specific association with any
of the nine phenotypes to be taken forward into the follow-up stage. The equivalent
p-value threshold of the FDR control was p < 2 x 107, Of these 619 loci, 310 would
have been selected in an overall analysis of men and women together using the same
threshold of p < 2 x 107%, while the other 309 would not have been selected by such

an overall analysis.

All of the SNPs selected for follow-up came from the sex-specific multi-stage analysis,

while no SNPs were selected from the genome-wide sex-difference analysis.
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Figure 2.33: QQ plot of discovery stage genome-wide sex-difference p-values observed
plotted vs their expected distribution. Colour indicates which of the nine phenotypes the
point represents, and for p-values above a threshold of p > 1 x 1074, increasing alpha
blending (transparency) is used to allow display of overlapping points. The
Dexpected = Pobserved line is drawn in black. WHRADJBMI is represented by dark blue,
WHR by light blue, WCADIBMI by dark green, WC by light green, HCADIJBMI by red, HC
by pink, BMI by brown, weight by light tan, and height by olive green.
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Figure 2.34: Discovery stage genome-wide sex-specific association p-values for all 9 phenotypes in men and women, with the x-axis
representing genomic position chromosome-by-chromosome and sex-specific p-value for association on the y-axis on a —logig scale. To
aid interpretation of the relative association between men and women, the scale for women is reversed to logig. Colour indicates which of
the nine phenotypes each point represents, and for p-values above a threshold of p > 1 x 107, increasing alpha blending (transparency)
is used to facilitate display of overlapping points. WHRADJBMI is represented by dark blue, WHR by light blue, WCaDJBMI by dark
green, WC by light green, HCADIBMI by red, HC by pink, BMI by brown, weight by light tan, and height by olive green.
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In the follow up stage, we examined the sex-specific associations of the 619 SNPs for
the nine phenotypes in 18 studies with in-silico genotype information (up to 20,340
men and 41,872 women; see Table 2.5) and in 28 studies typed on Metabochip (up
to 32,785 men and 42,055 women; see Table 2.5).
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Figure 2.35: QQ plot of discovery stage sex-specific association p-values observed plotted
vs their expected distribution. Colour indicates which of the nine phenotypes the point
represents, and for p-values above a threshold of p > 1 x 1074, increasing alpha blending
(transparency) is used to allow display of overlapping points. The pezpected = Pobserved line
is drawn in black. WHRADJBMI is represented by dark blue, WHR by light blue,
WCaADJBMI by dark green, WC by light green, HCADJBMI by red, HC by pink, BMI by
brown, weight by light tan, and height by olive green.
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Table 2.5: Sample size of studies in the follow-up stage. Type indicates whether the study was an in silico (GWAS) or MetaboChip

24}

(MC) study.

Hip WC WHR Height Weight BMI
Study Type Men Women Men Women Men Women Men Women Men Women Men Women
FamHS GWAS 1027 1194 1027 1194 1027 1194 1028 1195 1028 1195
BSN GWAS 537 748 537 749 536 748 558 770 558 769
Corogene Cases GWAS 1015 881 1015 881 1015 881 1005 880 1005 880
Corogene Controls GWAS 1128 549 1127 549
EGCUT GWAS 358 357 358 357 358 357 351 349 358 357
FINGEST GWAS 756 206 750 204
GOOD GWAS 938 938 938 938 938
HBCS GWAS 735 988 735 989 735 988 736 990 736 990
Hypergenes Cases GWAS 170 152 170 152 170 152 1072 538 1072 538
Hypergenes Con- GWAS 120 146 120 146 120 146 998 684 998 684
trols
Lifelines GWAS 1373 1993 1373 1993 1373 1993 1373 1994 1373 1994
MGS GWAS 1247 1350 1247 1350
PLCO2 Cases GWAS 2043 934 2041 933
PLCO2 Controls GWAS 649 544 645 544
PREVEND GWAS 1964 1873 1964 1873 1964 1873 1966 1872 1966 1871
QIMR GWAS 1470 2157 1470 2157
RS2 GWAS 877 1035 877 1035 877 1035 876 1035 876 1035
RS3 GWAS 842 1085 842 1085 842 1085 877 1129 877 1129
Sorbs GWAS 361 515 363 516 361 515 361 515 361 515
WGHS GWAS 20538 20566 20529 23099
YFS GWAS 907 1075 907 1075 907 1075 911 1084 908 1081
ADVANCE CAD MC 678 222 678 222 678 222 678 222

Cases



Table 2.5: Sample size of studies in the follow-up stage (continued).

Gel

Hip wC WHR Height Weight BMI
Study Type Men Women Men Women Men Women Men Women Men Women Men Women
ADVANCE CAD MC 421 247 421 247 421 247 421 247
Controls
AMCPAS Cases MC 368 122 368 122 368 122 368 122
BC58 MC 1231 897 1232 897 1231 897 1234 901 1232 902 1232 902
BHS Cases MC 79 40 80 40 79 40 83 42 82 42 82 42
BHS Controls MC 85 51 86 51 85 51 87 51 87 51 87 51
CARDIOGENICS MC 328 51 328 51 328 51 328 51
Cases
CARDIOGENICS MC 148 227 148 227 148 227 148 227
Controls

D2D2007 DPS MC 2151 757 2150 757 2150 757 2152 759 2152 759 2152 759
DRSEXTRA FU-

SIONS2 METSIM

Cases

D2D2007 DPS MC 3669 2957 3669 2955 3669 2954 3672 2963 3672 2963 3672 2963
DRSEXTRA FU-

SIONS2 METSIM

Controls

DILGOM MC 1769 2098 1765 2098 1763 2092 1775 2114 1769 2115 1769 2115
DUNDEE Cases MC 1926 1347 1750 1215 1926 1347 1923 1346 1922 1345
DUNDEE Con- MC 1918 1789 1917 1787 1918 1789 1918 1788 1918 1788
trols

EAS MC 353 378 353 378 352 377 353 378

EGCUT CAD MC 346 354 346 354 346 354 346 354 346 354 346 354
Cases

EGCUT Controls MC 340 600 340 600 340 600 341 601 341 601 341 601
EGCUT DB Cases MC 272 417 272 417 272 417 355 613 355 613 355 613



Table 2.5: Sample size of studies in the follow-up stage (continued).

9¢T

Hip wC WHR Height Weight BMI
Study Type Men Women Men Women Men Women Men Women Men Women Men Women
Ely MC 736 852 736 853 735 852 744 855 744 856 744 855
EPIC Cases MC 432 295 432 295 432 295 432 294 432 292 432 291
EPIC Controls MC 410 549 411 550 410 549 410 552 411 551 410 551
Fenland MC 1485 1698 1485 1698 1484 1698 1486 1698 1486 1698 1486 1698
GLACIER MC 2381 3666 874 1445 2381 3666 2381 3666 2381 3666
HNR MC 2262 2256 2262 2256 2262 2256 2262 2256 2262 2256 2262 2256

HUNT TROMSO MC 492 470 492 470 492 470 651 637 651 636 651 636
Cases

HUNT TROMSO MC 566 546 566 547 566 546 749 718 748 718 748 717
Controls

IMPROVE MC 1663 1775 1663 1775 1663 1775 1650 1776 1666 1783
KORAS3 MC 603 660 603 660 603 660 603 671 999 659 999 659
KORAS4 MC 585 624 585 624 585 624 585 632 582 624 082 624
LURIC Cases MC 1652 567 1652 o967 1652 567 1678 o973 1678 574 1678 074
LURIC Controls MC 327 310 327 310 327 310 330 315 330 315 330 315

MORGAM Cases MC 984 222 983 222 983 222 1707 246 1708 246 1707 246
MORGAM Con- MC 1084 287 1084 287 1084 287 2094 319 2095 320 2095 319
trols

NSHD MC 463 519 463 519 463 518 464 520 464 516 464 515
PIVUS MC 485 483 485 483 485 483 490 488 490 488 490 488
SCARFSHEEP MC 886 309 886 310 893 311 893 311 716 259 882 310
Cases

SCARFSHEEP MC 1171 510 1173 512 1181 514 1181 514 944 433 1177 509
Controls

STR MC 563 778 563 780 563 778 808 1377 838 1378
THISEAS Cases MC 423 78 423 78 423 78 423 78 423 78 423 78

THISEAS Controls  MC 416 530 416 530 416 530 416 530 416 530 416 530



LET

Table 2.5: Sample size of studies in the follow-up stage (continued).

Hip wC WHR Height Weight BMI
Study Type Men Women Men Women Men Women Men Women Men Women Men Women
ULSAM MC 1095 1095 1095 1112 1116 1112
Whitehall MC 1700 535 1700 536 1700 535 1699 535 1700 536 1699 535




Using the joint association p-value combining discovery and follow-up results, we
identified 205 SNPs out of the 619 that reached genome-wide significance (p < 5 X
1078) (158 for height, 12 for weight, 15 for BMI, 2 for WC, 2 for WCapsBMI, 0 for
HC, 0 for HCapsBMI, 0 for WHR, and 16 for WHRADJBMI). Of these 205 SNPs, 194
belonged to the set of 310 loci that would have been selected in a discovery stage

overall analysis using the same p-value threshold as our discovery stage.

To evaluate sex-differences, we performed a sex-difference test on these 205 SNPs
based only on follow-up data (to avoid selection bias similar to the winner’s curse).

This resulted in:

e Four SNPs with significant (p < $92) sex difference (3 for WHRADJBMI, and 1 for
WCapiBMI). Three of these four were previously reported as trait associations,
all three of which would have been selected in an overall analysis, while the

fourth is a novel sexually dimorphic trait association that would not have been

selected in an overall discovery stage analysis (Poyeran = 1.3 x 1073).

e 14 loci with nominally significant (p < 0.05) sex-difference (4 for WHRADJBMI,
8 for height, and 2 for weight), 9 of which are near previously published trait

association loci.

e 187 SNPs with no evidence (p > 0.05) of sex-difference, 157 of which were
previously reported overall trait associations (potential evidence for overall trait
association with the remaining 30 will be evaluated in future overall GIANT

analyses).

All 18 SNPs identified with genome-wide significant association (see Table 2.6) and
either significant or suggestive sex difference had consistent effect direction across the

two stages (Figure 2.36).
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Discovery Stage

Follow-up Stage

Discovery + Follow-up

SNP Trait Sex Refs. dmen Guwomen Pmen Pwomen Psexdif f Pmen Pwomen
56717858  WHRadjBMI F  [54] 1.00 1.52x 10710 7.05 x 10792 727 x 10716 215 x 1071 0.61 1.99 x 1072
1s2820443 WHRadjBMI F  [3, 54] 0.99 3.81 x 10713 0.94 1.83 x 10720 5.20 x 10710 0.37 4.62 x 10737
151358980  WHRadjBMI F  [54] 0.97 4.75 x 10799 0.22 2.75 x 10719 9.06 x 10798 4.85 x 10792 2.41 x 1073!
111743303 WCadiBMI ~ F 1.00 9.74 x 10793 0.34 1.43 x 107%  1.07 x 107 0.57 2.69 x 1071
152371767  WHRadjBMI F  [54] 0.99 1.65 x 1079 122 x 10792 1.71 x 10716 428 x 107 834 x 1079 7.07 x 10723
152093210 HEIGHT F  [70] 6.89x107% 858x 1077 2.60x 1079 1.03x1071% 148 x 1079 4.07x 10797 524 x 10=%°
rs10478424 WHRadjBMI F 1.00 3.10 x 10792 0.27 7.61 x 1079 3.34 x 10793 0.76 3.45 x 1079
154684854 WHRadjBMI  F 1.00 2.27 x 107% 0.26 2.96 x 10797 8.44 x 10793 0.41 4.17 x 10714
rs6439167 HEIGHT F [70]  3.96 x 10792 4.09 x 1079 6.04 x 1079 9.68 x 10712 1.15x 10792 4.59 x 10797 1.77 x 10716
157598759 HEIGHT F 0.83 9.22 x 107 291 x 10792 230 x 1079 1.36 x 107°2 1.02x 1079 4.48 x 10~
1513192994  HEIGHT F [70] 0.11 1.20 x 1079 435 x 10719 8.95 x 1079 1.55 x 10792 7.76 x 10713 1.28 x 10~
152227901 HEIGHT M [70] 220 x 1079 0.31 2.79 x 10797 3.20 x 10792 1.84 x 10792 4.74 x 10713 6.10 x 1079
rs4646404 WHRadjBMI F 0.86 1.31 x 10702 0.18 1.37x107% 226 x 10792 927 %1079 218 x 107!
1512812519  WEIGHT M [70]  2.52 x 10792 0.21 3.27 x 107 0.41 321 x 10792 9.26 x 10719 5.03 x 10~

18543874 WEIGHT F [55]  4.33x107%2 1.71 x 10797 4.65 x 1079  7.44 x 1079  3.40 x 10792 3.41 x 10797 3.15 x 10718
152072153 HEIGHT M [70]  2.96 x 1072 0.14 473 x107% 275 x 10792 411 x 10792 4.85x 1079 9.27 x 1079
157320982 HEIGHT M [70]  4.60 x 10793 0.30 292 x107%  1.75 x 1079 4.28 x 10792 1.82 x 10713 2.06 x 107%
1513183458  HEIGHT F 0.93 2.63 x 10792 0.68 7.30 x 1079 4,99 x 10792 8.87 x 10792 2.35 x 107

Table 2.6: SNPs representing loci that showed evidence for sex difference in the follow-up stage. Eighteen SNPs with signfiicant
(Psexdiff < 2 X 10~* in follow-up data) or suggestive (psezdai ¢ < 0.05 in follow-up data) evidence of sex difference among the 205 SNPs
showing significant association (ppen < 5 X 1078 o Puwomen < D X 10_8) in combined analysis. Loci are sorted by psesqifs, and previously
reported loci have a reference to the publication(s) in the “Refs.” column.



Three of the four associations with significant sex difference were near (within 1Mb
and LD r? > 0.2) previously described loci for WHRADJBMI and with previously
established sex-difference (2¢24.3, 1q41, 6p21.1)|3, 54]. The fourth locus (5q11.2:
Dsexdiff = 1.1 X 10~4 ) is a novel association with WCapsBMI in women (pyomen =

2.7 x 1071, but not in men (p,en = 0.6).

Nine of the fourteen SNPs with suggestive sex difference were near (within 1 Mb and
LD r? > 0.2) published hits associated with height, BMI, or WHRADJBMI|3, 54, 55, 70],
but none were previously known to have sex-specific effects (3p14.1, 14¢23.1, 3¢21.3,
6q14.1, 4q12, 12924.31, SEC16B, 17921.32-q21.33, 13¢31.3). Five of the fourteen loci

are novel associations with WHRaDJBMI, WCapsBMI, or height (see Table 2.6).

Age-stratified analyses and association with other related phenotypes: In
order to investigate whether any of the 18 identified sexually dimorphic associations
would possibly be due to age-related effects (e.g. menopausal status in women), we
re-analyzed the discovery studies stratified by age with a cut-off at 50 years and by
sex. Among the 18 identified associations with established sex difference, we found
no difference of the associations between the two age groups (Supplementary Table

7). To investigate potential enrichment of association with other related phenotypes,

we (add OTHER PHENOTYPE data here).

2.5.2 Descriptions of the 18 sex-specific loci

The extents of each association region were determined by first taking all SNPs within
a genetic distance of 1.0cM of the lead marker (based on HapMap phase 2[|20] fine-
scale recombination rate), then filtering out all SNPs with a p-value within 2 orders
of magnitude of the lead marker (psnp > Piead marker X 100), and finally taking the
positions of the first and last SNPs within that set to be the extents of the associated
region. This yields a prediction of the associated region that is empirically based

on the association signal we observed in our discovery stage data, rather than being
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Figure 2.36: Effect estimates with 95% confidence intervals from follow-up data.
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based more crudely on HapMap genetic distance or base position criteria.

In the locus association plots, each point represents a SNP in the region, with color to
indicate LD (r?) with the lead SNP. Point position along the y-axis indicates —log1o(q)
for association (left-hand scale). Underneath the points lies the HaApMap recombina-
tion rate (right-hand scale) traced in blue. Genes from the UCSC genome browser
REFSEQ genes database|119] are shown as annotation tracks under the plot. The x-
axis shows genomic position (in NCBI36 coordinates), and the region highlighted in
blue is the associated region for the locus. The locus plots were produced using the

standalone version of the LocusZoom software[120].

2.5.2.1 WHRapJBMI loci

2q24.3 The 2¢24.3 locus is represented by lead marker rs6717858, with association
signal for WHRADJBMI extending across ~2kb of chromosome 49, ranging from
165216kb — 165265kb (see Figure 2.37). Two genes (COBLL1 and SNORA70F)
overlap this signal region, as does a previously reported SNP association with
WHRADJBMI in tight LD with the lead marker (rs10195252: ~ 26.5kb & ~
0.001cM from lead marker with r* = 0.94 & D’ = 1.0)|55]. Heid et al. also
presented eQTL data which suggested that GRB1j expression was associated
with rs10195252 genotype but COBLLI was not[55]. Our region lies &~ 30— 79kb

upstream of GRB1/, which is a member of a family os SH2-containing adaptors.
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Figure 2.37: Discovery stage association at 2¢24.3.
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The GRB1/ protein binds directly to the insulin receptor[171, 172], and likely
has an inhibitory effect on receptor tyrosine kinase signaling as well as on insulin
receptor signaling, thereby regulating growth and metabolism. Grb14 deficient
mice exhibit enhanced body weight, mainly explained by increased lean mass on
normal diet[144], improved glucose homeostasis despite lower circulating insulin
levels, and enhanced insulin signaling in liver and skeletal muscle[173|. Grb1/
expression is increased in adipose tissue of insulin-resistant animal models and
type 2 diabetic human patients[174|, suggesting that Grb14 may modulate in-
sulin sensitivity. The WHR signal appears to be distinct from a GRB1/ lo-
cus previously reported as associated with both smoking initiation and current
smoking (rs4423615: =~ 101kb & ~ 0.19cM from lead marker with r? < 0.001
& D' = 0.01)[175]. COBLLI may be involved in neural tube formation|[169], is

expressed at higher levels in tumors associated with good prognosis in mesothe-
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lioma after surgery|[245], and its knockdown led to increased apoptosis in both

normal and tumor cells|246].

1q41 The 1q41 locus is represented by lead marker rs2820443, with association sig-
nal for WHRaADJBMI extending across ~ 1kb of chromosome 62, ranging from
217793kb — 217855kb (see Figure 2.38). One gene (ZC3H11B) overlaps this sig-
nal region, as does a previously reported SNP associated with WHRADJBMI
(rs4846567: =~ 2.8kb & =~ 0.0002cM from lead marker with r? = 0.96 &
D' = 1.0)[55]. ZC3H11B is a pseudogene with no known function. Another
previously reported SNP association with WHRADIBMI lies &~ 82 — 144kb from
the association region (rs2605100: ~ 109kb & ~ 0.04cM from lead marker with
r? = 0.68 & D' = 0.84)[3]. Excluding ZC3H11B, the signal region is nearest to
SLC30A10 (=~ 299 — 361kb downstream) and LYPLALI (= 340 — 402kb down-
stream). SLC30A10 belongs to a family of membrane transporters involved
in intracellular zinc homeostasis and is expressed in brain and liver[165|. LY-
PLALI encodes lysophospholipase-like 1 protein, which is thought to act as a
triglyceride lipase and is reported to be up-regulated in subcutaneous adipose
tissue of obese subjects[121]. Intergenic variants near LYPLAL1 have also been
associated with fatty liver disease (rs12137855: ~ 305kb & ~ 0.22cM from lead
marker with r? = 0.1 & D' = 0.40)[247].
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Figure 2.38: Discovery stage association at 1g41.
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6p21.1 The 6p21.1 locus is represented by lead marker rs1358980, with association
signal for WHRADJBMI extending across =~ 6kb of chromosome 7, ranging from
43872kb — 43865kb (see Figure 2.39). No genes overlap this signal region, but it
does include a SNP previously associated with WHRADIBMI (rs6905288: =~ 5.6kb
& =~ 0.01cM from lead marker with 72 = 0.5 & D’ = 0.91)[54]. The associated
region is located =~ 3.7 — 10.7kb downstream of VEGFA. Multiple variants and
mutations in VEGFA are risk factors for diabetic retinopathy|[166, 189, 190],
and variants in VEGFA have been nominally associated with T2D[68]. VEGFA
is proposed as a key mediator of adipogenesis and angiogenesis[191], is highly
expressed in adipose tissue, and has increased expression during adipocyte dif-
ferentiation[192-195]. VEGFA serum concentrations are elevated in overweight
and obese patients compared with lean subjects|[196] and decrease after weight

loss following bariatric surgery, behaving similarly to other hormones related to
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adipose mass, such as leptin and insulin[197]. Variants near VEGFA have also
been associated with kidney function (rs881858: =~ 42kb & =~ 0.2¢M from lead
marker with 72 = 0.01 & D’ = 0.18)[248] and advanced age related macular
degeneration (rs4711751: =~ 64kb & ~ 0.2cM from lead marker with 72 = 0.04
& D' =0.21 in 1000G data)|249] although both appear likely to be distinct from

the signal at this locus.

Figure 2.39: Discovery stage association at 6p21.1.

6p21.1 in WHRadjBMI

L1 TCS L e {1 A A 1 e 1 |

rs1358980 | 100

° 0.8
8 —
04 |[ 80
0.2

~ 60

- 40

(a/ND) B1el UoRUIGWIDDY

~ 20

0 . = 0
VEGFA—> L00100132354.:l
B+
T T T T
43.8 43.85 43.9 43.95

Position on chr6 (Mb)

3p14.1 The 3p1/.1 locus is represented by lead marker rs2371767, with association
signal for WHRADJBMI extending across ~3kb of chromosome 31, ranging from
64704kb—64673kb (see Figure 2.40). Two genes (ADAMTS9-AS2 and MIR5/8AN)
overlap this signal region, as do three previously reported SNP associations,
one with WHRADIBMI (rs6795735: ~ 12.9kb & =~ 0.004cM from lead marker
with 72 = 0.311 & D’ = 1.0)[54], and two with T2D (rs4607103: =~ 6.4kb
& =~ 0.001cM from lead marker with > = 0.90 & D’ = 1.0 and 1s4411878:
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~ 14.6kb & ~ 0.005cM from lead marker with 72 = 0.85 & D’ = 0.95)[68,
250]. The T2D association is possibly mediated through decreased insulin sen-
sitivity of peripheral tissues[209]. MIR5/8AN is a uRNA which primarily maps
to the X chromosome, but the full length xRNA precursor sequence also maps
with 96.4% identity to five fragments across a ~ 240kb window within our sig-
nal region with only 3 base mismatches). The function of MIR5/8AN is not
known. ADAMTS9-AS2 is a long non-coding RNA transcript which is an anti-
sense for ADAMTS9 and which also contains the fragments of MIR548AN. This
region is located ~ 25 — 56kb upstream of ADAMTS9. ADAMTS9 is a member
of the ADAMTS family, a group of genes encoding metalloproteases that lack
transmembrane domains and are secreted into the extracellular matrix[183].
Members of the ADAMTS family have been implicated in control of organ shape

during development and inhibition of angiogenesis|[123].

Figure 2.40: Discovery stage association at 3p14.1.
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5q23.1 The 5¢23.1 locus is represented by lead marker rs10478424, with association
signal for WHRADJBMI extending across = 5kb of chromosome 2337, ranging
from 117911kb — 120249kb (see Figure 2.41). Nine genes (DMXL1, DTWD2,
FAM170A, HSD17Bj, MIR1244-1, MIR1244-2, MIR1244-3, PRR16, and TNFAIPS)
overlap this signal region. The lead marker, rs10478424, is located in an intronic
region of hydroxysteroid (17-beta) dehydrogenase 4 (HSD17B4). The protein
encoded by HSD17B/ is a bifunctional enzyme that is involved in the peroxiso-
mal beta-oxidation pathway for fatty acids. Mutations in this gene are known
to cause D-bifunctional protein (D-BP) deficiency, an autosomal-recessive dis-
order of peroxisomal fatty acid beta-oxidation that is generally fatal within the
first two years of life[251, 252|. Expression levels of HSD17B/ have been associ-
ated with prostate cancer severity[253], and it is also a significant independent

predictor of poor patient outcome|254].

Figure 2.41: Discovery stage association at 5¢23.1.
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3p25.1 The 3p25.1 locus is represented by lead marker rs4684854, with association
signal for WHRADJBMI extending across ~ 3kb of chromosome 10, ranging from
12463kb — 12473kb (see Figure 2.42). No known genes overlap this region, al-
though structural variants including a CNV[255] and an inversion|256] have been
reported that overlap this region. However, it does lie ~ 13kb downstream of
the well known T2D susceptibility gene peroxisome proliferator-activated re-
ceptor gamma (PPARG), although the T2D associated SNP appears to be dis-
tinct from this locus (rs1801282: =~ 96kb & =~ 0.11c¢M from lead marker with
r? = 0.04 & D' = 0.61)[257-259]. The protein product encoded by PPARG
is PPAR — ~ which is a regulator of adipocyte differentiation. Additionally,
PPAR —~ has been implicated in the pathology of numerous diseases including
obesity[260—263|, diabetes|264, 265|, atherosclerosis|266] and cancer|264, 267—
269]. Interestingly, previous studies of the Prol2Ala polymorphism in PPARG
have demonstrated genotypeaASby-sex interaction with BMI[270], fatty acid
concentrations during the first 24h after birth were related to PPARG expres-
sion in female but not in male lambs[271], and female 12Ala mutation carriers
had greater risk of developing abdominal obesity than female non-carriers while

male 12Ala mutation carriers had no significant increase in risk|272].
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Figure 2.42: Discovery stage association at 3p25.1.
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17p11.2 The 17p11.2locus is represented by lead marker rs4646404, with association
signal for WHRADJBMI extending across = 17kb of chromosome 516, ranging
from 17292kb — 17808kb (see Figure 2.43). Eight genes (MEDY, MIR33B, PEMT,
RAI1, RASD1, SMCR5, SREBF1, and TOM1L2) overlap this signal region, as

does a SNP previously reported to be associated with CAD (rs12936587:

Q

124kb & =~ 0.07cM from lead marker with 72 = 0.34 & D’ = 0.81)[273]. Also
within the signal region are two rare SNPs clinically linked to Smith-Magenis
syndrome (SMS) in patients without the chromosome 17 deletion found in most
SMS patients (rs104894633: =~ 281.5kb from lead marker and rs104894634: =
280.7kb from lead marker; no LD information available)[274]. SMS is a syndrome
consisting of multiple congenital anomalies, including distinctive craniofacial
features, skeletal features such as short stature, fatty liver, delayed speech and

language skills, sleep disturbances, behavioral problems, cognitive impairment,
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and mental retardation.

Figure 2.43: Discovery stage association at 17p11.2.
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SMS is thought to be caused in most cases by the deletion of a =~ 3.5mb region of
17p11.2, encompassing many genes|275|. In patients without a deletion, muta-
tions within the retinoic acid induced 1 (RAI1) gene (including rs104894633 and
rs104894634) can cause many of the SMS phenotypes, though some phenotypes
such as short stature, hearing loss, speech and motor delay, and cardiovascu-
lar anomolies appear to not be associated with RAI1 mutations but only with
deletion of other genes in the region|275]. Analysis comparing phenotypes in
patients with variously sized deletions covering different genes in the region sug-
gest that the region contributing to short stature is located between partially
within the associated region, overlapping the genes sterol regulatory element
binding transcription factor 1 (SREBF1) and target of mybl-like 2 (chicken)
(TOM1L2)|275]. Our lead marker is located within phosphatidylethanolamine

151



N-methyltransferase (PEMT), which encodes an enzyme which converts phos-
phatidylethanolamine to phosphatidylcholine by sequential methylation in the
liver. The protein localizes to the endoplasmic reticulum and mitochondria as-
sociated membranes|[123] and is thought to be responsible for the fatty liver
phenotype sometimes seen in SMS[275]. microRNA 33b (MIR33B) is an uRNA
that has been found to be involved in control of cholesterol homeostasis[276],
while mediator complex subunit 9 (MED9) is a member of the mediator com-
plex of proteins that promote activation of RNA polymerase II through direct

interactions with transcription factors[123].

2.5.2.2 WCapisBMI loci

5q11.2 The 5q11.2 locus is represented by lead marker rs11743303, with association
signal for WCADIBMI extending across ~5kb of chromosome 198, ranging from
55832kb — 56030kb (see Figure 2.44). No known genes overlap this region, but
it does overlap with another SNP (rs6867983: ~ 5.8kb & ~ 0.02c¢M from lead
marker with r? = 0.71 & D’ = 1.0) reported as a suggestive association with
TG[277]. The associated region also lies &~ 116 — 314kb upstream of mitogen-
activated protein kinase kinase kinase 1 (MAP3K1), a serine/threonine kinase
that occupies a pivotal role in a network of phosphorylating enzymes integrating
cellular responses to a number of mitogenic and metabolic stimuli, including
insulin (MIM 176730) and many growth factors|[123]. Mutations in MAP3K1 are
associated with gonadal dysgenesis|278|, and a SNP within MAP3K1 (rs889312:
~ 172kb & =~ 0.44cM from lead marker with 72 = 0.005 & D’ = 0.10) has
been reported to be associated with breast cancer|279, 280], possibly as a gene-
gene interaction with breast cancer 2, early onset (BRCAZ2)[281]. It is also ~
384 — 582kb upstream of ankyrin repeat domain 55 (ANKRD55), which harbors
SNPs reported to be associated with longevity (rs415407: ~ 445kb & ~ 1.1cM
from lead marker with r* = 0.005 & D’ = 0.12)[282], Rheumatoid Arthritis
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(RA) (rs6859219: ~ 421kb & = 0.93cM from lead marker with r? = 0.008 &
D' = 0.10)[283], and Celiac Disease (CD) (rs1020388: =~ 300kb & ~ 0.71cM
from lead marker with r? = 0.003 & D’ = 0.11)[284].

Figure 2.44: Discovery stage association at 5q11.2.
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2.5.2.3 Height loci

3q21.3 The 3¢21.3 locus is represented by lead marker rs6439167, with association
signal for Height extending across ~ 3kb of chromosome 673, ranging from
130454kb— 131126kD (see Figure 2.45). Thirteen genes (C3orf25, C3orf37, COPG,
HIFOO, HIFX, HIFX-ASt, IFT122, MBD/, PLXND1, RHO, RPL32P3, SNORATB,
and TMCC1) overlap this signal region. The lead marker has been previously
reported as associated with height|70| and is located ~ 5.7kb downstream of
H1FX antisense RNA 1 (non-protein coding) (H1FX-AS1) and ~ 15.6kb up-
stream of H1 histone family, member X (HIFX). HIFX is a gene that encodes
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a member of the histone H1 family. Histones are basic nuclear proteins that
are responsible for the nucleosome structure of the choromosomal fiber in eu-
karyotes. Another gene, coatomer protein complex, subunit gamma (COPG) is

~ 54kb from the lead marker and is associated with anorexia nervosa|285].

Figure 2.45: Discovery stage association at 3¢21.3.
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14q23.1 The 14¢23.1 locus is represented by lead marker rs2093210, with associ-
ation signal for Height extending across = 14kb of chromosome 254, ranging
from 59888kb — 60142kb (see Figure 2.46). Two genes (C14orf39 and SIX6) over-
lap this region, as does a SNP associated with optic disc size and cup/disc
ratio (rs10483727: =~ 116kb & =~ 0.01cM from lead marker with r* = 0.80
& D' = 0.96)[286, 287| and an inversion that does not overlap any known
genes|[256]. The lead marker was also previously reported to be associated with
height[70], and is ~ 4.5kb upstream of chromosome 14 open reading frame 39

(C140rf39) and ~ 18.6kb upstream of SIX homeobox 6 (SIX6). Cl40rf39 is
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a protein-coding gene on the opposite strand from SIX6 and encodes the pro-
tein SIX60S1, which is of unknown function[123|. The SIX6 gene codes for
a homeobox protein and is thought to be involved in eye development. De-
fects in this gene are a cause of isolated microphthalmia with cataract type
2 (MCOPCT2)[288]. Mutations in this gene have also been associated with
anophthalmia289] and pituitary abnormalities|290]. Our associated region is
also located ~ 53 —307kb downstream from protein phosphatase, Mg2+/Mn2+
dependent, 1A (PPM1A), a gene involved in TGF beta signaling[291].

Figure 2.46: Discovery stage association at 14¢23.1.
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6q14.1 The 6q14.1 locus is represented by lead marker rs13192994, with associa-
tion signal for Height extending across ~6kb of chromosome 443, ranging from
76221kb — 76664kb (see Figure 2.47). Three genes (FILIP1, MYO6, and SENP6)
overlap this signal region, as does a previously reported association with height

(rs9360921: ~ 26kb, 0.003cM, r2=0.628, D’=0.92 with lead marker)[70]. The
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lead marker is ~ 36kb upstream of filamin A interacting protein 1 (FILIP1),
which controls the start of neocortical cell migration from the ventricular zone
and is moderately expressed in adult heart and brain. The lead marker is ~ 72kb
upstream of SUMOI1 /sentrin specific peptidase 6 (SENP6), which encodes a
SUMO-1-specific protease and was found to be highly expressed in human re-
productive organs|292|. The lead marker is also ~ 220kb upstream of myosin VI
(MYOG6), mutations in which have been found in patients with non-syndromic

autosomal dominant recessive hearing loss[293, 294].

Figure 2.47: Discovery stage association at 6q14.1.
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4q12 The 4q12locus is represented by lead marker rs2227901, with association signal
for Height extending across ~4kb of chromosome 107, ranging from 57426kb —
57533kb (see Figure 2.48). Two genes (Cjorf14 and REST) overlap this signal
region, as do SNPs associated with bleomycin (BLM) sensitivity (rs708547: ~

23kb & = 0.0006cM from lead marker with r* = 0.08 & D’ = 1.0)[295] and
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height (rs17081935: ~ 25kb & = 0.0007c¢M from lead marker with 72 = 1.0 &
D’ =1.0)[70]. The lead marker is a synonymous polymorphism within the RE1-
silencing transcription factor (REST) gene. This gene encodes a transcriptional
repressor that represses neuronal genes in non-neuronal tissues. REST has been
associated with mutagen sensitivity[295], with transcriptional and epigenetic

dysregulation of Huntington’s disease[296], and with breast cancer[297].

Figure 2.48: Discovery stage association at 4q12.
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17q21.32-q21.33 The 17¢21.32-q21.33locus is represented by lead marker rs2072153,
with association signal for Height extending across ~17kb of chromosome 2087,
ranging from 43235kb — 45322kb (see Figure 2.49). Fifty-one genes (ABIS,
ATP5G1, B4GALNT2, CALCOCO2, CBX1, CDK5RAPS, COPZ2, FAMI117A, GIP,
GNGT2, HOXB1, HOXB13, HOXB13-AS1, HOXB2, HOXBS, HOXB/, HOXB5, HOXBG,
HOXB7, HOXBS, HOXBY9, IGF2BP1, KAT7, LRRC/6, MIR10A, MIR1203, MIR152,

MIR196A1, MIR3185, MRPL10, NFE2L1, NGFR, NXPH3, OSBPL7, PHB, PHOS-
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PHO1, PNPO, PRAC, PRR15L, SCRN2, SKAP1, SLC35B1, SNFS, SNX11, SP2,
SP6, SPOP, TAC4, TTLL6, UBE2Z, and ZNF652) overlap this signal region, as
do SNPs associated with BMI (rs3764400: =~ 1266kb from lead marker)[55],
bipolar disorder (rs1035050: ~ 174kb & ~ 0.27¢M from lead marker with
r? = 0.05 & D' = 0.44)[177], cognitive performance (rs2326017: ~ 669kb
from lead marker)[298]|, coronary heart disease (rs46522: ~ 401kb & ~ 0.51cM
from lead marker with r? = 0.008 & D’ = 0.14)[273], diastolic blood pres-
sure (rs16948048: ~ 50kb & ~ 0.004cM from lead marker with r? = 0.24 &
D' = 0.87)[299, 300], ovarian cancer (rs2084881: ~ 1033kb; rs9303542: ~ 979kb
from lead marker)|301|, primary tooth development (rs6504340: ~ 773kb from
lead marker; 1s9674544: ~ 305kb & ~ 0.42c¢M from lead marker with 72 = 0.01
& D' = 0.15)[302], and prostate cancer (rs7210100: ~ 47kb & =~ 0.003cM from
lead marker with 72 = 0.002 & D’ = 1.0)[303]. In addition, the lead marker
has been previously reported as an association with height in a GWAMA|[70].
The lead marker is located within an intronic region of zinc finger protein 652
(ZNF652), a DNA binding transcription factor[304]. Gene expression studies
have shown that a SNP in modest LD with the lead marker (rs8064621: ~ 25kb
& ~ 0.002cM from lead marker with r? = 0.58 & D’ = 1.0) is strongly associ-

ated with ZNF652 expression in omental and subcutaneous adipose tissue[70].
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Figure 2.49: Discovery stage association at 17¢21.32-q21.33.
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13q931.3 The 13¢31.3 locus is represented by lead marker rs7320982, with associa-
tion signal for Height extending across ~13kb of chromosome 81, ranging from
90781kb — 90862kb (see Figure 2.50). FEight genes (GPC5, MIR17, MIR17HG,
MIR18A, MIR19A, MIR20A, MIR19B1, and MIR92A1) overlap this signal region, as
do SNPs previously associated with height (rs7319045: ~ 4kb & ~ 0.002cM from
lead marker with r? = 0.395 & D’ = 1.0;)[70, 244, 305]. The nearest gene to the
lead marker is miR-17-92 cluster host gene (non-protein coding) (MIR17HG),
located &~ 13kb downstream (= 0.004cM) from the lead marker. This gene
encodes a polycistronic primary transcript containing several mature yRNAs,
including the microRNA 17 (MIR17), microRNA 18a (MIR18A), microRNA
19a (MIR19A), microRNA 20a (MIR20A), microRNA 19b-1 (MIR19B1), and
microRNA 92a-1 (MIR92A1) genes. These puRNAs are associated with clinical

outcomes in cancer and as an oncogenic/tumor-suppressive regulator|306-312].
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Expression of one of the mature uRNA, MIR18A, was found to be significantly
increased in female over male hepatocellular carcinoma (HCC) tissues[313]. Only
slightly farther from the lead marker (= 31kb and ~ 0.012¢M) and also within
the associated region is glypican 5 (GPC5), a cell surface heparan sulfate pro-
teoglycan that may play a role in the control of cell division and growth reg-
ulation. In addition to the height variants listed above, variants near GPCSH
have also been previously reported as associated with acquired nephrotic syn-
drome (rs16946160: =~ 184kb & = 0.36c¢M from lead marker with r? = 0.006 &
D' = 0.52)[314], multiple sclerosis (rs9523762: ~ 1312kb from lead marker)[315,
316], and lung cancer risk (rs2352028: ~ 425kb & ~ 0.72¢M from lead marker
with 72 = 0.006 & D' = 0.29)[317].

Figure 2.50: Discovery stage association at 13¢31.3.
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2q37.1 The 2¢37.1 locus is represented by lead marker rs7598759, with associa-

tion signal for Height extending across ~ 2kb of chromosome 988, ranging
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from 232030kb — 233018kb (see Figure 2.51). Seventeen genes (ALPP, ALPPL2,
LINC00471, C2rf57, COPSTB, DIS3L2, ECEL1P2, MIR1244-1, MIR1244-2, MIR12//-
3, MIR1471, NCL, NMUR1, NPPC, PDE6D, PTMA, and SNORDS2) overlap this
signal region, and two markers within the region have been previously reported
to be associated with body height (rs749052: ~ 475kb & =~ 0.68cM from lead
marker with 7% = 0.01 & D’ = 0.41)[70, 238|. Our lead marker is intronic within
nucleolin (NCL) which is a eukaryotic nucleolar phosphoprotein involved in syn-

thesis and maturation of ribosomes|123].

Figure 2.51: Discovery stage association at 2¢37.1.

20937.1 in HEIGHT

0t 0D OO0 OMIE A RO FTRNVR T O AU 0 WRNRUROOE OO OO OO 0O OO 0 A0 T

5| 3759 - 100
0.8 " " n

(a/ND) B1el UoRUIGWIODDY

B3(’.;: NT7—=> C20rr57—> PTI\ﬂA—> <—MI|?1471 DIS3L2—> ALPF.‘L2—>
<-NCL <-PDE6D <-NPPC ALPP— <-ECEL1
- H— | . -
<-SNORA75 COP-SZB—> <—ECIIEL1P2
[
<-SNORD20 ALF.’I—*
1
T I I I I I
232 232.2 232.4 232.6 232.8 233

Position on chr2 (Mb)

5@35.1 The 5¢35.1 locus is represented by lead marker rs13183458, with associ-
ation signal for Height extending across ~ 5kb of chromosome 765, ranging
from 167846kb — 168611kb (see Figure 2.52). Seven genes (FBLL1, MIR103A1,
MIR103B1, MIR218-2, PANK3, RARS, SLIT3) overlap this signal region, as does

a SNP previously reported as associated with height (rs4282339: ~ 49kb &
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~ 0.19¢M from lead marker with 7* = 0.03 & D’ = 0.26)[70]. The lead marker
is an intronic variant within the slit homolog 3 (Drosophila) (SLITS3) gene.
Cloning and expressions of three mammalian homologues of Drosophila slit
suggest possible roles for Slit in the formation and maintenance of the nervous
system[318]. SLT3 protein may act as a molecular guidance cue in cellular migra-
tion, and its function may be mediated by interaction with roundabout homolog

receptors. SLIT3 was also suggested to be associated with schizophrenia[319].

Figure 2.52: Discovery stage association at 5¢35.1.
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2.5.2.4 Weight loci

12q24.31 The 12q24.51 locus is represented by lead marker rs12812519, with asso-
ciation signal for Weight extending across ~ 12kb of chromosome 2061, rang-
ing from 120422kb — 122484kb (see Figure 2.53). Thirty-eight genes (ABCBY,

ARL6IPj, BS3GNT/, BCL7A, C12orf65, CCDC62, CDK2AP1, CLIP1, DENR, DIA-
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BLO, HCAR1, HCAR2, HCARS, HIPIR, HPD, IL31, KDM2B, KNTC1, LRRC/3,
MIR4304, MLXIP, MORN3, MPHOSPH9, OGFOD2, ORAIl, PITPNM2, PSMDY,
RHOF, RILPL2, RSRC2, SBNO1, SETD1B, SETDS, TMEM120B, VPS33A, VPSS1B,
WDRG66, ZOCHCS) overlap this signal region, as do SNPs associated with platelet
count (rs7961894: ~ 122kb & =~ 0.21cM from lead marker with 72 = 0.02 &
D' = 0.34)[320], Parkinson Disease (rs12817488: ~ 891kb from lead marker)[321],
and body height (rs11830103: ~ 1418kb from lead marker)[70]. Our lead marker
is located within B-cell CLL/lymphoma 7A (BCL7A ) gene, which is directly in-
volved, along with Myc and IgH, in a three-way gene translocation in a Burkitt
lymphoma cell line[123]. As a result of the gene translocation, the N-terminal
region of the gene product is disrupted, which is thought to be related to the
pathogenesis of a subset of high-grade B cell non-Hodgkin lymphoma|322|. The
N-terminal segment involved in the translocation includes the region that shares
a strong sequence similarity with those of B-cell CLL/lymphoma 7B (BCL7B)
and B-cell CLL/lymphoma 7C (BCL7C). Two transcript variants encoding dif-

ferent isoforms have been found for this gene.
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Figure 2.53: Discovery stage association at 12¢24.51.
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1g25.2 The 1¢25.2 locus is represented by lead marker rs543874, with association

signal for Weight extending across =~ 1kb of chromosome 61, ranging from
176119kb — 176180kb (see Figure 2.54). One gene (SEC16B) overlaps this sig-
nal region. The lead marker is in a conserved transcription factor binding site
(TFBS) and has been previously reported as an association with BMI[55|. The
signal region also contains two other SNPs with previously reported trait asso-
ciations for age at menarche (rs633715: ~ 37kb & ~ 0.009¢M from lead marker
with 72 = 0.917 & D’ = 0.957), and for weight and BMI (rs10913469: =~ 24kb &
~ 0.019c¢M from lead marker with r* = 0.959 & D’ = 1.0)[149]. Our lead marker
is located ~ 8kb downstream of SEC16 homolog B (S. cerevisiae) (SEC16B), a
mammalian homolog of S. cerevisiae Sec16 that is required for organization of
transitional ER sites and protein export[323, 324]. This gene may be involved in

the regulation of the effect of Ca2+ on liver cell functions and may play a pivotal
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role in maintaining liver cell homeostasis and function. The associated region is
also located ~ 149 — 210kb upstream of RAS protein activator like 2 (RASAL2),
a Ras activating protein that regulates Ras activity, which is involved in cell

growth and differentiation|325].

Figure 2.54: Discovery stage association at 1¢25.2.
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2.5.3 Sex-specific analysis methods

2.5.3.1 Anthropometric phenotypes

The anthropometric traits we examined are height (¢m), weight (kg), BMI (%, com-
puted as weight divided by height squared), WC (¢m), HC (¢m), and WHR (unitless).
The latter three were analyzed both with and without adjustment for BMI, yielding
nine phenotypes in total (height, weight, BMI, WC, HC, WHR, WCaADJBMI, HCAD-
JBMI, and WHRaADJBMI). Phenotypes were normalized by individual studies but us-

ing a consistent transformations across studies. All traits except for height used an
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inverse-normal transform (see Section 1.2.2.2) to ensure normality and consistency
across studies and between men and women. All studies also adjusted for age by
including age and age? as covariates in the regression model, along with BMI for the
three BMI-adjusted phenotypes. Some studies also included additional covariates such
as principal components (see Section 1.2.5.3) or subpopulation identifiers to correct

for population stratification within the study.

2.5.3.2 Discovery GWAS

We included 46 discovery studies (60,586 men, 73,137 women) on height, weight and
BMI, 34 studies (36231 men, 45192 women) on WC, 33 studies (34,942 men, 43,316
women) on HC and 32 studies (34,629 men, 42,969 women) on WHR. Each of the
discovery studies was genotyped using Affymetrix or Illumina genotyping arrays. To
enable meta-analyses across different SNP panels, each group performed genotype
imputation using HapMap phase 2[20] HapMapr population comprising samples from
the CEPH collection (Utah residents with ancestry from northern and western Europe)

(CEU) using MACH|64], IMPUTE|27] or BimBam|326].

2.5.3.3 Follow-up studies

For the follow-up stage, we included data from in silico GWAS as well as studies

performing genotyping using the custom MetaboChip array.

in silico GWAS studies: We included 18 studies (20,340 men, 41,872 women) for
height, weight, and BMI and 14 studies (11,225 men, 32,610 women) for WC, WCAD-
JBMI, HC, HCADJBMI, WHR and WHRADJBMI genotyped via genome-wide SNP chips

with subsequent imputation much like the Discovery GWAS (see Section 2.5.3.2).

MetaboChip studies: We also included 28 studies (42,055 men, 32,785 women)
for height, weight and BMI and 26 studies (36,671 men, 28,326 women) for WC,
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WCaADIBMI, HC, HCADJBMI, WHR and WHRaADJBMI genotyped via a custom iSE-
LECT array known as “MetaboChip” which contains ~ 195K SNPs submitted by
several consortia performing GWAMA on traits such as T2D, lipid & glycaemic traits,
and anthropometric traits. Some SNPs from a preliminary version of our sex-specific
discovery stage analysis were submitted to the MetaboChip effort and were included

in the design.
2.5.3.4 Analyses and quality control on the study level

Each study conducted sex-stratified association testing between the genotyped or im-
puted SNPs and each of the nine anthropometric phenotypes under an additive genetic
model. Case/control studies additionally stratified by case/control status. In each
study, the additive genetic effect for each SNP was estimated using a linear regression
model on the transformed phenotypes using software packages such as MACH2QTL,
SNPTEST|27], ProbABEL[327], GenABEL|328], Merlin[329] or PLINK]37]. Details
on the study-specific analysis software were given previously (see Sections 2.1, 2.2,
and 2.3 as well as Speliotes et al. [55]||55],Heid et al. [54]|54], andLango Allen et al.
[70]]70].

All study-specific files were processed by standardized QC routines that included
checks of allele frequencies, compliance with Hapmap alleles, file completeness, num-
ber of markers, and ranges of test-statistics. We excluded monomorphic SNPs, SNPs
with minor allele count (MAC) less than or equal to 3 (MAC = MAF *x N; MAF
multiplied by sample size), and SNPs with low imputation accuracy as represented by
information content measures (7’A2 < 0.3 in MACH, or BIMBAM; proper;nfo < 0.4 in
IMPUTE (see Section 1.2.3.1)[27, 58, 64]).

2.5.3.5 Genome-wide sex-difference analysis

In the genome-wide sex-difference analysis, we selected SNPs according to the p-

value for sex-difference using an adjusted version of Welch’s T-test|97] (see Sec-
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tion 1.3.1.4). In the adjusted version, the SE of the difference was adjusted using
the Spearman rank correlation coefficient calculated across all SNPs genome-wide
(see Section 1.3.1.4 and (1.21)). For each SNP, we used (1.19) and set /1 to the
effect estimate in men and Sy to the effect estimate in women that resulted from
the meta-analysis of the follow-up studies. For SEgf, we used (1.21), setting SE;
to the standard error in men and SFE5 to the standard error in women, and using
the Spearman rank correlation coeffecient calculated between ; and [y across all
SNPs genome-wide as 71 5. We then used a normal approximation to calculate the

sex-difference p-value from the resulting T-statistic[97].

The correlation coeffecient r; o ranged from 0.04 to 0.18 across phenotypes, which
likely reflects some relatedness between men and women within the studies, although
it could also represent a high number of associated SNPs (perhaps of very small
effect). To correct for multiple testing, the sex-difference p-values for each of the
~ 2.8M SNPs and each of the nine traits were concatenated, totaling ~ 25.2M sex-
difference p-values. Benjamini-Hochberg FDR|[103| (see Section 1.3.3.3) was applied
to the full set of ~ 25.2M p-values to control FDR across all SNPs and phenotypes.
This selection procedure did not yield any significant associations at either a 5% FDR

or a 20% FDR.

2.5.3.6 Sex-specific multi-stage analysis

Sex-specific standard errors and p-values from each participating study were GC cor-
rected|76] using the Agc values calculated for the genome-wide results for each phe-
notype. Following GC correction, [ estimates were meta-analyzed using the inverse-

variance fixed effect method as implemented in METAL[99] (see Section 1.3.1.3).

We also performed sample-size weighted Z-score meta-analysis (see Section 1.3.1.2) as
a QC measure, but it yielded similar results and thus only the results of the inverse-
variance are reported.In the discovery stage, a total of 2,971,914 SNPs were analysed

in each of the 18 meta-analyses (9 phenotypes , each in both men and women).
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For each SNP, we annotated the genetic position in ¢M by using the genetic map
data from HapMap release 22[24]. For SNPs without available genetic position data in
HarMaP release 22, we approximated the genetic position by calculating the weighted
average of the genetic positions of the two nearest HapMap SNPs, one from the 3’ and
one from the 5 direction, with the weights chosen to be proportional to the inverse

of the physical distance (in bp) from the SNP to each of the two HapMap SNPs.

To correct for multiple testing, we concatenated the p-values resulting from all 18
meta-analyses together in yield a list of 50,586,560 p-values (i.e. 2sexesx9phenotypesx ==
2.8 M SNPs). We then controlled for FDR at a 5% level, simultaneously correcting for
the multiple comparisons made across the SNPs, strata, and phenotypes[103]. This
procedure identified 20,215 SNPs with ¢ — value < 0.05. This list of SNPs was then
pruned to obtain a list of independent SNPs for follow-up using genetic distance. In
this procedure, we first took the SNP with the lowest g-valueand defined it as the
lead SNP for a locus, then proceeded through the remaining SNPs sorted in ascending
g-valueorder, associating any SNP within 0.2¢M of an existing locus as a member of
that locus and identifying any SNP that does not belong to an existing locus as a lead
SNP for a new locus. This procedure yielded 619 independent loci, the lead SNPs of

which were all carried forward to follow-up.

2.5.3.7 Follow-up and joint meta-analyses

For each SNP selected for follow-up and specifically for the phenotype that the SNP
was selected for, we conducted sex-specific follow-up meta-analyses using the same
statistical models as the discovery stage (additive genetic effect, same phenotype
transformations and covariates, fixed effect model). We conducted the follow-up
meta-analyses in two stages. In the first stage, we performed two meta-analyses:
one on the set of in silico studies with genome-wide data and another on the set
of MetaboChip studies. We then performed a 2-way meta-analysis of the results of

those two analyses.
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Sex-specific standard errors and p-values were also GC corrected in the same man-
ner as in the discovery stage for follow-up studies with genome-wide data. For the
MetaboChip studies, in which genome-wide data was not available, a subset of 4,427
SNPs present on the MetaboChip due to selection for QT-interval associations (QT-
SNPs) were used to calculate A\go in order to avoid overestimating Agc due to pre-
viously known associations with anthropometric traits. QT-SNPs were used for A\gco
calculation since they were a priori the least likely to be associated with anthropo-

metric traits.

Next, a joint meta-analysis combining the results of discovery and follow-up stage was
conducted, again using the inverse-variance fixed effects method. SNP associations
with a joint p(discoveryandfollow —upcombined) < 5x 107 were considered genome-
wide significant. Among these, loci close to and correlated with (within 1Mb and
r? > 0.2) previously published anthropometric trait associated SNPs[3, 54, 55, 70|
were identified as “near” previously published loci, and otherwise were identified as

novel associations.

We then tested for sex-difference using only the follow-up data and in a similar manner
to the discovery stage, except without using the adjusted SEy;fference, since that
could be biased by the small number of SNPs in the metabochip. This resulted in a

p-value for sex-difference (pseqairy) for each of the associated SNPs.

Among the genome-wide significant SNP, we characterized the strength of evidence
for sex-difference by using a Bonferroni correction (see Section 1.3.3.1 to obtain a
threshold for significant pseqqifr and a nominal threshold of 0.05 for suggestive sex-
difference. Using this procedure, SNPs with pgegairr < 0.05/205 were identified as
having significant sex-difference and those with pgezairr < 0.05 were identified as
having suggestive sex-difference, while the remaining SNPs with psezqifr > 0.05 were

considered as having no evidence of sex-difference.
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2.5.3.8 Age-stratified sex-specific meta-analysis

For the genome-wide significant signals that showed significant or suggestive sex dif-
ference in the SNP effect, each study partner of the discovery stage conducted another
association analysis stratified by both sex and age group (> 50years, < 50years) but

otherwise using the same models as described above.

2.5.3.9 Association with other phenotypes

The lead marker of the 2¢24.3 locus, rs6717858, is associated with WHRADJBMI in
women has also showed suggestive associations in the Global Lipids Genetic Con-
sortium (GLGC) for HDL-C and TG[330] and in the Meta-Analyses of Glucose and
Insulin-related traits Consortium (MAGIC) for FI|69]. The T allele of rs6717858 was
associated with decreased levels of HDL-C (p = 2.3 x 107%) and an increase in TG
(p = 1.1 x 107°) and FI (p = 1.1 x 107°) in women, but not in men (p = 0.88,

p = 0.08, and p = 0.16, respectively).

The women-specific association of rs11743303 with WHRADJBMI at the 5¢11.2 locus
also had suggestive sex-specific association with TG (p = 1.1 x 1075 in women and

p = 0.08 in men)|[330].

While the association of rs1358980 at 6p21.1 had a women-specific effect on WHRAD-
JBMI, the association of rs1358980 with HDL-C (p = 1.5 x 107°) and TG (p =
8.8 x 1077) was specific to men (p-values in women were p = 0.02 and p = 0.02,

respectively).

At 3p25.1, rsd684854 was associated with WHRapJBMI in women and also showed
suggestive association in GLGC with total cholesterol in women (p = 1.7 x 107°) but

also had similar association in men (p = 4.4 x 107%).
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2.5.4 Discussion

2.5.4.1 Summary of findings

To interrogate the sex specific genetic architecture of anthropometric traits in au-
tosomes, we conducted sex-specific meta-analysis of genome-wide association results
and follow-up partly utilizing the Metabochip including over 270,000 individuals from
92 Studies from the GIANT consortium. We found six novel associations for height,
WHRADIBMI, and WCapsBMI which also displayed significant or suggestive evidence

for sex difference.

Few GWAS efforts have interrogated possible genotype-by-sex interaction. Those
studies that have typically interrogate the top genome-wide significant findings only.
We were interested to determine whether such an approach misses true loci with sex
specific effects. While there is power in sex-combined scans to detect signals that are
apparent in one sex but less pronounced in the other (CED), sex-stratified analyses
would have better power to identify signals that completely disappear in one sex or

signals that show opposite effect direction for men and women (OED)

Thus, the extent to which we may have previously missed sexually dimorphic signals
would largely depend on whether signals with opposite effect direction (OED) exist.
In our analyses, we did not detect any OED signals across nine anthropometric traits

in our investigation controlling the false discovery rate of 5%.

2.5.5 Conclusion

Our investigation underscores the importance of considering sex-differences in an
interrogation of the genetic architecture of anthropometric traits and has employed
sex-specific analyses to identify several novel associations with human anthropometric
traits. The numerous sex-specific associations found for thewWCapsBMI, WHRADJBMI,

and height phenotypes suggest a strong influence of sex on the genetics of those traits,

172



while our failure to detect sex-specific associations in BMI suggest the possibility of

a less sexually dimorphic pattern in the genetics of overall obesity.
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Chapter 3

Evaluation of summary-statistics
meta-analyses compared to
individual-level analyses

Combining individual level data into a single analysis (mega-analysis) has been un-
dertaken for some GWAS meta-analyses[331-333], although many more large-scale
analyses have performed meta-analyses of summary statistics[3-5, 54, 55, 57, 65, 68—
71, 149, 208, 236-238, 258, 259, 331, 334-336| using one of the methods described
in Section 1.3.1. This may be owing more to political and privacy concerns inherent
in sharing such low-level data rather than to a technical advantage of one method
over the other, but to my knowledge no comparison between the various methods
has been made, so it may be difficult for study designers to evaluate which method
would be preferred for future work. In this chapter I aim to compare the performance
of various methods of meta-analysis and mega-analysis is order to characterise the
relative merits of meta-analysis and mega-analysis in the context of large-scale GWAS

under various conditions.

3.1 Meta/mega-analysis in homogeneous populations

In a realistic analysis of any kind, heterogeneity is likely to be present due to at least

some degree of population stratification[331]. However, it may be informative to first
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examine meta- and mega-analysis methods under a condition with no population-
based stratification present in order to determine the baseline power of the methods
themselves without the addition of corrections for stratification which complicate the

analyses, although they are typically applied in such meta-analyses|67].

In a homogeneous population in which no correction for population stratification is
required, simulations of a single SNP can be used to evaluate various methods of meta-
and mega-analysis since there is no need to model LD patterns or to use correction
methods that are based on a large set of SNPs with no true trait association (see
Section 1.2.5.1). For these simulations, the total number of samples was fixed at 2,500
while other parameters including the effect size of the SNP, the number of studies the
samples were broken into for meta-analysis, and the degree of genotyping uncertainty
was varied. For each iteration of the simulation, a single common variant was chosen
to be the effect SNP from the set of 2,786 SNPs on chromosome 21 with average MAF
between 40%-50% in the HapMap phase 3[46] CEU population. The genotypes for
the effect SNP were then simulated for each sample by randomly assigning genotype
based on the genotype frequencies from the HapMap phase 3[46] CEU population. A
quantitative phenotype was also simulated conditional on the simulated effect SNP
genotype: for each sample within a population, a random value was drawn from a
normal distribution as the base phenotype value, and an additive genetic model was
used to add the simulated effect size (effect per allele) to that base value for each
copy of the effect allele present at the effect SNP to yield the final phenotype value

for that simulated individual.

When varying the number of studies, the total sample of 2,500 samples was divided
into Ngiyaies studies each comprising at least Nygmpies = L%J (the fraction of the
total 2,500 sample size rounded down to the nearest integer). In order to bring the

total sample size across all studies to exactly 2,500, one additional sample was added

to k of the studies, where k = 2,500 — Nggmpies X Nstudies-
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When varying the degree of genotype uncertainty, the genotypes were simulates as
above, and then a procedure was used to simulate calling error. Briefly, the simulated
true genotype was first mapped onto a cartesian plane with each point located a
radius of 1 from the origin, with the two homozygous genotypes mapped to a points
at (0,1) and (1,0) and the heterozygous genotype mapped to a point at (\%, \%)
Next, error was introduced into the position on both the x and y axes by drawing
two error values from a normal distribution with mean 0 and standard error equal to
the degree of genotype uncertainty. The probability of belonging to each of the three
clusters was then approximated using a simplistic genotype calling algorithm based
on the relative distance to each of the three true genotype cluster centres, with the
highest probability assigned to the closest genotype cluster and the lowest probability
to the farthest genotype cluster. The formula also had the property that if the point
was at the midpoint between two clusters, the probability of belonging to those two

genotypes would be equal in the resulting genotype uncertainty data.

Meta-analysis: Fisher’s method In the meta-analysis using Fisher’s method[91],
the genotype and phenotype data was tested for association within each simu-
lated study using the missing data likelihood score test method implemented in
SNPTEST|27]. The 8 and SE from each study were then used to calculate a p-
value for each study, and that p-value was then pooled using Fisher’s combined
probability test[90] (described in Section 1.3.1.1), using a custom GNU R|[41]
script to generate a single p-value according to Equation 1.11, which was then

recorded as the output p-value from this method.

Meta-analysis: WZ In the meta-analysis using the WZ method|93|, the genotype
and phenotype data was tested for association within each simulated study using
the missing data likelihood score test method implemented in SNPTEST|27].
The g and SE from each study were then used to calculate a p-value and that

p-value along with the sample size was used in a WZ meta-analysis[93] (see
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Section 1.3.1.2) implemented in METAL[99]. The resulting p-value was recorded

as the output p-value from this method.

Meta-analysis: IV fixed In the meta-analysis using the IV fixed-effects method|94],
the genotype and phenotype data was tested for association within each sim-
ulated study using the missing data likelihood score test method implemented
in SNPTEST|27|. The 8 and SE from each study were then used in a IV fixed-
effects meta-analysis[94] (see Section 1.3.1.3) implemented in GWAMA[337].

The resulting p-value was recorded as the output p-value from this method.

Meta-analysis: IV random In the meta-analysis using the IV random-effects method|96],
the genotype and phenotype data was tested for association within each simu-
lated study using the missing data likelihood score test method implemented in
SNPTEST|27]. The 8 and SE from each study were then used in a IV random-
effects meta-analysis[96] (see Section 1.3.1.3) implemented in GWAMA[337].

The resulting p-value was recorded as the output p-value from this method.

Mega-analysis In the mega-analysis, the genotype and phenotype data from each
study were first merged into a single data set. The combined data were then
tested for association using the missing likelihood score test method imple-
mented in SNPTEST|27]. The resulting p-value was recorded as the output
p-value from this method. No corrections were performed based on study or
population identity since the simulated populations across all studies were all

drawn from the same population.
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Figure 3.1: Power of five different analysis methods based on simulations of five
homogeneous populations of 500 samples each across different effect sizes.
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The power analysis across effect sizes shows (Figure 3.1) that the mega-analysis has
approximately the same power as the meta-analysis methods based on WZ[93] and 1V
fixed-effects methods|94], while the meta-analysis based on Fisher’s method[91] and
the IV random-effects method[96] had somewhat less power. The three top methods
reached 80% power at an effect size of ~ 0.185 standard deviations, while Fisher’s
method[91] did not reach 80% power until an effect size of ~ 0.203 and the IV random-

effects method did not reach 80% power until the effect size reached ~ 0.214.
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Figure 3.2: Power of five different analysis methods based on simulations of five
homogeneous populations of 500 samples each across varying degrees of genotype
uncertainty.
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The power analysis across varying degrees of genotype uncertainty shows (Figure 3.2)
that as the degree of genotype uncertainty increases and the power curve moves into
the linear region, the mega-analysis has about 10% more power than any of the meta-

analysis methods.
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Figure 3.3: Power of five different analysis methods based on simulations of 2,500
samples split into varying numbers of studies for meta-analysis.
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The power analysis across varying number of studies (Figure 3.3) shows clearly that
the power of Fisher’s method|91] of meta-analysis declines substantially as the number
of studies increases. The power of the mega-analysis as well as both the Wz|93] and IV
fixed effects meta-analyses[94] appear to remain approximately equal across the range
of Ngpugies simulated here. The limitation on Ngyges was SNPTEST|[27], whose tests

require large sample size and therefore does not run tests for Nggmpres < 100.

3.2 Meta/mega-analyses in the presence of within-
study population stratification

When population stratification is present with a study, the power of the various

meta-analysis methods could be different based on the method used to correct the
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population stratification. Some of these methods, such as GC (Section 1.2.5.2) and
PCA (Section 1.2.5.3), require a large set of markers with no true association with
the phenotype. Therefore, in order to simulate realistic analyses in the presence of
population stratification it is necessary to simulate, in addition to an effect SNP, a

large number of SNPs without true trait association.

For these simulations, the number of simulated studies was fixed at five, each one
comprising 500 samples for a total of 2,500 samples. In order to simulate realistic
patterns of LD, reference haplotypes and fine-scale recombination maps|338| from
HarMaP phase 3[46] were used to simulate a realistic set of population control geno-
types using HAPGEN2[89], being careful to ensure that each of the HAPGEN?2 ran-
dom seeds was unique by running no more than one instance per second and checking
the random seed values for collisions after running all iterations. Simulation of a
full set of genome-wide SNPs would be computationally intensive to run in numerous
simulation iterations, so as a compromise a smaller set of markers consisting of all
19,306 markers with genotypes in HapMap phase 3|46] on chromosome 21 was used to
represent a genome-wide set of SNPs. For each iteration of the simulation, a common
variant was chosen to be the effect SNP from the set of 2,786 SNPs with average
MAF between 40%—50% across the four HapMap phase 3[46| populations used in the

simulation.

A quantitative phenotype was then simulated for each of several different effect sizes,
dependent on genotype at the effect SNP. For each sample within a population, a
random value was drawn from a normal distribution with mean (z) and standard
deviation (SD) given in Table 3.1 and an additive genetic model was used to add the
effect size (effect per allele) to that value for each copy of the effect allele present at

the effect SNP.

The genotype and phenotype data generated within each iteration and effect size were

then tested for association using each of several methods:
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Table 3.1: Population mean and standard deviation used in simulations.

HapMap phase 3[46] Population Mean Standard Deviation

GIH 160 11
MXL 165 12
CEU 170 10
CEU+TSI 175 9
TSI 180 8

Meta-analysis: Fisher’s method & GCC In the meta-analysis using Fisher’s method|91]
& GCC, the genotype and phenotype data was tested for association within
each simulated study using the missing data likelihood score test method im-
plemented in SNPTEST|27]. The g and SE from each study were then used
to calculate a p-value for each SNP and A\gc was calculated based on the p-
values of all SNPs according to the method described in Section 1.2.5.2. That
GC parameter was then used to correct the p-value for each SNP according to
Equation 1.7, and the p-values from each study were then pooled using Fisher’s
combined probability test|90] (described in Section 1.3.1.1), using a custom
GNU R|41] script to generate a single p-value for each SNP according to Equa-

tion 1.11, which were then recorded as the output p-values from this method.

Meta-analysis: WZ & GCC In the meta-analysis using the WZ method[93] & GCC,
the genotype and phenotype data was tested for association within each sim-
ulated study using the missing data likelihood score test method implemented
in SNPTEST|27]. The 8 and SE from each study were then used to calculate
a p-value for each SNP and Agc was calculated based on the p-values of all
SNPs according to the method described in Section 1.2.5.2. That GC parameter
was then used to correct the p-value for each SNP according to Equation 1.7,
and the p-value and sample size were used in a WZ[93| meta-analysis (see Sec-
tion 1.3.1.2) implemented in METAL[99]. Finally, the p-values resulting from
the meta-analysis across all SNPs were used to calculate an overall Aqc, which

was then used to generate a corrected p-value for each SNP, again according to
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Equation 1.7, which were recorded as the output p-values from this method.

Meta-analysis: IV fixed & GCC In the meta-analysis using the 1V fixed-effects
method|94| & GCC, the genotype and phenotype data was tested for associa-
tion within each simulated study using the missing data likelihood score test
method implemented in SNPTEST|[27|. The 8 and SE from each study were
then used to calculate a p-value for each SNP and A was calculated based on
the p-values of all SNPs according to the method described in Section 1.2.5.2.
That GC parameter was then used to correct the SE for each SNP according
to Equation 1.8, and the g and SE were then used in a IV fixed-effects meta-
analysis|94] (see Section 1.3.1.3) implemented in GWAMA[337]. Finally, the 8
and SE resulting from the meta-analysis across all SNPs were again used to cal-
culate an overall A\q¢c and that was used to generate a corrected p-value for each
SNP, again according to Equation 1.8, and the resulting p-values were recorded

as the output p-values from this method.

Meta-analysis: IV random & GCC In the meta-analysis using the IV random-
effects method[96] & GCC, the genotype and phenotype data was tested for
association within each simulated study using the missing data likelihood score
test method implemented in SNPTEST|[27|. The 8 and SE from each study were
then used to calculate a p-value for each SNP and Agc was calculated based on
the p-values of all SNPs according to the method described in Section 1.2.5.2.
That GC parameter was then used to correct the SE for each SNP according to
Equation 1.8, and the 8 and SE were then used in a IV random-effects meta-
analysis|96] (see Section 1.3.1.3) implemented in GWAMA|337]. Finally, the 8
and SE resulting from the meta-analysis across all SNPs were again used to
calculate an overall A\qc and that was used to generate a corrected p-value for
each SNP, again according to Equation 1.8, which were recorded as the output

p-values from this method.
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Mega-analysis: GCC In the mega-analysis using GCC, the genotype and phenotype
data from each study were first merged into a single data set. The combined
data were then tested for association using the missing likelihood score test
method implemented in SNPTEST[27]. The 8 and SE output from SNPTEST
for each SNP was then used to calculate a p-value for each SNP and \gc was
calculated based on the p-values of all SNPs according to the method described
in Section 1.2.5.2. That GC parameter was then used to correct the p-value for
each SNP according to Equation 1.7, which were finally recorded as the output

p-values from this method.

Mega-analysis: population covariates In the mega-analysis using population iden-
tifiers as covariates, the genotype and phenotype data from each study were first
merged into a single data set. The combined data were then tested for associa-
tion using the missing likelihood score test method implemented in SNPTEST|[27]
and including a population identifier as a covariate. The resulting p-values were

recorded as the output p-values from this method.

Mega-analysis: population covariates & GCC In the mega-analysis using pop-
ulation identifiers as covariates with GCC, the genotype and phenotype data
from each study were first merged into a single data set. The combined data
were then tested for association using the missing likelihood score test method
implemented in SNPTEST|27] using a population identifier as a covariate. The
B and SE output from SNPTEST were then used to calculate a p-value for each
SNP and Agc was calculated based on the p-values of all SNPs according to
the method described in Section 1.2.5.2. That GC parameter was then used to
correct the p-value for each SNP according to Equation 1.7, which were recorded

as the output p-values from this method.

Mega-analysis: PCA with three PCs In the mega-analysis using PCA with three
PCs, the genotype and phenotype data from each study were first merged into

a single data set and converted to PED format for processing by Eigensoft[83],
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which was then used to calculate the first three PCs based on the full data set.
The combined data were then analysed by SNPTEST for genotype-phenotype
association using the three PCs as covariates, using the missing likelihood
score test method|27]. The resulting p-values were recorded as the output p-

values from this method.

Mega-analysis: PCA with three PCs & GCC In the mega-analysis using PCA
with three PCs with GCC, the genotype and phenotype data from each study
were first merged into a single data set and converted to PED format for pro-
cessing by Eigensoft[83|, which was then used to calculate the first three PCs
based on the full data set. The combined data were then analysed by SNPTEST
for genotype-phenotype association using the three PCs as covariates, using the
missing likelihood score test method[27]. The 5 and SE output from SNPTEST
were then used to calculate a p-value for each SNP and A\ was calculated based
on the p-values of all SNPs according to the method described in Section 1.2.5.2.
That GC parameter was then used to correct the p-value for each SNP according

to Equation 1.7, which were recorded as the output p-values from this method.

Each of the above analysis methods resulted in a list of SNPs with a p-value for
each. These analysis results were post-processed by sorting the list of SNPs by p-
value and then assigning each SNP into an independent locus (using the pruning
procedure described in Section 1.3.2.1). A locus was defined using a threshold of 0.2cM
based on the HapMapr phase 2[20] genetic map|338]. The lead marker (representing
the independent locus) of the effect SNP was then identified and the p-value of that
locus checked to see if it exceeded the GWS threshold of p < 5 x 1078, If it did, this
was recorded as a true positive event, and if not it was recorded as a false negative
event (type II error). Next, a list of independent loci excluding the effect SNP locus
that exceeded the GWS threshold of p < 5 x 107® was generated and the count of

those loci was recorded as the number of false positive events (type I errror). Finally,
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the list of independent loci was counted and that count, minus the one true effect

locus, was recorded as the number of true negative events.

For each analysis method and effect size combination, the power was determined
by dividing the number of true positive events divided by the total number of true
events (equal to the number of iterations since there was a single effect locus sim-
ulated for each). The specificity was also calculated as the number of true nega-
tive events divided by the sum of true negative events plus false positive events.

Power and specificity were plotted against effect size for each analysis method (Fig-

ures 3.4 & 3.5).

The results of the simulation show that across all effect sizes, the mega-analysis using

population covariates appeared to be the most powerful (Figure 3.4). While this

Figure 3.4: Power of nine different analysis methods based on simulations of five
populations of 500 samples with 10% within-study heterogeneity.
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is true, it is important to note that this analysis does not include a correction for
population stratification within studies, so the assumptions of that analysis are that
there is no population stratification within studies. However, since all five constituent
studies were simulated with substantial population stratification included each study,
this analysis would be likely to have a high false-positive rate. Indeed, as can be
seen in the plot of specificity versus effect size, this analysis has a substantially lower
specificity (and therefore a much higher false-positive rate) than any of the other

analysis methods (Figure 3.5) in this simulation.

Figure 3.5: Specificity of the nine different analysis methods based on simulations of five
populations of 500 samples with 10% within-study heterogeneity.
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After performing genomic control correction (GCC) on the mega-analysis using pop-
ulation covariates, the power dropped by ~ 23% (Table 3.2), which is consistent with

a high degree of population stratification being found within the studies.
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Excluding the mega-analyses using population covariates, the next highest power was
obtained from the mega-analysis correcting for stratification using PCA. The PCA cor-
rection mega-analyses were performed both with and without an additional GCC, and
the version without an additional correction had higher power than the one with an
additional correction, although both had similarly good specificity (Figure 3.5). Per-
forming the additional GC correction on the PCA corrected data resulted in a loss of

power of ~ 9.5%, while the specificity was not noticeably improved (Table 3.2).

Comparing the mega-analysis with PCA correction to the best meta-analysis method,
which was TV fixed effects with|94] GCC, we see that in the presence of within-study
heterogeneity we have ~ 20% greater power using mega-analysis with PCA than meta-
analysis with GCC when within the linear region of the power curve. See Figure 3.6
for more detail on this region of the power curve and Table 3.2 for the average power
of each method within this region. Based on GWApower data|339], the approximate
number of samples needed for the best meta-analysis method (IV fixed effects[94]) to
make up for the loss in power over the best mega-analysis method (mega-analysis with
PCA correction) under the conditions of unreported heterogeneity within studies, is
~ 58b—a meta-analysis with total sample size of 3,085 would have approximately
the same power as a mega-analysis with total sample size of 2,500 (23.4% additional

samples).

Within the linear region of the power curve a comparison between the meta-analysis
methods showed that the TV fixed effects method[94] was consistently the most power-
ful, with the WZ method averaging only slightly less (0.48%) power and the IV random
effects method|96] having a 8.08% reduction in power, which is as expected given that
the simulated effects were actually fixed across studies. Fisher’s method|91] had more
variability (Figure 3.6), but averaged 6.4% less than the 1V fixed effects method[94],
making it slightly more powerful than the TV random effects method|96] on average,
although it should be noted that having exactly equal sample sizes across the five

studies as we do here may put Fisher’s (unweighted) method at an advantage.
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Table 3.2: Power of nine different analysis methods based on simulations of five
populations of 500 samples with 10% within-study heterogeneity, averaged over effect sizes
between 0.16-0.2 standard deviations per allele (within the linear range of the power

curve).
Analysis Method Average Power
Meta-analysis: Fisher’s method & GCC 42.96%
Meta-analysis: WZ & GCC 48.88%
Meta-analysis: IV fixed & GCC 49.46%
Meta-analysis: 1V random & GCC 41.28%
Mega-analysis: GCC 49.92%
Mega-analysis: population covariates 71.76%
Mega-analysis: population covariates & GCC 48.80%
Mega-analysis: PCA with 3 PCs 69.12%
Mega-analysis: PCA with 3 PCs & GCC 61.76%

Figure 3.6: Power within the linear region between 0.16-0.2 SD of nine different analysis
methods based on simulations of five populations of 500 samples with 10% within-study
heterogeneity.
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3.3 Meta/mega-analyses in the presence of between-
study population stratification

Another type of stratification in a meta/mega-analysis could occur when each study
consists of an homogeneous population without any within-study heterogeneity, but
with substantial heterogeneity between-studies. To compare meta- and mega-analysis

methods under these conditions, an additional set of simulations were performed.

For these simulations, the same methods were used as described in Section 3.2, except
in this case each of the five studies was based on a different population based on
HapMap phase 3[46] haplotypes. For each of the five populations CEU, GIH, MXL,
TSI, and CEU-+TSI (where CEU+TSI include the haplotypes of both CEU and TSI and
is therefore an average of the two), 500 samples were simulated using HAPGEN2[89],
again using all 19,306 markers with genotypes in HapMap phase 3[46] on chromosome
21, and with an effect SNP randomly chosen from the set of 2,786 SNPs with average

MAF between 40%-50% across the populations used in the simulation.

The results of these simulations (Figure 3.7) show that the most powerful method
under these conditions are two of the weighted meta-analysis methods, with the IV
fixed-effects method|94| having slightly more (1.3%) power than the WZ|93] method
in the linear region of the power curve, with an average of 70.3% (Table 3.3 and
Figure 3.8). Following these two methods is the mega-analysis method based on
population covariates, which had 10% less power than the TV fixed-effects method[94]
and the population covariates with additional GCC which had 0.7% less power than
the method without additional GCC (in this case, the GCC should be unnecessary
since the population covariates capture all of the heterogeneity due to population
structure). The next most powerful method was the mega-analysis based on PCA,
which had 14.3% less power than the IV fixed-effects meta-analysis|94| and 9.3% less
power than the mega-analysis using population covariates. This intuitively makes

sense because under these conditions, the population covariates (and meta-analysis
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strata) perfectly capture the population stratification present in the data, while the
PCA method is only able to correct based on an estimate of the differences between the
populations. The PCA based mega-analysis methods also had the lowest specificity
(Figure 3.9), again likely because the three PCs do not represent population differences
as well as the population covariates or the stratified-by-population analyses that were

effectively performed by the meta-analysis methods.

Finally, the meta-analysis using only GCC to control for population stratification was
unable to detect the effect SNP in any of the simulation iterations, putting it at =~ 0%
power. This appears to result from the GCC being based on extremely large values of
Acc, which averaged around A\gc = 17.4 (values of A\g¢ > 1 indicate some inflation
of the test statistic; see Section 1.2.5.2) because the widespread allele frequency dif-

ferences between the five populations caused widespread spurious associations.

Figure 3.7: Power of nine different analysis methods based on simulations of five different
populations of 500 samples each.
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Table 3.3: Power of nine different analysis methods based on simulations of five different
populations of 500 samples each, averaged over effect sizes between 0.16-0.2 standard
deviations per allele (within the linear range of the power curve).

Analysis Method

Average Power

Meta-analysis:
Meta-analysis:
Meta-analysis:
Meta-analysis:
Mega-analysis:
Mega-analysis:
Mega-analysis:
Mega-analysis:
Mega-analysis:

Fisher’s method & GCC
Wz & GCC

IV fixed & GCC

IV random & GCC
GCC

population covariates

population covariates & GCC

PCA with 3 PCs
PCA with 3 PCs & GCC

53.3%
69.0%
70.3%
44.7%
0.0%
61.0%
60.3%
56.0%
48.3%

Figure 3.8: Power within the linear region between 0.16-0.2 SD of nine different analysis
methods based on simulations of five different populations of 500 samples each.
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Figure 3.9: Specificity of the nine different analysis methods based on simulations of five
different populations of 500 samples each.
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Chapter 4

The future of large-scale genetic
analyses

4.1 Mega-analysis of individual-level data

Mega-analysis of individual-level data (including genotype and phenotype data), as
opposed to meta-analysis based only on summary statistics, requires a higher degree
of data sharing among participating groups. However, when this data are available
for analysis, greater power can be achieved (under some conditions; see Section 3),
opportunities for error reduced, and more sophisticated analysis methods made pos-

sible.

In addition to the power analyses performed in Section 3, which applied only to com-
mon variants but which showed that mega-analysis has more power under some condi-

tions, the power to analyse rare variants can also be improved by mega-analysis.

Because of the multi-level, stratified nature of meta-analysis, some rare variants will
not be able to be analysed at all in a meta-analysis framework, while they could
potentially be analysed in a mega-analysis. In an additive genetic association study
of SNP data, a lower limit to the number of copies of the minor allele that must
be observed in each individual study in order for the regression to produce stable

results has been suggested to be in the range of 20-30[47]. It is suggested that meta-
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analyses filter input from each study on criteria that maintain a minimum limit on
the number of rare observations for each included SNP (see Section 1.3). Therefore,
when employing such thresholds, a failure to observe a sufficient number of rare alleles
at a variant within a particular study can result in the data from a particular study
being entirely missing and therefore not able to contribute to the meta-analysis at
all, effectively resulting in a limit on the MAF of SNPs that can be assessed in a
meta-analysis that is proportionate to the number of studies that the meta-analysis

is divided into (assuming they are of approximately equal size).

In contrast, combining individual-level data across all studies into a mega-analysis
allows all available genotype data to contribute rare observations to an analysis,
which should represent a substantial (in some cases going from no power to some

power) increase in power to detect variants of low MAF.

There are multiple levels at which individual-level data sharing could reasonably
occur. In terms of genotype data, this ranges from the raw (intensity) files through

to imputed genotype uncertainty files.

4.1.1 Covariates

Analysing data from multiple studies as a single data set is not as straightforward
as simply performing the same analysis that would be done on a single study on
the combined data set. One issue is that, in the summary-statistics meta-analysis,
individual studies were able to condition their analyses on covariates specific to each
study, such as plate effects, DNA source tissue, extraction methods, or other batch
effects[47]; while in the combined data set, such covariates will not be uniformly
available so tests handling missing covariate data would need to be utilized in order

to be able to include the study-specific covariates in the analysis.

The most easily handled covariate issue that is likely to arise is that continuous

covariates are represented in different, but compatible, units. Provided that data
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exchange formats included a unit specification for phenotypes, this could easily be
handled using unit conversions. In fact, the pipeline we have developed for genome-
wide association analysis (see Section 1.2.5.5) already contains code to automatically

convert units if possible.

In addition, some categorical covariates may be present in multiple studies, but using
different codings. Therefore, it is important to recognize which values are compatible
across studies and can be treated as the same, and which are not compatible. For
example, consider a meta-analysis in which we want to condition on the DNA source
tissue as a covariate. Most studies in the analysis would probably only have a single
source tissue, while one or two of the studies might have multiple source tissues.
Perhaps one of the studies coded blood as ‘1’ and saliva as ‘2,” while the other study
might have coded another tissue as ‘1’ and blood as ‘2" — clearly the values in one of
the studies must be recoded so that they can be treated as a single covariate in the
analysis. At the same time, none of the other studies would have included any data on
source tissue since they only used one and thus would not have needed to condition on
it. The source tissue from those other studies would have to be ascertained and coded

in a compatible manner with those from the studies that did have variation.

Another type of covariate that may need special handling are those which are of the
same type across studies, but in which values are specific to each study, such as the
identifier for the lab technician who performed sample preparation. For studies that
have collected the covariate, it should be sufficient to add a study-specific prefix to
the identifiers in order to avoid collisions across studies. For studies that did not
collect the covariate, a study-specific value can be used so that all samples for that
study are treated as if they were prepared by one individual (but a different one than

other studies).

Other covariates may be similar, but not directly interchangeable across studies. For
example, there are several different technologies for directly measuring central fat con-

tent, including DXA scans, bioimpedance measurements, or skin fold measurements.
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In some cases, it may be possible to create formulas to approximately convert these
direct measures into compatible units (in this case, perhaps using them to estimate

a percentage of central fat content).

Finally, the study itself could be included as a covariate to control for the large-scale

batch effect of the entire study.

Population stratification correction, which may be performed separately in some of
the individual studies of a summary-statistics meta-analysis, needs to be performed
systematically for the entire individual-level meta-analysis. To facilitate this, meth-
ods for population stratification correction, such as the PCA methods described in
Section 1.2.5.3, need to be extended to work with meta-analysis genotype data, which
will typically have an extremely large number of samples and includes imputed data

containing genotype uncertainties rather than called genotypes.

4.1.2 Privacy & informed consent

Perhaps the most significant obstacle to the sharing of individual-level data are pri-
vacy concerns, but there are technological measures that could potentially be used
to address the concerns and make large-scale individual-level analyses across studies
possible. Those same measures could also be part of a system that vastly improves

the experience of subject participants.
4.1.2.1 Data protection

Individuals taking part in genetic research studies such as genome-wide association
studies have done so under a variety of agreements made under informed consent (IC)
which restrict the dissemination of their private data[340]. As a result, individual
studies have diverse practices for protecting data as well as varying limitations on
what data may be published, shared with other researchers, or used for research

purposes other than those of the original study|340]. Laws in some jurisdictions also

197



provide specific protections applicable to genetic data gathered and/or used in those

areas|341, 342|.

4.1.2.2 Informed consent

Recently, critiques of the current practice in IC for genetic studies have been made,
largely due to the fact that the required anonymisation of the study participants
prevents much in the way of useful results from being returned to them|343]. Further-
more, it has become common practice to continue to re-analyse data after the initial
experiment (e.g. in a meta-analysis), but typically the subjects receive no additional

information about the new studies being done using their data|342].

In one sense, the old model for 1C is no longer working since it relies on anonymisation
to protect privacy, but as the genetic data itself is becoming increasingly individually
identifiable as it becomes more and more dense, so that anonymity can be betrayed

by the data itself.

Perhaps the creation of an online community could provide a way to give subjects
much more control over what analyses are done with their genetic data and what
privacy restrictions are in place to protect them. Not only could the principles behind
IC be restored by giving participants control over and access to their own data,
but researchers could potentially gain access to far more subjects through massively
increased data sharing, and subjects would be easier to contact to request additional

phenotyping or data collection throughout their lives.

4.1.2.3 Publishing of analysis results

There are obvious privacy concerns to making individual-level data from a study
publicly available, as the genetic data alone can be used to identify a specific person
or family[342], but even publishing the summary statistics from a study may trigger

privacy concerns in that, given the genotypes of an individual, it is possible to estimate
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the likelihood that the individual is a member of a particular study group, given only
summary statistics such as allele frequencies or genotype counts from the genome-wide

marker set used in that study[344].

By extension, it should also be possible to apply similar analyses to discover members
in meta-analysis summary statistics, although increasing the number of individuals
in the study while keeping the number of markers constant would tend to obscure the
results by significantly reducing the confidence level. It may even be possible to make
predictions regarding the inclusion of an individual in a study by looking at results
(such as B, SE, or p-values) alone, without disseminating any explicit information
about frequency, though this would be best facilitated in straightforward studies of
simple categorical traits such as case/control studies, as the inclusion of quantitative
phenotypes and/or covariates would make divining any information about individual

participants exponentially more difficult.

One GWA case-control study on T2D[68]| removed their analysis results from public
dissemination on the web due to these concerns because it is an area that is not
well understood.It would therefore be an interesting and useful area of research to
explore more formally the amount of information contained in various sets of summary
statistics, in order to facilitate more informed decisions about what results can be

safely made public without violating the privacy of study participants.

4.1.3 Trusted analysis platform

Technological means could be used to enable the analysis (or meta-analysis) of indi-
vidual level data while protecting the privacy of participants by preventing data used
in the analyses from being directly accessed by anyone — even the analysts who are

performing the analysis.
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4.1.3.1 Platform architecture

Using cryptographic techniques including public key encryption and trusted secure
co-processors, a system could be created that can perform meta-analysis of individual-
level data wherein that data is never made available outside of the software used for
analysis. Similar techniques are used in the financial industry to protect customer
personal identification number (PIN) information, to store account data, and to allow
for analysis of private customer transaction data for anti-money laundering purposes
by providing pathways for analysis of data from different secure sources (effectively
a meta-analysis of data from sources that do not trust each other or who are not
allowed to trust each other with the private data)|345], so the creation of such a
system for genetic analysis does not need to be built from the ground up, but can be
based largely on existing technologies, though the scale and scope of the secure data
storage and secure computation requirements for genetic analyses will likely be vastly

larger and will therefore require a good deal of retooling.

The heart of most trusted computing platforms is a secure co-processor. A secure
co-processor is a hardware device that is factory sealed with a private encryption key
built-in to tamper-resistant hardware. They typically support outbound authentica-
tion to securely attest to the contents of their program memory. The hardware is
typically signed at the time of manufacture by a private key held by the manufac-
turer, attesting to the fact that the hardware is a legitimate device. This signature
provides the root certificate in a chain of certificates that can be used to trust that the

software running on the co-processor is really what it is purported to be[345].

A trusted analysis platform could be built on top of this hardware to support analysis
of data that could otherwise not be shared for joint analyses due to privacy concerns.
Because such analyses would be computationally intensive, it would likely be infeasible
to implement them entirely on (existing) secure hardware, but it may be possible

to use virtualisation to enable a hybrid approach that extends the trust afforded
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the secure co-processor to also trust virtual machine images running on the main
system processors[346-348|. The virtual machine images themselves could be built
by a community involving representatives of groups advocating for each study or on
behalf of study participants, and ultimately the images could be cryptographically
signed by a set of individuals entrusted by those groups to audit the software source

code to ensure data protection limitations are being maintained within them.

4.1.3.2 Data

Using such a platform, representatives from a participating study (or indeed repre-
sentatives of the participants themselves) could prepare their data for inclusion in the
system by using a provided tool to transform it into a structured format including
meta-information and flags regarding the extent of privacy protection required for the
data, then encrypting it using the public key of the trusted analysis platform, signing
it with a certificate belonging to the study, and uploading it to the analysis platform
where it is then securely stored in a central encrypted database. From that point on,
the only device capable of decrypting the stored data would be one authorised by the

secure co-processor at the core of the trusted platform.

4.1.3.3 Analysis pipelines and modules

Analysts could then set up analysis pipelines that passed the data through a series
of processing and analysis modules. During each step of the pipeline, the data would
be accessed from the encrypted database, decrypted on the secure co-processor and
re-encrypted to the internal key of an virtual machine analysis module whose image
has been authenticated by the secure co-processor. Each module would perform data
processing and/or analysis on the data and then encrypt and return the results to
the secure co-processor. The secure co-processor would store the encrypted results
in the database before moving on to the next step in the analysis pipeline. At the

end of the pipeline, analysts could perform results queries to access generated plots,
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statistics, or even input data; but access to this data would be restricted depending

on the privacy flags provided by the constituent studies.

The analysis modules could be based entirely on open-source software ' such that
anyone could download the source, verify for themselves that there are no attempts
to circumvent protections to allow either input or output data to be removed from the
module except by sending it in encrypted form to the secure platform from which it
was received, and compile the source to machine code to verify that the resulting image

matches the signature of the image being used as a component to the system.

A set of auditors, perhaps from the study or consortium level or appointed by some
sort of participant advocacy groups, could perform verification of the behaviour of
analysis modules and subsequently sign them with their personal certificates in order
to relieve the burden of auditing from each individual study. Individual studies,
groups of participants, or even individual participants could set privacy settings that
specify what types of modules are allowed to access their data, as well as requiring
verification from specific auditors or from some number of verifications from a specific

set of auditors to have signed components of the system in order to access data.

Since trust of analysis modules would be based on trust of groups of individual au-
ditors, it would ultimately be up to the auditors to decide what software to trust,
so it is possible that partially-closed-source software could be used as well, assuming

that sufficient auditors representing the studies in a given analysis approved of the

!Building a system entirely on open-source software may seem restrictive, but the only way to
really be certain of what a program does is to read the source. Of course, not everyone needs to
be able to have access to the source to make that possible, but an argument can be made that
analyses based on closed-source software are not very scientific. The crux of the issue comes down
to reproducibility, in that it is crucial that published scientific results include a description of the
methods used in enough detail for someone else to reproduce them independently. Historically, this
meant a detailed set of steps to be followed in the laboratory, but today much of our methods are
computational, and in reality, the methods we use are perfectly represented by the code itself, for
the code is, after all, a set of steps for the computer to follow. It seems all too common for a methods
section to contain a step which basically says ‘we used software X to analyse the data.” Sometimes
that software is closed-source and though, often (but not always), it does come with a citation, rarely
does the cited paper even begin to describe what the program actually does in enough detail for
another programmer to actually implement it independently—if the author was willing to do that,
it would probably be open-source software already!
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use of said software (whether by examining its closed source or through some other

means).

The platform could also allow for data revocation or for updating to a new version
of a study’s meta-information, flags, or data that had previously been uploaded by
signing a request with the same certificate used to upload the original data. Updates
to permission flags could propagate to results already present in the system, such
that results that were previously unavailable could become available (or vice-versa)
and results that had been generated with old data would automatically be marked as

being out-of-date in the instance when a new version of the data was uploaded.

The trusted analysis platform could enable analyses that would be otherwise impos-
sible to perform due to legal concerns surrounding sharing of private subject data. It
would allow studies to collectively analyse data without having to trust each other or
any individual analyst with the data. It could be based upon cryptographic standards
and hardware protections that meet some of the highest levels of security (US NIST
FIPS 140-1 Security Level 4)[349], such that any attempts to steal the private key of
the secure co-processor in order to attain unlimited access to the data would result
in the destruction of the private key, permanently rendering useless all of the results
and data in the secure database (though, of course, it would be possible to start
again with a new system, having each study re-upload their data, and re-running all

analyses).

Additionally, the trusted platform can record and provide digitally signed attestation
to the complete chain of software used to run a particular analysis along with the
results, which should provide a greater degree of confidence in the published results

as well as allowing reproduction of the analyses by third parties.
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4.1.3.4 Informed consent within a trusted platform

Though a bit more difficult to implement, a trusted analysis platform could be de-
signed not as a monolithic system but rather as a distributed (but probably feder-
ated) system that itself could be incorporated into a larger online system for man-
aging private genetic data along with the analysis results that come out of that
data. It could be part of a new model for IC that protects privacy through en-
cryption rather than anonymisation, and that can provide stakeholders in the data
(such as the participants or their relatives) with the results of analyses performed
using their data, with increased control over what analyses can be done on their data
(whether through setting privacy policies or by making day-to-day decisions), and
with direct access to their own genetic data. Of course, direct access to their data
would only be useful if provided along with analysis and visualisation tools to make
that access useful and meaningful, but a number of commercial ventures, such as
23andMe (http://23andme.com/), deCODEme (http://decodeme.com/, Navigen-
ics (http://www.navigenics.com/), and Knome (http://www.knome.com/) have
demonstrated that there is a demand for providing personal genetic data, along with
interpretation, to individuals. It would seem to make a lot of sense for study par-
ticipants to be able to access similar information for free as part of the reward for
participation in a study, and replacing the veil of anonymity required by IC prac-
tices of the past with a technological system based on encryption to protect privacy
could make participation in studies more rewarding for participants as well as re-

searchers.

4.1.3.5 Cost of a trusted analysis platform

The cost of a trusted analysis platform capable of providing for the analysis of ge-
netic data while cryptographically maintaining the privacy of the data is dependent

on many factors, the most significant of which is what level of protection is needed.
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Implementation of a system in which all private data analyses occurs only on crypto-
graphic co-processors in physically protected memory would require the development
of new trusted computing hardware with increased computational and memory re-
sources, and would likely be quite difficult to scale. If, however, it is acceptable for
the data to be analysed within a secure virtual machine it would be much easier to
scale up by running additional virtual machine instances, a number of which could
potentially share the same hardware trusted computing module. The drawback would
be that in order to be processed by the virtual machine, the unencrypted data would
at some point reside in main (unprotected) memory. Although the virtual machine
could keep data about the format and location of data structures kept in main memory
private by storing them within the trusted module, and could minimize the amount
of time and the amount of unencrypted data that is kept in main memory at any one
time, it would still be theoretically possible for an attacker with physical access to the
hardware to intercept all data writes to main memory and analyze it to reconstruct

portions of the unencrypted data.

In order to ensure security of a system based on trusted virtual machines, the hardware
it runs on would have to be physically secured by more traditional means. This is
likely to be an acceptable compromise since existing private data such as traditional
medical records are kept in paper form and thus security of such records is provided

primarily from physical security.

The cost of such a virtual machine based system in terms of hardware would be
comparable to current systems used to store and analyse genetic data, since a trusted
virtual machine could be run on commodity hardware with the additional of a trusted
platform module as a peripheral device, which could potentially be shared between
multiple virtual machines running in a cluster environment. An example of such a
peripheral device is the IBM PCle Cryptographic Coprocessor[350|, which had a list
price of $14,408 as of August 2010[351]. Another substantial cost would be the initial

cost of software research & development to develop the platform for genetic analysis
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including a framework for running analyses as well interfaces for analysis module

verification.
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