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ABSTRACT

A main goal of human genetics is to connect naturally occurring genotypic variation
to naturally occurring phenotypic variation. Over the past three decades, human
geneticists accomplished this through collecting cohorts of individuals and genotyp-
ing various kinds of DNA markers. Historically, human geneticists have been limited
by the number of samples they could analyze, the breadth of genomic regions they
could target at any one time, and the phenotypes available to them. However, these
restrictions are now being rapidly mitigated — advances in genotyping and sequenc-
ing technologies have made a vast majority of the genome accessible to researchers,
and the increasing affordability of these technologies has made creating larger cohorts
much more feasible. Additionally, a wide range of gene-regulatory phenotypes is now
available to human geneticists, diversifying the questions researchers can pursue. As
a result, the amount of data being produced now is unprecedented. But with this
new wealth of information comes new challenges. The first waves of results from
new technologies have been mixed, producing exciting, novel findings but also disap-
pointment — for many human traits there remains a large unexplained proportion of
trait heritability. While some researchers have responded to this disappointment by
collecting more samples and applying newer technologies, others have focused on how
to make better use of the data we already have. In this dissertation, I present three
projects that follow this latter theme, each attempting to use summary information
from pre-existing data or first-stage analyses to better answer a research question. In
Chapter 2 I present results from a study using pre-existing data (Exome Sequencing

Project and 1000Genomes) to identify whether the deleterious mutational load in dif-

XV



ferent between human populations. We show that despite the differing demographic
histories of European-Americans and African-Americans these populations have sim-
ilar mutational loads. We also show through simulations and theoretical predictions
that this result is expected. In Chapter 3 I present the first stage results from a
two-phase HIV candidate gene-exome sequencing study. In this study we sequenced
the exomes of ~1,300 genes each with a priori experimental evidence of being func-
tional related to HIV. Using ~750 individuals from the Multicenter Aids Cohort
Study (MACS), we show an enrichment for marginal association signals among be-
tween candidate genes and HIV-Acquisition. We also show a proposed target list
being used to conduct follow-up genotyping in the full MACS cohort; this list was
heavily informed by summarizing the results from our first-stage analysis. Lastly,
in Chapter 4 I present results from applying a Bayesian multivariate genome-wide
association study method (bmass) on 13 different publicly available GWAS datasets.
bmass runs on univariate GWAS summary statistics and identifies not only new sig-
nificant variants but also the underlying multivariate patterns driving these results.
We show that for many of the datasets analyzed we find additional variants, and we

also display the multivariate patterns discovered for each dataset as well.

xXvi



CHAPTER 1

INTRODUCTION

1.1 Human Genetics — The Genetic Basis of Complex

Traits and Association Studies

One of the major goals of human genetics is to identify the underlying genetic basis
of physical traits[20, 39, 114, 181, 126, 124, 182, 96, 155, 64, 4, 8, 165]. Often in
molecular genetics, this is accomplished by experimentally altering genetic material
and identifying downstream physical changes (e.g. broadscale mutagenesis[132, 186,
206, 197], breeding schemes[37, 38, 221, 185], and site-directed mutagenesis[122, 205,
137, 106, 92]). By using these kinds of approaches, researchers can demonstrably
show a direct link between a genetic region and the physical trait that region af-
fects. However, human geneticists cannot utilize these methods — experiments like
this cannot be conducted on human populations. Instead of directly perturbing ge-
netic material, human geneticists take alternative approaches to connect genotype to
phenotype. Often these alternative approaches involve taking advantage of the vast,
natural genetic diversity observed in global human populations. Instead of exper-
imentally altering DNA, human geneticists attempt to identify patterns of genetic
variation that align with patterns of phenotypic variation. And one fundamental

branch of methods that uses this strategy is known as association studies.

An association study compares specific genetic regions from across individuals in an

1



attempt to find strong correlations between genotypes and a phenotype of interest.
For example, consider the following scenario: we are interested in discovering genomic
regions involved with susceptibility to HIV. To accomplish this, we collect a large
number of individuals that either have HIV or do not. We then extract genetic
information from specific regions, such as a handful of genes, from every individual
we collected. With this information in hand, we then attempt to identify both
a) genetic mutations fluctuating in our population of individuals and b) mutations
that strongly differentiate our two subset of individuals. Imagine we sequenced gene
A in all our individuals, and at basepair position 10 we see a mutation from an
adenine (A) to cytosine (C). However, we additionally observe that all our infected
individuals have the C allele and all our uninfected individuals have the A allele;
this observation would strongly suggest that having either the C or A allele at this
position is somehow associated with HIV-susceptibility. And furthermore, such a
result would implicate gene A as being somehow involved with HIV-susceptibility.
This is the type of finding an association study aims to discover, with the next steps
likely being to identify how this mutation in gene A alters HIV-susceptibility (e.g.
via pathway analysis, overlaying with epigenetic information, using human cell or

mouse models, etc...).

Association studies have been conducted by human geneticists for over two decades
now, with the scale of both the number of individuals used and number of loci being
targeted increasing over time. Early on in the 1990s, human geneticists — limited
by costs and available technology — would focus on just a handful of loci in cohorts

of modest sizes (<10,000 individuals). In this approach, known as ‘candidate gene
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studies’[78, 161, 149, 123], researchers would select and sequence loci that appeared to
be phenotypically relevant based on previous experimental work. For more Mendelian
traits (phenotypes with few causal loci, each with large effect sizes), candidate gene
studies had some success, such as with genetic modifiers of Huntington’s disease[83]
and some cancer susceptibility genes[46, 166]. However for more complex traits
(traits with many causal loci, each with modest effect sizes) such as diabetes and
bipolar disorder[109, 63, 66|, candidate gene studies were largely inconclusive. Often,
initial results from candidate gene studies in complex traits would fail to replicate
in follow-up cohorts[101, 26, 140]. And as a result, researchers began to question
whether the candidate gene approach was well suited for complex traits — at the
sample sizes being used, it was possible that the lack of replication should in fact be
expected[182]. So as human geneticists reconciled how to adapt association studies
for complex traits, a shift in research efforts began to occur, with a new focus on

increasing both sample sizes and the number of loci being tested per study.

1.2 The Build Up of Genome-Wide Association Studies

To adapt association studies to complex traits, human geneticists needed to both
target more regions of the genome per study as well as increase the number of samples
being used per study. In part to accomplish these goals (as well as due to what
was technologically possible at the time), researchers began focusing on a specific
type of genetic mutation — single nucleotide polymorphisms, or SNPs. SNPs are

single basepair mutations, often (though not restricted to) diallelic, that are actively
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segregating in a given population. SNPs are present across the human genome,
appearing on average at least once per 1kb[194]. Additionally, because the human
genome is structured in haplotype blocks[35, 70, 232], SNPs can effectively ‘tag’ most
regions of the genome by representing these blocks[107, 27, 90]. Therefore human
geneticists hypothesized that SNPs might be well suited as genetic markers that

could represent most of the entire genome.

To transform SNPs into genome-wide, association-study suitable markers, researchers
made two important SNP-related advancements. First, human geneticists discov-
ered and mapped a large number of SNPs in multiple human populations. The
most prominent of these efforts was the HapMap project[96] — a large-scale study in
the mid 2000’s that originally focused on individuals of European, African, or Chi-
nese descent. Through this work, the first release produced a genome-wide map of
1,007,329 high-quality SNPs[97] (two follow-up releases added to this total [99, 98]).
Second, biotechnology companies (such as Illumina and Affymetrix) then used these
SNP maps to produce relatively affordable genotyping platforms known as ‘SNP-
chips’[167, 13, 133, 204]. Optimized to target SNPs that best tagged the variously
sized haplotype blocks in the human genome, SNP-chips were able to genotype any-
where from 250,000 to >1,000,000 SNPs at a time. Therefore these SNP-chips made
generating genome-wide information across a large number of individuals feasible
for the first time, thus opening the door for the association studies originally en-
visioned. With both these SNP maps and technologies in hand, human geneticists
began to conduct what would become known as genome-wide association studies, or

‘GWAS’.



There was perceptible excitement in the human genetics community with the dawn
of applying GWAS to complex traits. Because most of the genome was tagged by
these SNP-chips, it was anticipated that the majority of complex trait genetic deter-
minants would be discovered. Early returns from GWAS included finding hundreds
of SNP associations for not only various disease states such as Type 2 Diabetes,
Crohn’s Disease, and Bipolar Disorder[237, 44, 14, 61, 100], but for physical char-
acteristics such as height[128], BMI[203], lipids levels|[216], glucose levels[48], and
more[89, 87, 225] as well. Additionally, some early GWAS discoveries overlapped
known drug-targets as well, such as SNP associations between LDL and HMGCR
(a gene target for cholesterol-reducing statins)[216, 239] and between rheumatoid
arthritis and PADI & IL-6R (targets of the inhibitor BB-Cl-amidine and suppres-
sor Tocilizumab, respectively)[213, 54, 111]. By 2012 alone over 2,000 individual
SNP-trait associations cumulatively had been discovered[226]. Clearly, using GWAS

did begin to reveal the previously elusive genetic architecture of complex traits.

However, as the number of SNP associations increased, human geneticists began to
realize it was not just a matter of identifying these associations, but also interpreting
them. Multiple issues began to arise with interpreting SNP associations, but most
prominent among them was an issue involving estimated trait heritabilities. For
many complex traits studied, researchers already had established values of these
traits’ heritability — the proportion of phenotypic variance explainable by genetic
effects. For example height is known to have a heritability of roughly 80%[128].
However, when researchers began to estimate trait heritabilities using all the SNP

associations that had been discovered thus far, they found their estimates to often
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be far below what they expected. For example, using the GWAS-significant SNPs
from the initial round of height GWAS, heritability was only estimated at ~12%;
other traits that returned low heritability estimates using initial sets of GWAS-
significant SNPs included 20-25% in LDL and HDL levels and 20-25% in Crohn’s
Disease as well (see Table 1 of Lander 2011; an estimate of ~60% in Type 1 Diabetes
using GWAS-significant SNPs was one of the few closer values). This discrepancy
between well-established heritabilities and newly estimated SNP-based heritabilities
became a growing concern and earned the moniker of the “Missing Heritability”

problem|[144, 200, 145, 249).

1.3 The Follow-Up to Genome-Wide Association Studies

The “Missing Heritability” publications acted as important checkpoints for human
geneticists. Researchers began to question if they truly were discovering the most
important aspects of complex trait genetic architecture like they had anticipated.
GWAS had indeed made many important genetic discoveries, but it seemed like
researchers still had much more work to do to properly understand complex trait
genetic architecture. Human geneticists began to debate both what they were possi-
bly missing from their current models of complex trait architecture as well as which
GWAS follow-up directions should first be explored. Here we discuss two of these
follow-up avenues in particular as they pertain to projects presented in this disser-

tation.



A fundamental aspect of GWAS and the SNP-chips commonly employed was that
they targeted ‘common genetic variation’ — SNPs whose minor allele frequencies
(‘MAF’) were often >1%. This choice was based on the theoretical perspective that
complex traits would be most influenced by common genetic variation, known as the
‘Common Disease Common Variant (CDCV)’ hypothesis[180, 190]. This perspective
suggested most complex traits are determined by the cumulative modest effects of
weakly penetrant variants; and since these mutation effect sizes are modest, they
should be mostly segregating in human populations as close-to-neutral alleles (i.e.
insignificantly impacted by the effects of negative selection). This is in contrast
to the ‘Common Disease Rare Variant (CDRV)’" hypothesis[175, 190], which posits
that most complex traits are determined from the large effects of strongly penetrant
variants; and under this scenario, such large-effect variants would often be found as
‘rare genetic variation’ (MAF <1%; such as being new mutations from recent human
demographic processes, or continually suppressed by mutation-selection balance).
Therefore human geneticists began returning to this debate, suggesting that the
missing heritability could possibly be found in this rare variation space unexplored

by GWAS.

Conducting rare-variant studies however requires different technologies than GWAS,
technologies that were unfeasible in the mid-2000’s but had begun to mature by the
mid-2010’s. To explore genome-wide rare variation, human geneticists need either
whole-exome or whole-genome sequencing[193, 125, 79|, methods that return full
exonic or genomic DNA sequence information. By retrieving the actual sequence

information researchers can directly discover any variant present in their group of

7



samples. Doing so reveals the entire allele frequency spectrum, which would have
been less feasible for SNP-chips to accomplish (e.g. rare variation is more population
and individual specific[81]). Therefore with sequencing technologies now becoming
more affordable and accessible, human geneticists began to conduct sequencing-based
association studies targeting rare variation. Early returns suggest that at least for
some complex traits, rare variation may indeed play a substantial role, such as with
autoimmune diseases[183, 153, 15, 25] and neurodevelopmental disorders[156, 75,
178, 41]. Yet there is already debate on how best to design sequencing studies and
construct rare-variant tests[79, 129, 236, 170], thus indicating the large amount of

work this still needs to be done.

Another major avenue of post-GWAS follow-up has been to simply increase the power
of association studies. By increasing power, GWAS should hypothetically continue to
find more significant common SNP associations. This is important in the context of
the “Missing Heritability” problem since previous work has shown, at least for height
(a particularly polygenic trait), that continuing to include more significant SNPs in
calculations of heritability leads to larger estimates[243, 241]. For example going
from height GWAS results from 2010 to height GWAS results from 2014 increased
estimates of heritability from ~12% to ~20% (by going from using 180 GWAS SNPs
to 697 GWAS SNPs)[128, 241]. Additionally, it was shown in the 2014 study that
by incorporating all studied SNPs agnostic of their association p-values, heritability
was estimated at ~60%[241] (an earlier study also using height GWAS SNPs found
similar results[243]). Therefore, at least in the case of particularly polygenic traits,

the “Missing Heritability” may simply be found by using a much larger number of
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SNPs than human geneticists originally anticipated. And so to find these many

additional SNPs; there is a need to increase GWAS power.

There are multiple ways to increase power in GWAS. One common approach is sim-
ply to use more samples. The larger number of height SNPs previously mentioned
between the 2010 and 2014 results was primarily due to discovery set sample sizes
increasing from ~130,000 to 250,000[241]. With the advent of both genome sequenc-
ing consortiums and BioBanks such as ExAC[131] and the UKBioBank[211], we are
already seeing community-wide efforts to increase available GWAS-ready samples.
Another common approach to increase power in GWAS is to use more advanced
statistical methods — such as tests that use multivariate approaches. Often human
geneticists conduct GWAS using univariate approaches, i.e. methods that test geno-
types against only a single phenotype at a time. However, an alternative setup to
this is to use multivariate approaches, methods that tests genotypes against mul-
tiple phenotypes simultaneously[105, 196, 244]. It has been shown that under a
number of biological scenarios multivariate approaches actually increase power in
GWAS[105, 247, 72| compared to univariate approaches, such as when multiple traits
are linked to a genetic variant and even when only a single trait is linked to a ge-
netic variant. These latter scenarios occur when multiple phenotypes are strongly
correlated; even if only one trait is actually linked to a variant of interest, if there
are additional correlated traits, including them as covariates will regress out shared,

non-genetic effects (see Figure la in Stephens 2013).

In fact there are multiple aspects of GWAS that lends the framework to multivariate



approaches. First, it is not uncommon for researchers to measure multiple traits in
their cohorts of interest[48, 95, 230, 240, 241, 138, 198, 11]. Often this is a product of
both multiple traits having related biological importance as well as the experimental
logistics of measuring said traits (e.g. it may be particularly easy, or even necessary
at times, to measure multiple phenotypes). For example GWAS on blood lipid levels
commonly analyze low-density lipoproteins, high-density lipoproteins, total triglyc-
erides, and total cholesterol; a major reason why these four traits in particular are
analyzed is because they are all simultaneously measured by commonly-used blood
lipid panels[240]. Furthermore, we expect all four of these traits to be correlated

since they are highly related to one another biologically.

Second, GWAS results can more effectively be interpreted with the addition of com-
plementary genomic information, and multivariate approaches provide a useful con-
text. Whether by determining multiple traits are jointly associated (or explicitly
determining additional traits are in fact not associated), multivariate approaches
can help narrow down which are the most relevant biological pathways. For ex-
ample, imagine you have a SNP you determined to be associated with BMI via
a univariate analysis. If by doing additional multivariate analyses you determine
the SNP is jointly associated with type 2 diabetes as well, this provides additional
context that affects your interpretation — possibly now you pay more attention to
insulin-resistance or other pancreatic pathways than you would have previously. In-
deed, recent work has shown both extensive sharing of genetic effects (Pickrell et
al. 2016[171] analyzed 42 different traits and found 341 loci that affect pairs of

phenotypes) and unassociated, correlated phenotypes powering association signals
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(Stephens 2013[207] analyzed the Global Lipids Consortium|[216] data and found mul-
tiple, best SNP-association models including unassociated, correlated phenotypes)
across complex traits, suggesting there are many opportunities to glean additional

context for interpreting GWAS results.

Here we present three projects that all attempt to do work relevant in the post-
GWAS era. Two of the projects presented here specifically deal with alternative
GWAS study designs (rare-variant studies) and alternative GWAS methods (multi-
variate tests). Additionally, all three projects in this dissertation attempt to incor-
porate summary information from next-generation methods, an important concept
as the human genetics community continues to generate new data. Such as what
was found with GWAS, new technologies in the human genetics community often
produce both exciting results and new problems. And while follow-up directions to
address these new problems commonly include both analyzing the data more thor-
oughly (e.g. developing better models and methods) and generating more data (e.g.
using newer technology or increasing sample sizes), there is a tendency to take the
latter path of research. Often newer technologies begin getting increased attention
well before the problems and concerns from the previous generation of technologies
are well addressed. Therefore, we attempt in each of these projects to go deeper
with pre-existing data, either by reusing previously generated data for a different
question, informing the next stages of a project using generated data, or reanalyzing

already published data.

In the first project (Chapter 2) we use results from the exome sequencing project
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(‘ESP’) to address an ongoing question in human genetics, whether the deleterious
mutational load is different between European-Americans and African-Americans.
This question has been tackled multiple times before, but with at times ambiguous
or conflicting results between studies[139, 28, 112, 158, 215]. One possibility for the
contradictory results is different types of genetic data being used to answer this same
question. Here, we employ summary allele frequency information from the ESP as
well as simulations to try and reconcile previous work and produce a more consistent

answer.

In the second project (Chapter 3) we attempt to identify genes that are significantly
associated with HIV-Infection using a candidate target approach. GWAS in the
field of host HIV genetics has produced significant associations but only in a few
regions of the genome[57, 24, 58, 169, 151]; in an attempt to narrow the focus of
genomic interrogation, we sequence the exomes of genes that had prior experimental
evidence of being related to HIV-host interactions. Additionally because of the lack of
success from evaluating common variation through GWAS, we emphasize analyzing
the rare variation we identify through our sequencing results. We take a two-phase
study design approach where we first use a subset of an HIV cohort to evaluate our
candidate gene list, and then second we summarize and use these results to prioritize

targets for follow-up genotyping in the full cohort.

And in the third project (Chapter 4) we extend a previously published framework
for Bayesian multivariate association studies (via a software package ‘bmass’) and

apply it to multiple publicly available datasets. As previously mentioned, GWAS
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are well-suited for multivariate analyses; however, multivariate approaches are still
infrequently used. While there are likely multiple reasons for this, we focus on one
issue in particular — interpretation of multivariate results. Often with multivariate
methods, it is difficult to determine how much any single phenotype contributes to a
signal of association. For example, early multivariate approaches such as MANOVA
or SNPTEST|[147] would evaluate the model ‘all phenotypes are associated’. While
this model would increase power for identifying associations, a positive result did
not automatically indicate all phenotypes were equally driving the association signal.
Imagine we compute a significant p-value for the model SNP g is associated with
Height and BMI; from this result alone we do not know how much either Height
or BMI contribute to the association signal. If we look at the univariate models of
g associated with either Height or BMI and find g is significantly associated with
Height but not BMI, how does this affect our interpretation? Should these results
temper our findings that g is associated with Height and BMI? These questions only
become more complex as the number of phenotypes and models grow exponentially.
We aim to address this issue in two important ways: we provide a user-friendly
framework that explicitly tests all possible models and also indicates the relative
support each model has. With this framework one can then take a quantitative look
at the above example to see how much stronger the signal of association becomes
from g associated with Height to g associated with Height and BMI. And we show
the utility of this framework by running it on multiple publicly available datasets

and providing the results.

Overall, we aim to show multiple projects that move beyond typical GWAS study
13



designs and GWAS datasets. We aim to show how various summary metrics from
these datasets can be used to produce more results and additional biological insight.
And we aim to provide evidence that taking the time to think more deeply about the
data we already have is a worthwhile endeavor while we also enthusiastically employ

new technologies.
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2.1 Abstract

Human populations have undergone dramatic changes in population size in the past
100,000 years, including recent rapid growth. How these demographic events have
affected the burden of deleterious mutations in individuals and the frequencies of
disease mutations in populations remains unclear. We use population genetic models
to show that recent human demography has likely had little impact on the average
burden of deleterious mutations. This prediction is supported by two exome sequence
datasets showing that individuals of west African and European ancestry carry very
similar burdens of damaging mutations. We further show that for many diseases,
rare alleles are unlikely to contribute a large fraction of the heritable variation, and
therefore the impact of recent growth is likely to be modest. However, for those
diseases that have a direct impact on fitness, strongly deleterious rare mutations likely

do play an important role, and recent growth will have increased their impact.

2.2 Introduction

Recent work has highlighted the impact of demographic history on the distribution
of human genetic variation. Deep sequencing studies have identified huge numbers
of very rare variants in human populations, the consequence of explosive population
growth in the past five thousand years[34, 148, 68, 112, 158, 215]. Additionally,
Europeans and east Asians have a greater fraction of high-frequency variants com-

pared to Africans, likely due to an ancient bottleneck of non-African populations
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[233, 229, 113, 84, 215].

Given these observations, it is natural to ask whether recent demographic history
has impacted the burden of genetic disease in modern human populations[139, 28,
68, 112]. Keinan and Clark[112] recently hypothesized that ”Some degree of genetic
risk for complex disease may be due to this recent rapid increase in the number of
rare variants in the human population”. A second important question concerns the
relative importance of rare and common variants in causing disease[176, 55, 74]. If
much of the genetic variation underlying disease is due to rare variants, then this
could help to explain the so-called "missing heritability” of complex traits, and imply
that mapping approaches based on deep sequencing will be essential for the dissection

of complex traits[146].

2.3 Results

To address these questions, we analyzed a theoretical model with a large number
of bi-allelic sites, each subject to two-way mutation, and natural selection against
one of the alleles (see Methods for details). We studied three types of demographic
models thought to be relevant for human populations: (i) a bottleneck; (ii) expo-
nential growth starting from a constant-sized population; and (iii) a complex demo-
graphic model for African Americans (including rapid recent growth) and European
Americans (including two bottlenecks followed by growth) inferred by Tennessen

et al.[215]. The main features of the Tennessen model are similar to other recent
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models[189, 229, 84] while using a larger data set for parameter estimation. Our
main results focus on selection against semi-dominant (i.e., additive) alleles in which
the three genotypes have fitnesses 1, 1 — s/2 and 1 — s, respectively; and selection
against recessive alleles with genotype fitnesses 1, 1, and 1 —s. The effects of demog-
raphy in these two models are qualitatively representative of those over the range
of dominance coefficients (Supplement Note, Section 2.4). In addition to simulation
results shown here, further results and detailed theoretical analysis for all our key

results are provided in the Supplement.

2.3.1 The impact of demographic changes on individual load

We focus first on the impact of demographic changes on individual load — that is,
we want to understand whether demographic history has impacted the burden of
deleterious variation carried by a typical individual in a population. Individual load
is directly related to the number of deleterious alleles carried by an individual, or
for recessive mutations to the number of homozygous sites per individual (see the

Methods and Supplement for further details).

Figure 1 illustrates the impact of a bottleneck and population growth on the numbers
of deleterious variants with strong selection (s=1%). As expected, these demographic
events have a major impact on the number and frequency spectra of deleterious
variants: the bottleneck causes a decrease in the total number of segregating sites in

a population due largely to loss of rare variants, while the mean frequency of alleles
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that survive increases. Meanwhile, exponential growth causes a rapid increase in the
number of segregating sites due to a major influx of rare variants, but a consequent
drop in the mean frequency at segregating sites. But despite these dramatic shifts
in the overall frequency spectrum, the impact on genetic load — namely, the mean
number of deleterious variants per individual and thus the average fitness — is much

more subtle.

In the semi-dominant case, the load is essentially unaffected by these demographic
events (Figures 1C and 1D). With growth, the increased number of segregating sites
is exactly balanced by a decrease in mean frequency (and conversely for the bot-
tleneck), so that the number of variants per individual stays constant. This kind
of balance is predicted by classic mutation-selection balance models18, and can be
shown to hold for general changes in population size, provided that selection is strong

and deleterious alleles are at least partially dominant (Supplementary Note, Section

2.3).

The behavior of the recessive model is more complicated (Figures 1E and 1F). In the
bottleneck model, the mean number of deleterious variants per individual drops by
60% as a result of the bottleneck. This is due to the loss of rare alleles. However,
during the bottleneck, some deleterious alleles drift to higher frequencies[219, 139],
contributing disproportionately to the number of homozygotes. This causes a tran-
sient increase in the number of deleterious homozygous sites per individual — i.e.,
the recessive load. Meanwhile, population growth has a less pronounced effect on

recessive variation, leaving the mean number of deleterious alleles per individual
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unchanged, but causing a slight decrease in load.

More generally, the manner in which demography affects load varies with the degree
of dominance and the strength of selection (Figure 2, Supplementary Note, Section
2 & Supplementary Table 1). The behavior of these models can be classified into
three selection regimes (strong, weak and effectively neutral). In the strong selection
case, i.e., where selection is much stronger than drift (approximately s > 1073 for
semi-dominant mutations), deleterious variants are extremely unlikely to fix, and
virtually all of the genetic load is due to segregating variation. In this range, we
infer that human demography has had no impact on semi-dominant load (and more
generally for mutations with at least some dominance component), and small effects

on recessive load.

The weak selection case-where drift and selection have comparable effects—is more
complex, as fixed alleles may contribute appreciably to load, and steady state load
depends on population size[141]. However, the approach to steady state is very slow,
being limited both by the time to fixation (on the order of 4N generations) and by the
mutational input (on the order of ﬁ generations). For both the semi-dominant and
recessive cases, population growth is too recent to have substantially decreased the
load. Recent growth increases the input of new deleterious mutations, but this effect
is counterbalanced by the fact that the new deleterious mutations are proportionally
rarer. The bottleneck in Europeans is estimated to have occurred farther in the past
and at much lower population sizes[215] (Supplementary Figure 1), allowing it to

have more effect. In this case, the increase in drift causes segregating deleterious
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alleles to increase in frequency, sometimes reaching fixation, and results in a slight
increase in load (Supplementary Figure 2). The out-of-Africa bottleneck should thus

lead to a slight increase of load in Europeans, most notably for recessive sites.

Finally, in the effectively neutral range — where selection has negligible effects on
the population dynamics — segregating variation contributes negligibly and hence
the load does not change with demography. Thus, across all three selection regimes,
recent human demographic history is likely to have had virtually no impact on genetic

load at partially dominant sites, and only weak effects at recessive sites.

2.8.2  Analysis of exome data

To test these predictions, we analyzed two recent data sets of exome sequences from
individuals of west African and European descent. Previous work comparing load in
different populations has produced conflicting conclusions depending on the dataset,
choice of measures and functional annotations. For example, Lohmueller et al.[139]
reported that there is ”proportionally more deleterious variation in European than
in African populations”. Similarly, Tennessen et al.[215] found that European Amer-
icans had more non-reference genotypes when they used a conservative classification
of deleterious sites, but observed the opposite when using a more liberal classification

of sites (both observations were highly significant).

We first analyzed single nucleotide variant (SNV) frequency data from a recent exome

sequencing study of 2,217 African Americans (AAs) and 4,298 European Americans
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(EAs) sequenced at 15,336 protein coding genes by Fuet al.[68] (allele frequencies
available from the NHLBI GO Exome Variant Server). Additionally we analyzed
exome data from 88 Yoruba (YRI) and 81 European (CEU) individuals collected by

the 1000 Genomes Project[217].

To test whether there are differences in load between individuals of west African and
European descent, we considered the average number of derived alleles per individual
at putatively deleterious segregating sites. For this purpose, a site is considered
to be segregating if and only if it is variable within the combined sample of both
populations. This definition ensures that the derived counts are comparable across
populations. Under a semi-dominant model, the number of derived alleles increases
monotonically with the segregating genetic load. Thus, any difference in average
load between populations would be apparent as a difference in the mean number of
derived alleles per individual. Here, we focused on an equivalent measure that also
facilitates comparisons across different types of sites: namely, the mean derived allele
frequency within functional classes. Note that the mean derived allele frequency
is simply equal to the number of derived alleles per individual divided by twice
the number of segregating sites in that class, and so any difference in the mean
number of derived alleles per individual will also be a difference in mean derived
frequencies. For sites that are either neutral or semi-dominant, our model predicts
that the mean derived allele frequency should be virtually identical in Africans and
Europeans (Supplementary Note, Section 3 & Supplementary Figure 3). At recessive
sites, we expect a slight increase in mean derived frequency in Africans compared

to Europeans (Supplementary Figure 3), but overall we expect any differences to be
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small.

Functional predictions of SNVs were obtained from PolyPhen2, a method that uses
sequence conservation and structural information to infer which non-synonymous
changes are most likely to have functional consequences[6]; see Supplement Table
2 for similar analyses with other functional prediction methods. When using the
functional predictions we observed a strong bias: SNVs where the genome reference
carries the derived allele are much more likely to be classified as benign than SNVs
where the reference allele is ancestral — this is true even when we control for the overall
population frequency (Supplementary Figure 4). Hence our analysis incorporates a
correction to account for this bias; we also obtained very similar results using a
separate set of unpublished human-independent PolyPhen scores kindly provided by

the Sunyaev lab (Supplementary Table 4).

Figure 3 summarizes the results for the data of Fu et al. As expected, the mean
allele frequency declines with increasing functional severity[215], from 2.8% at non-
coding SNVs to 0.6% at probably-damaging SNVs, implying that there is selection
against most SNVs with predicted damaging effects. More striking, however, is that
within each of the five functional categories, the mean allele frequencies — and hence
the numbers of derived alleles per individual — are essentially identical in the two
populations, despite the very large size of the data sets (p>.05 for all five compar-
isons). Results for the 1000 Genomes Project data are qualitatively similar: we find
no significant differences between YRI and CEU in the numbers of derived alleles

per individual in any functional category (Supplementary Table 5).
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In summary, these observations are consistent with our model predictions that load
should be very similar in these populations. Our conclusions likely differ from previ-
ous studies partly because earlier studies used measures that are related to load but
are also sensitive to other differences between the populations being compared (e.g.,
the number of neutral segregating sites and the frequency spectrum) and partly due
to the reference bias in functional annotations accounted for here (see Supplementary
Note, Section 3). We note that David Reich, Shamil Sunyaev and colleagues have
recently made similar observations regarding load in different populations (personal

communication).

2.8.8  The tmpact of demography on the genetic architecture of

disease susceptibility

Although population size changes have had little impact on the average load carried
by individuals, growth has greatly increased the number of rare variants in popu-
lations. So do rare variants play a greater (and substantial) role in the genetics of
disease as a result of recent growth (Figure 4)? Given the differences in population
history, do higher frequency variants play a greater role in Europeans and Asians than
in Africans? The answers to these questions are of practical importance because dif-

ferent study designs may be needed to identify rare variants[176, 146, 74, 218].

To study this, we computed the contributions of different allele frequencies to the

heritable phenotypic variation among individuals in the population, namely z(1 —
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x)f(x)/2, where f(x) is the probability that a derived allele is at frequency = given the
demographic model and selection coefficient. These distributions show the fraction
of genetic variance for a disease that is contributed by alleles below frequency x, for
the simplest case where the loci underlying a trait all have the same effect size, the
same selection coefficient, and are semi-dominant (see Supplementary Note, Section
4). In practice, we anticipate that variants underlying a given disease would have a
variety of selection coefficients and effect sizes, in which case the overall distribution
would be an appropriately weighted mixture of distributions for different selection
coefficients. Note that in this model, we consider the proportional contribution of
variants at different frequencies and thus, these results should hold regardless of the

number of loci underlying variation in the trait.

Analysis of this model reveals several interesting points. For effectively neutral, or for
weakly deleterious sites (Figure 4A), only a small fraction of the total variance comes
from very rare alleles: although there are many rare alleles, each one contributes
very little to population variance and individual load. The same is true for recessive
variation across almost the entire range of selection coefficients (Supplementary Note,
Section 4.2 & Supplementary Figure 5). Likewise, if we assume that the frequency
density f(z) follows the frequency spectrum observed at all non-synonymous sites
classified as “probably damaging”[6] then, under the same model, it is still only a
modest fraction of the genetic variance that is due to rare alleles (Figure 4B; c.f. ref.
[215]). Meanwhile, in all of these cases an Out-of-Africa bottleneck would increase
the contribution of intermediate frequency alleles to the genetic variance (Figure 4A-

C): e.g., at probably damaging sites 62% of the variance in EAs is contributed by
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alleles with minor allele frequency above 10% compared to only 49% in AAs.

It is only for the case of strong, dominant selection that very rare variants (< 0.1%)
become important (Figure 4C and 4D). For example, for a selection coefficient of
1%, most of the variation is rare and arose within the recent exponential growth
phase. As a result, the contribution of extremely rare variants is much greater than
it would have been in the absence of growth: e.g., in AAs and EAs, 80%, and 65%
of the variance is due to alleles below frequency 0.1%, compared to just 25% in the

constant population model.

Of course in practice, the genetic variants that contribute to a complex trait likely
have a range of selection coefficients (s) and a range of effect sizes (a) on the phe-
notype in question (Supplementary Note, Section 4.3). When there is a mixture of
selective coefficients, what can we say about the relative importance of rare and com-
mon variants? To answer this, the critical issue is to model the relationship between
a and s [55, 108]. To illustrate this, we consider two extreme cases: (1) a is inde-
pendent of s, namely, the trait itself has little effect on fitness but specific variants
could have fitness consequences due to pleiotropic effects on other phenotypes; and
(2) a is proportional to s — likely most relevant for traits with a direct impact on
fitness such as early-onset diseases or diseases affecting fertility. Figure 4E shows the
expected genetic variance per site as a function of s under these two models. When a
is independent of s model, we would expect weakly selected mutations to contribute
most of the variance because they have the same average effect on the trait but can

drift to higher frequencies. But the reverse occurs in the model where a increases
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with s: highly deleterious, rare mutations will have a greater contribution to variance

because their increased effect size outweighs their lower frequencies.

Many traits presumably lie between these two extreme cases. To study how demog-
raphy affects genetic architecture across this range, we consider a second model. We
assume that the heritable variance in a trait is due to a mixture of weakly (s = 0.0002)
and strongly (s = 0.01) selected mutations and we vary the correlation between se-
lection on a variant and its effect on the trait (see Methods for details). Figure 4F
shows how the contribution of rare alleles to genetic variance changes with the cor-
relation between the selection coefficient and effect size. As can be seen in the case
with constant population size, the contribution of rare variants becomes substan-
tial only when the variants’ effects on fitness and on the trait are highly correlated
(presumably because the trait itself is strongly coupled with fitness). While growth
affects the frequencies of strongly selected alleles regardless of the correlation, it will
have a substantial effect on the genetic architecture of a trait only for traits in which
strongly selected alleles contribute substantially to variance. In this case, we see that
the recent growth greatly amplifies the contribution of rare alleles to the variance.
A similar argument implies that the Out-of-Africa bottleneck should substantially
increase the contribution of intermediate frequency alleles to the variance, unless the
effects of variants on fitness and on the trait are highly correlated, in which case rare

alleles will still dominate.

27



2.4 Conclusion

While recent demographic events have had well-documented effects on the frequency
spectrum of SNVs in modern populations, we find that these events have had negli-
gible impact on the average burden of mutations carried by individuals. Moreover,
we conclude that although there are large absolute numbers of rare variants, they do
not necessarily contribute a large fraction of the genetic variance underlying complex
traits. An earlier paper from one of the present authors (Pritchard, 2001[176]) also
discussed the possible role of allelic heterogeneity and rare variants in disease using a
model that is closer to the independent s model here. While the earlier model is not
exactly comparable to our present work, the overall results are broadly consistent,
as the bulk of the genetic variance was predicted to be due to variants that would
not be considered rare by modern standards. To summarize, it is only for diseases
that are primarily due to strongly deleterious mutations that we can expect much of
the variance to be due to rare alleles: these will likely tend to be diseases that are

tightly coupled to fitness.
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2.7 Online Methods

This section provides a summary of our methods; a complete version may be found

in the Supplementary Information.

2.7.1 Model

Our basic model starts by considering selection at a single site. We use the standard
bi-allelic diploid model with two-way mutation, viability selection, drift and, in some
cases, migration[29]. Specifically, we assume there are two possible alleles at each site:
normal (N) and deleterious (D). An N allele mutates to the D allele with probability
u per gamete, per generation and the reverse mutation occurs with probability v.
Unless noted otherwise, we assume that mutation is symmetric, i.e., u=v. The
absolute fitness of the three genotypes NN, ND and DD are 1, 1 - hs and 1 - s,
respectively, where s ; 0 and h > 0. We focus on semi-dominant (h=1/2) and
fully recessive (h = 0) selection because these two cases exhibit the full range of
qualitative behaviors, with selection acting primarily on heterozygotes when h1/2
and only on homozygotes when h=0. Allele frequencies in the next generation follow
from Wright-Fisher sampling with these viabilities, sometimes with migration, and
the population size and migration rates vary according to the demographic scenario

considered.

We assume that fitness is multiplicative across sites, and that there is linkage equi-
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librium among sites. Under these assumptions, the evolutionary dynamics at each
site are independent from all other sites. In practice, linked selection is likely to have
negligible effects on differences between populations because, to a first approxima-
tion this reduces the effective population size at a given site by similar proportions
regardless of demographic history and these effects are thought to be modest in

humans (e.g., ref. [152]).

2.7.2  Demographic scenarios

We consider three demographic scenarios. The most detailed is the Out-of-Africa
demographic model for African-Americans (AA) and European-Americans (EA) es-
timated by Tennessen et al.[215] (Supplementary Figure 1A). The model includes
the Out-of-Africa split of European ancestors, changes in population size before and
after the split (specifically, a severe bottleneck in Europeans following the split and
recent rapid growth in both Europeans and Africans) and migration between the
populations after the split. Finally, the model includes recent admixture between
the populations, which we include in our simulations only when we compare our

results to data from AAs.

We also study two simpler demographic scenarios (Supplementary Figure 1B&C).
To understand the effects of recent explosive growth of human populations, we use a
simple model of exponential growth from a population of constant size and similarly,

to investigate the effects of the bottleneck in Europeans at the Out-of-Africa split,
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we consider a simple model of a bottleneck where population size instantaneously
changes to a lower value at which it stays constant until it instantaneously reverts

back to its original size.

2.7.8  Sitmulations

For each demographic scenario, we run simulations of a single site for the semi-
dominant and recessive cases and vary the selection coefficient such that the strength
of selection ranges from effectively neutral to strong. Each run begins with one of
the two alleles fixed, where the proportion of runs that start with each allele is given
by the expectation at equilibrium. A burn-in period of > 10N generations with
constant population size N follows in order to ensure an equilibrium distribution of
segregating sites. The initial state is defined as ancestral and the other state as
derived; the derived and deleterious allele frequencies are recorded at the end of
the simulation. The code is written in C++ and is available upon request. (See

Supplementary Note, Section 1 & Supplementary Figures 6-8.)

2.7.4 Load

Genetic load is defined as the relative reduction in average fitness caused by dele-
terious alleles, compared to the maximum absolute fitness [29]. In our model, the
maximal absolute fitness is equal to 1, allowing us to directly consider differences in

average fitness in populations with different demographic histories. Given our model,
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the average fitness function can be written as

W =~ exp(— Z I(hj,s5))

j=1

where

I(h, s) = 2hsE(pq) + sE(¢%) = s(2hE(q) + (1 — 2h)E(¢?)), (2.1)

relates the quantities at a locus with load, p and ¢ are the beneficial and deleterious
allele frequencies at a locus (p+¢q = 1) and h; and s; are the dominance and selection
coefficient at locus j. For a model with a single site and s < 1, I(h, s) coincides with
the definition of load. For more than one site, load is a simple function of the sum

over [(h, s)’s. For brevity, we therefore refer to I(h, s) as load.

2.7.5 Change in load

To assess whether there has been a change in load due to demography, we consider the
difference between load at the present time and the load before recent demographic
events. Specifically, in the exponential and bottleneck models the reference time is
before the change in population size and in the Tennessen model the reference time is
the split between the African and European populations. (See Supplementary Note,

Section 2, Supplementary Figures 2, 9-20 & Supplementary Table 1.)
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2.7.6 Data Analysis

We used data from Fu et al. (2012)[68] and from the 1000 Genomes Project[217].
Allele frequency estimates from Fu et al. are available from the NHLBI GO Exome
Variant Server (http://evs.gs.washington.edu/EVS/). These provide estimates of
the derived allele frequencies at exonic SNVs in European- and African-Americans
(EA and AA). Variants with allele frequencies 0 or 1 in both EA and AAs were
excluded. 1000 Genomes Project vcf files (Phase 1 Version 3) were downloaded
from the official 1000 Genomes public server. YRI and CEU individuals with (at
least) exome sequencing coverage were extracted from the original .vcf files (88 YRI
individuals and 81 CEU individuals). 7 YRI individuals, chosen at random, were
removed to match sample sizes between YRI and CEU. Variants that were fixed for
either allele in both populations were removed. Any variant that was not an SNV or

did not contain ancestral allele information was also dropped.

The ANNOVAR suite of scripts [235] was used to obtain functional predictions for
each SNP from each of four prediction methods: PolyPhen2 [6], SIFT [121], LRT
[32] and MutationTaster [191]. We observed a strong reference bias in the functional
classifications for all four prediction methods: sites at which the reference genome
carries the derived allele are much more likely to be classified as benign than are sites
where the reference is ancestral; this is a very strong effect even when we control for
the true population frequency in a very large sample (Supplementary Figure 4), and
hence does not simply reflect the tendency for common alleles to be less functional.

We therefore treated the functional designations at sites where the genome reference
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is derived as unreliable. To deal with this problem we used a simple procedure to
estimate the probability that each reference-derived site would have been classified
as damaging had the reference allele been ancestral (conditional on the overall pop-
ulation frequency). Specifically, we binned SNVs by overall population frequency in
the full sample and, for each bin, we determined the fraction of reference-ancestral
sites in each functional category. For SNVs in that bin that are reference-derived, we
treated those fractions as estimates of the probability that these SNVs would have
been in each functional category had they instead been reference-ancestral. Next, to
estimate the mean derived allele frequency (DAF) for each functional category, we
summed across all sites in that category that were reference ancestral, and added a
contribution from all sites that were reference-derived, weighted according to the es-
timated probability that the site would have been in the relevant functional category
if it had been reference-ancestral. We also provide supplementary results in which
we used a new unpublished version of PolyPhen’s PSIC scores that are calculated
in a human-independent (i.e., unbiased) manner and obtain qualitatively similar re-
sults. We thank Ivan Adzhubey and Shamil Sunyaev for pre-publication access to

these.

We calculated mean derived frequencies within functional categories, and the cor-
responding standard errors (calculated as SD(DAF)/Sqrt(#sites). Individual-level
counts for the 1000 Genomes data simply counted the numbers of derived alleles
per individual within a functional class (note that there are no missing genotypes
in this data set as these have been imputed). For each population and functional

category we estimated the standard deviation of the mean number of derived alleles
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per individual by bootstrapping across sites. This is more appropriate than comput-
ing the standard error directly from the distribution of derived allele counts across
individuals, as the latter method ignores variation in the evolutionary process. Note
that because we are working with mean allele counts or frequencies, these analyses
are unaffected by linkage disequilibrium or Hardy Weinberg disequilibrium (which

may affect variances but not means).

Note that our analysis effectively uses the derived allele count as a proxy for the
deleterious allele count. Hence, there will be a low rate of misclassification at weakly
selected sites for which the deleterious allele is ancestral. However this does not
change the qualitative predictions about patterns of differences between populations
and we expect the number of derived alleles to have a monotonic relationship with
the number of deleterious alleles. Specifically, for sites that are either neutral or
semi-dominant, we predict that this measure should yield virtually identical counts
in AAs and EAs (Supplement Note, Section 2 & Supplementary Figure 20). At
recessive sites, our model predicts slight differences (Supplementary Note, Section 2),
but overall we expect these differences to be negligibly small. Note that when SNV
are defined within populations as in some previous papers, these simple predictions

do not hold.
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2.7.7 Models for variance

We consider how the relationship between the effects of mutations on fitness and a
trait affect genetic architecture. For that purpose, we calculate the expected contri-
bution of mutations to the heritable variation in a trait. We assume an additive trait
and that the fitness effects of mutations are semi-dominant. At a site with selection
coefficient s, the expected contribution to the variance from deleterious alleles below

frequency w is therefore

Vo(s) = %C’E(aZ\s) /0 " Fal9)a(1 — )dx, (2.2)

where E(a?|s) is the expectation of the squared effect size, f(z|s) is the probability
of the deleterious allele being at frequency x (without conditioning of the site being
segregating, i.e., including x = 0 and 1) and the C is a proportion coefficient (cf.
Supplementary Note, Section 4.1). A site’s expected contribution to variance is V7 (s)

and the proportional contribution from variants below frequency w is O (s) = “;“;((j)) ;

Note that while Vj(s) depends on the relationship between selection coefficients and
effect sizes, ©,(s) does not. When all sites are considered jointly, denoting the input
of mutations with selection coefficient s by u(s), the expected proportion of variance

from deleterious alleles below frequency w is

0, = . (2.3)

As an illustration, we consider a simple model in which we vary the correlation
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between selection on variants and their effects on a trait. We assume that half of
the newly arising mutations have a weak selection coefficient s,, = 0.0002 and half
have a strong selection coefficient of s¢ = 0.01. For strongly selected mutations, the
effect size on the trait, a, is chosen to be csg with probability %(1 + p) and csyy with
probability %(1 — p), where ¢ is a positive constant and 0 < p < 1; correspondingly,
for weakly selected mutations the effect size is chosen to be csy, with probability
%(1 +p) and csg with probability %(1 —p). In this model, the marginal distributions
of selection coefficients and effect sizes do not depend on p, while the correlation
between them is equal to p. To obtain Figure 4F we therefore varied p between 0

and 1. In Figure 4E, we consider the two extremes (p = 0 and 1).

2.7.8 URLs

The NHLBI GO Exome Variant Server, http://evs.gs.washington.edu/EVS; The

1000 Genomes public server, ftp://ftp.1000genomes.ebi.ac.uk/voll /ftp/.
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Figure 2.1: Time course of load and other key aspects of variation through

the course of a bottleneck (panels A, C, E) and exponential growth (panels

B, D, F). Each data line shows the expected number of variants, or alleles per MB,

assuming semi-dominant mutations (panels C, D) or recessive mutations (panels E,

F) with s=1% and mutation rate per site per generation:10_8.

Versions of these plots with linear scales can be found in Supplementary Figures 13,
14, and 16.
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Figure 2.2: Changes in load due to changes in population size during the
histories of European and African Americans for (A) semi-dominant and
(B) recessive sites. The blue lines show the difference in total expected load per
base pair of DNA sequence in the present day population compared to the ancestral
(constant) population size, as a function of selection coefficient. The green and red
lines show the difference in the amount of load due to segregating and fixed variants,
respectively. As can be seen, there is more load due to segregating variation in
modern populations, but this approximately cancels with reduced load to fixed sites
as shown by the total load lines (blue). The y-axis scale is linear within the grey
region and logarithmic outside.
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Figure 2.3: Observed mean allele frequencies in African and European

Americans at various classes of SNVs.
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Figure 2.3 (Cont.): Observed mean allele frequencies in African and Euro-
pean Americans at various classes of SNVs. The plot shows mean frequencies
in each population, plus and minus two standard errors, using exome sequence data
from Fu et al.[68]. Here a site is considered an SNV if it is segregating in the combined
AA-EA sample of 6515 individuals. The functional classifications of sites are from
PolyPhen2[6] with bias-correcting modifications. The AA and EA mean frequencies
are essentially identical within all five functional categories (p>0.05).
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Figure 2.4: Predicted effect of demography on the genetic architecture of
disease risk. All the plots assume an additive trait and, with the exception of
(B), are based on simulations with semi-dominant selection under the Tennessen et
al.[215] demographic model. Results for the constant population size model are also
provided for comparison. The upper plots show the cumulative fractions of genetic
variance due to alleles at frequency | z, based on: (A) simulated data with weak
selection (s =.0002); (B) assuming the observed frequency spectrum at "probably
damaging’ sites[68, 6], where a constant population size of 14,474 and selection coef-
ficient of 0.02% are used for comparison; and (C) simulated data with strong selection
(s = .01). Panel (D) depicts the fraction of variance due to rare alleles (i.e., j 0.1%)
as a function of the selection coefficient; (E) shows the per-site contribution to vari-
ance as a function of the selection coefficient under two extreme models, with effect
sizes that are either independent of s (constant) or proportional to s; (F) shows the
expected fraction of the variance due to rare variants (i.e., j 0.1%) as a function of
the correlation between the selection on, and effect size of variants. Further details
on the model are provided in the Methods.
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2.8 Supplementary Methods

2.8.1 Model and Simulations

Our basic model considers selection at a single site. We use the standard bi-allelic
diploid model with (in this order) two-way mutation, viability selection, drift and,
in some cases, migration [29]. Specifically, we assume there are two alleles at a site:
normal (N) and deleterious (D). An N allele mutates to the D allele with probability
u per gamete, per generation and the reverse mutation occurs with probability v.
Unless noted otherwise, we assume that mutation is symmetric, i.e., u = v. The
absolute fitnesses of the three genotypes NN, ND and DD are 1, 1 — hs and 1 —
s, respectively, where s > 0 and h > 0. We focus on semi-dominant (h = %)
and fully recessive (h = 0) selection because these two cases exhibit the full range
of qualitative behaviors (with selection acting primarily on heterozygotes in one
and only on homozygotes in the other), but we also consider the robustness of our
findings to other dominance coefficients (section 2.8.2). Allele frequencies in the
next generation follow from Wright-Fisher sampling with these viabilities, sometimes

with migration, and the population size and migration rates vary according to the

demographic scenario considered.

For each demographic scenario, we ran simulations of a single site for the semi-
dominant and recessive cases and varied the selection coefficient such that selection
ranges from effectively neutral to strong. For a given set of parameters, the number

of runs was determined by requiring a sampling error of less than 2% in estimates
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of the main summaries (e.g., the mean deleterious allele frequency and squared fre-
quency). Error bars denoting estimates of one standard deviation around the mean
are provided in all the graphs based on simulations, unless they are too small to be
visible. Each run begins with one of the two alleles fixed, where the proportion of
runs that start with each allele is given by the expectation at equilibrium. A burn-in
period of > 10N generations with constant population size N follows in order to
ensure an equilibrium distribution of segregating sites. The initial state is defined as
ancestral and the other state as derived; the derived and deleterious allele frequen-
cies are recorded at the end of the simulation. The code is written in C++ and is

available upon request.

Demographic scenarios. We consider three demographic scenarios. The most
detailed is the Out-of-Africa demographic model for African-Americans (AA) and
European-Americans (EA) estimated by Tennessen et al. [215] (Figure 2.5A). The
model includes the Out-of-Africa split of European ancestors, changes in population
size before and after the split (specifically a severe bottleneck in Europeans following
the split and recent rapid growth in both Europeans and Africans) and migration
between the populations after the split (see Figure 2.5A for details). Finally, the
model includes recent admixture between the populations, which we include in our

simulations only when we compare our results to data from AAs.

While the Tennessen et al. model was parameterized in a diffusion framework, i.e., in
continuous time, Wright-Fisher simulations require discrete numbers of generations

and individuals. We therefore divide the times by 25 years per generation (the
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generation time that Tennessen et al. assume) and round the number of individuals
associated with any of the parameters (e.g., growth) to the nearest integer. We
implement migration by sampling alleles from the local population with probability

1 —m and from the other population with probability m each generation.

We also study two simpler demographic scenarios. To understand the effects of recent
explosive growth of human populations, we use a simple model of exponential growth
with parameters matching those of the African population in the Tennessen et al.
model (see Figure 2.5B for details). For the purpose of analysis, this scenario is
sometimes extended by adding a period with constant population size after growth
ends. Similarly, to investigate the effects of the bottleneck in Europeans at the Out-
of-Africa split, we consider a simple model of a bottleneck with parameters matching
those of the European bottleneck in the Tennessen et al. model (see Figure 2.5C
for details). Here, we sometimes extend the period after the reduction in population

size to study longer-term equilibration to reduced population sizes.

Validating the simulation. We used two approaches to check the validity of the
simulations. For a constant population size, we compared the frequency spectra from
simulations with those expected under the diffusion approximation (cf. [53]) for the
neutral case as well as for several semi-dominant and recessive selection coefficients
(Figure 2.6). We note that obtaining similar frequency spectra implies that simpler
summaries, such as the number of segregating sites under neutrality or the average

deleterious allele frequency at mutation-selection balance, will also be similar.

For the more elaborate Out-of-Africa demographic model, we compared the minor
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allele frequency spectrum from neutral simulations with the spectrum observed at
non-coding sites in Fu et al. [68] We cosider non-coding sites for this purpose as
these are assumed to be under the least selection (Figure 2.7). In their Figure 2A,
Tennessen et al. find a close agreement between the observed spectra and a diffusion
approximation under their demographic model. We find close agreement of our
neutral simulations to data from both AAs and EAs and the slight differences that

we do find are similar to those in their Figure 2A [215].

Sensitivity to mutation rate. Unless noted otherwise, we follow Tennessen et
al. [215] in using a mutation rate of u = 2.36 - 10~ per bp per generation. Given
that recent estimates suggest a lower mutation rate (e.g. Kong et al. [116], Sun et al.
[212]), we examine here the sensitivity of our simulation results to this assumption.
We find the derived allele frequency spectrum to be extremely robust, remaining
essentially unchanged when we double or halve the mutation rate (Figure 2.8A).
As expected, the number of segregating sites and the number of sites fixed for the
derived allele increase (linearly) with the mutation rate (Figure 2.8B). The increase
in the number of sites fixed for the derived allele follows from the increased rate of
fixation in the burn in period (akin to fixations that occur between the ancestor of
humans and chimpanzees and the Out-of-Africa split). Thus, assuming a different
mutation rate will affect some of our quantitative results. Notably, if the mutation
rate in humans is indeed lower than the one we use, as recent estimates suggest, the
proportion of segregating sites would be lower, resulting in an even smaller effect of
recent demographic history on load than our analysis suggests (see section 2). Our

qualitative finding of a negligible effect on load is unchanged. Moreover, our results
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concerning the effects of recent demography on genetic architecture derive from the

frequency spectrum and therefore are unaffected.

2.8.2  The effects of demography on load

We assume that fitness is multiplicative across sites and that selected sites are at
Linkage Equilibrium (LE). The absolute fitness of individual i can then be written

as
M
Wi =[] wij
J=1

where the product is taken over the M sites contributing to fitness and w; ; is the
contribution of site 7, which depends on the genotype of the individual and on the
selection and dominance coefficients at that site. Given LE, the contributions of sites

to the expected fitness in the population are independent and therefore

M M
EW;) =[] B(wij) = exp(= Y _(2hjs;pjq; + 5i43)),
j=1 j=1

where p; and g; are the frequencies of the normal and deleterious alleles at site j.
We note that the approximation applies for strong selection because the frequency g;
is small, as well as for weak selection because then the selection coefficient is small.
Finally, taking an expectation over evolutionary realizations (which is equivalent to

an expectation over many sites with the same parameters in a single realization)
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yields

M
E(W) ~ exp(— Z (2hjs;E(pjq; —|—sjE(qJ2-))). (2.4)
7=1

The latter expression relates the population dynamics at a site with the overall

reduction in fitness.

Genetic load is defined as the relative reduction in average fitness caused by delete-

rious alleles, calculated as

7 Winae =W
Wmal’ ’

where Winaz is the fitness of an individual without deleterious alleles and W is the

average fitness [29]. Denoting the terms associated with a single site in Equation 2.4
by
I(h, 5) = 2hsE(pg) + sE(q?) = s2hE(q) + (1 — 2ME(?),  (25)

the fitness function can be rewritten as

M
E(W) ~ exp(— Zl J,Sj
Jj=1

This form emphasizes that the reduction in fitness caused by a single site generally
depends on the first two moments of the deleterious allele frequency. Specifically, in

the semi-dominant model, it depends only on the first moment
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and in the recessive model it depends only on the second
1(0,5) = sE(q°).

Moreover, this form shows that [(h, s) provides a natural additive measure for the

expected reduction in fitness caused by a site.

Throughout the manuscript we therefore use (h, s) as our measure for the contribu-
tion of a site to load. For a model with a single site, it coincides with the definition

of load, as E(L) = I(h, s). For more than one site,

M
E(L) =~ 1—exp(— Zl(hj,sj)).
7=1
Given that in our model, the load from all sites is a simple function of the sum of

l(h, s) across sites, for brevity, we refer to [(h,s) as load.

With a constant population size, the load exhibits three standard dynamic regimes
depending on the scaled selection coefficient (Figure 2.9): (i) An effectively neutral
regime, in which a = 2Ns < 1 and the effects of selection are negligible compared
to drift; (ii) a weak selection (or nearly neutral) regime, in which & = 2Ns & 1 and
the effects of selection and drift are comparable; (iii) a strong selection regime, in

which o = 2Ns > 1 and selection dominates over drift.

In what follows our analysis is divided according to these three regimes. When the

population size changes, the boundaries between regimes are affected. Moreover,
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the rate at which the equilibrium for a new population size is attained depends
on the summary of the data considered. We consider summaries for segregating
sites, e.g., the proportion of segregating sites and the allele frequency at these sites,
and summaries for fixed sites, e.g., the proportion of sites fixed for the deleterious
allele (which we call fixed state). Specifically, we are interested in the effects of
demography on the contribution of segregating and fixed sites to load, which we refer
to as fixed and segregating load, and in their sum, which we refer to as total load.
We consider the behavior of these statistics for the two simple demographic models,
which together allow us to understand all qualitative behaviors exhibited under the
more detailed Tennessen et al. model (2.10). For these demographic models, we

primarily consider two modes of inheritance (semi-dominant and recessive).

To simplify our theoretical analysis, we make several reasonable assumptions about
the parameters of the model. For brevity, we focus on the case with symmetric
mutation (u = v) and, because we are considering human populations, we assume
that the population mutation rate per site is small, i.e., that § = 2Nu < 1. We also
assume that the selection coefficient is small, i.e., s < 1. A summary of our analyses
are presented in Figure 2.10 and Table 2.1. A detailed description of the behavior in

each regime follows.
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The effectively neutral regime

When selection is negligible compared to drift, the behavior of deleterious alleles is
well approximated by that of neutral alleles. As the properties of neutral alleles (e.g.,
the proportion of segregating sites and frequency spectrum) in models with constant
and varying population sizes have been studied exhaustively (e.g., [214, 93, 231]),

here we focus only on the implications concerning load.

First, we consider how load depends on the selection coefficient at equilibrium for
a constant population size. If deleterious alleles behave like neutral ones, the first
two moments of the deleterious allele frequency distribution do not depend on the
selection coefficient and therefore the load is proportional to the selection coefficient
(see Eq. 2.5). This explains the linear relationship between selection coefficient and

load shown in Figure 2.9.

At equilibrium, load depends negligibly on the population size. Using the diffusion
approximation for the stationary deleterious allele frequency distribution [53], the

expansion of the load to first order in o and S yields
S 1

Thus, as long as f < 1 and a < 1, the load is well approximated by s/2 regardless
of the population size and dominance coefficient (hence the similarity in load for the
semi-dominant and recessive cases in Figure 2.9). Intuitively, this follows from the

fact that the great majority of sites are fixed, and because selection is negligible, half
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of them are fixed for the deleterious allele (;7 for asymmetric mutation).

The same reasoning implies that changes in population size will have a negligible
effect on the total load in this regime (Figure 2.11). While changes in population size
affect the proportion of segregating sites and thus their contribution to load, so long
as the population mutation rate remains negligibly small (§ < 1), the segregating
load will remain negligible compared to the fixed load. In the bottleneck model, the
proportion of segregating sites decreases to a new equilibrium after the reduction
in population size (Figure 2.11A). This explains the decrease in segregating load,
which is balanced by an increase in fixed load (Figure 2.10). By the same token,
in the growth model, the segregating load increases but is balanced by a decrease
in fixed load, resulting in a negligible change to the total load (Figure 2.10 and
Figure 2.11B). In this case, however, segregating sites are still far from their new

equilibrium at present (see the next section).

The weak selection regime

In the weakly selected regime, selection and drift have comparable effects on the
dynamics of deleterious alleles. As a result, at equilibrium, even moderate differences
in population size can affect the balance between selection and drift. Changes in
population size also shift the balance, and are followed by transient changes at fixed
and segregating sites until a new equilibrium is attained. To understand these effects,

we consider the behavior at equilibrium and the rate at which it is approached. For
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this purpose, it is helpful to use the low mutation rate (LMR) approximation in
which mutant alleles at a segregating site have a single origin; in other words, we
ignore mutations that arise during the sojourn of a mutant allele from the time it
arises on a background fixed for the other allele to the time it reaches fixation or loss

in the population.

The effect of population size on the proportion of sites fixed for the normal
and deleterious alleles. At equilibrium, the rate at which deleterious alleles arise
and fix is equal to the rate at which normal alleles arise and fix. This balance can

be written as

1 1
2Nupr(—2N's, h, ﬁ> =2Nuvgn(2Ns,1 — h, ﬁ)’

where 7 denotes the fixation probability, which depends on the scaled selection and
dominance coefficients and on the initial frequency [76] (because s < 1, we ignore

second order terms in s). For s < 1 and any dominance coefficient, this yields

1

g _ E 7T(—2N87h7w) ~ E6_2NS
1 .
p U7T(2N871—h,m>

4

Namely, at equilibrium, the proportion of fixed deleterious sites declines exponen-
tially with the scaled selection coefficient &« = 2N's (Figure 2.12A). Thus, for a given
selection coefficient s, the population size has a dramatic effect on the proportion
of sites fixed for the deleterious allele, declining from the neutral, mutation-driven,

proportions for s < ﬁ to approximately 0 for s > ﬁ
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Importantly, however, when the population size changes, the new equilibrium pro-
portion may be attained very slowly. The fractions, p(t) and ¢(t), of sites fixed for
the normal and deleterious alleles ¢ generations after a change in population size

(assuming p(t) + ¢(t) = 1) are well approximated by the model

d [ p —2Nqum(—2Nas, h, 57-)  2Nagvm(2Nas, 1 — h, o3r-) P
dt 2Nqum(=2Nas, h, 53)  —2Navm(2Nas, 1 — h, 537 q

where NN, is the population size after the change, and fixation times (on the order
of 4N, generations) are neglected. An additional contribution from sites that were
segregating before the change is considered below. In this approximation, the change

in the fraction of sites fixed for the deleterious alleles is

where ng and ¢o? are the equilibrium fractions corresponding to the population sizes

before and after the change, and

-1
1 1
T = |:2Na (Uﬂ'(—2Na57 h, m) + U7T(2Na8, 1-— h, m))]

is the timescale of the exponential approach to the new equilibrium. For the semi-

dominant case and s < 1, this time scale is well approximated by




demonstrating that it is mutation-limited. This is also true for other dominance
coefficients. In other words, following an instantaneous change in population size,
the proportion of sites fixed for the deleterious allele will change extremely slowly, at

a rate that is inversely proportional to the mutation rate (Figure 2.12B and C).

Because the equilibrium is reached slowly, recent demographic changes in humans
should have had little effect on the proportion of sites fixed for the deleterious alleles
and hence on the fixed load. The bottleneck at the Out-of-Africa split is estimated to
have reduced the population size from ~ 14,000 to 1, 800 approximately 2000 genera-
tions ago [215]. Once a new equilibrium is reached, there will be a substantial increase
in the proportion of fixed deleterious alleles; for example, for a semi-dominant dele-
terious allele with selection coefficient of s = 1074, it would increase it from 0.05
to 0.4. Yet the change over 2000 generations is minimal, increasing this proportion
only by 3-107°. The estimated 200 generations since the onset of rapid growth in
humans is similarly much too short a time period for any measurable effect on the

fixed load (which in this case would decrease over large time periods).

The effects of population size on segregating sites. First we consider how
the equilibrium properties of segregating sites depend on population size in models
with constant population size (Figure 2.13). The deleterious allele frequency at
segregating sites decreases with increasing population size, because the efficacy of
selection is greater in larger populations (Figure 2.13A). In turn, the proportion of
segregating sites increases with population size due to the (linear) increase in the

number of mutations that enter the population every generation (Figure 2.13B).
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This is true not only for the population as a whole but also for subsamples from it
of any size (Figure 2.13C). Finally, the deleterious allele frequency and proportion of
segregating sites decrease with increasing dominance coefficient, as stronger selection
in heterozygotes results in stronger selection on deleterious mutations (regardless of
their frequency) and thus in a shorter sojourn through the population. Thus, in
larger populations or if the dominance coefficient is greater, we expect a greater

proportion of segregating sites with deleterious alleles at lower frequency.

The total load decreases monotonically when the population size increases (as can be
shown using the stationary distribution based on the diffusion approximation [53],
for example). This is not true of the segregating load, because the increase in the
mutational input can have a greater effect than the increase in the efficacy of selection
(Figure 2.13D). Indeed, for selection coefficients closer to neutrality, the increase in
mutational input (and the proportion of segregating sites) dominates, causing the seg-
regating load to increase with population size (akin to the behavior in the effectively
neutral regime). In contrast, for selection coefficients closer to the strong selection
regime, the increase in the efficacy of selection dominates, leading to a reduction in

segregating load (akin to the stronger selection regime; see section 2.8.2).

Next we consider the effects of a change in population size. We begin by noting that,
for a given population size, the expected sojourn time of deleterious and beneficial
mutations that reach fixation is shorter than that for a neutral mutation and is
thus on the order of 4N generations or less [53]. This implies that on the order of

4N, generations after a change in population size, most of the old mutations (i.e.,
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those that segregated before the population size changed) have been absorbed (either
due to loss or fixation), and replenished by new mutations (that arose and spread
through the population at its new size). When this turnover process is complete,
new segregating sites approach their equilibrium proportions (given a background of

fixed sites).

In the bottleneck model, the reduction in the efficacy of selection causes an increase in
total load, where the behavior of the components of load can be understood as follows
(Figure 2.14). Focusing first on the contribution of old mutations to the fixed load:
When old mutations are absorbed, the reduction in the efficacy of selection leads
more deleterious alleles to fix than would have had the population size remained
constant (at the larger size), eventually resulting in an increase in fixed load. The

increase can be approximated by
1
A(s, h,u, Ny, Ng) = / (m(=2Ngs, h,x) — 7(—=2Nys, h,x)) f(x; h,2Nys, 2Nyu)dz,
0

where f(x;h,2Nys,2Nyu) is the stationary distribution before the change in pop-
ulation size [53]. The increase is maximized for selection coefficients at which the
change in population size leads selection to transit from strong to weak, and is neg-
ligible outside this range (Figure 2.14A; explaining why it is more pronounced in
Figure 2.14C and D than in E and F, correspondingly). The increase in deleteri-
ous fixations and load is then followed by a long-term, slower increase in the fixed
load due to new mutations (Figure 2.14C-F). In the parameter regime where the

fixation of old mutations makes a substantial contribution to load, there is also a
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transient increase in segregating load before the mutations fix (in Figure 2.14C for
example). These effects are more pronounced in the recessive case, because of the
greater frequency and proportion of segregating sites. Now focusing on the segregat-
ing load (Figure 2.14B): when segregating sites attain equilibrium, the reduction in
population size causes a decrease in segregating load for lower selection coefficients
(Figure 2.14C and D) and an increase for higher selection coefficients (Figure 2.14E
and F). Thus, for higher selection coefficients in the weak selection range, both old
and new mutations contribute to the transient increase in segregating load observed
in Figure 2.10. For the lower selection coefficients in this range, the segregating load
decreases both in the short and long term but the fixation of old mutations still re-
sults in an overall increase to the total load (Figure 2.10). Importantly, however, on
the timescale estimated for the bottleneck at the Out-of-Africa split (vertical line in

Figure 2.14), these effects amount to a tiny increase in total load (Figure 2.10).

What about in the case of growth? Human population growth is thought to have
started a couple hundred of generations ago, ending with an effective population
size in the hundreds of thousands and starting from a size that was thirty-fold
smaller [215]. Given the estimated growth parameters, there was insufficient time
for the deleterious alleles that segregated before the onset of growth to change their
frequencies substantially. Indeed even with the increase in the efficacy of selection
as the population size increases, in this regime, selection is too weak to have caused
a substantial change in allele frequency over hundreds of generations (although it
could have caused the absorption of very rare or very high frequency alleles). After

growth, the resulting frequency spectrum of deleterious alleles thus reflects a su-
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perposition of the spectrum of segregating sites before growth and of the spectrum
at the large number of sites in which mutations were introduced after the onset of
growth (Figure 2.15). The many new mutations remain at low frequencies. Because
of an increase in the proportion of segregating sites, the segregating load increases
at the expense of fixed load, but with negligible effects on the total load, given both
the low frequency of new mutations as well as the opposing contributions of normal

and deleterious mutations (Figure 2.10).

The strong selection regime

In this regime, purifying selection is sufficiently strong to prevent deleterious alleles
from reaching high frequencies, let alone fixation. It follows that there is only seg-
regating load. If we assume that the deleterious allele frequency is small and that
the dominance coefficient is sufficiently large, then the load is well approximated
by

I(h,s) =~ 2hsE(q).

Stated another way, when selection against heterozygotes is sufficiently strong, then
deleterious homozygotes would be too rare to affect load. Under these assump-
tions, the diffusion approximation at equilibrium with a constant population size [53]

yields
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implying that the load is well approximated by
I(h,s) = 2u.

We refer to the cases where these conditions are met as quasi-dominant.

In the recessive case, the load depends on the second moment of deleterious allele
frequency. Assuming once again that the deleterious allele frequency is small, the dif-

fusion approximation at equilibrium with a constant population size [53] yields

E(¢*) ~

w |

implying that the load is well approximated by

(0, s) =~ u.

The expressions for load in both cases are identical to the classic ones for mutation-
selection balance, which are derived assuming an infinite population size [76]. They
imply that at equilibrium, the load depends neither on the selection coefficient (ex-

plaining the plateaus in Figure 2.9) nor on the population size.

When the dominance coefficient is sufficiently small, however, the load does depend
on population size (Figure 2.16). This will be the case when selection against het-
erozygotes is weak, i.e. when 2Nhs > 1 does not hold, as then both moments

of deleterious allele frequency make comparable contributions to load. Holding the
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selection coefficient and population size constant, in this range of dominance coeffi-
cients, the load varies continuously with h between u and 2u (Figure 2.16A). In turn,
holding h < 1 and N > 1 constant, increasing s also leads the load to vary from u
to 2u (Figure 2.16B).

Next, we consider the effect of changes in population size, for the quasi-dominant and
then the recessive case. We show that in the quasi-dominant case, the load remains
constant and is well approximated by the classic derivations for mutation-selection
balance. In the recessive case, the load exhibits transient changes before it returns

to its equilibrium level.
The quasi-dominant case

In the quasi-dominant case, we can assume deleterious alleles are sufficiently rare
that selection against deleterious homozygotes can be ignored and selection has neg-
ligible effects on average fitness. Under these conditions, we can approximate the
trajectory of a deleterious allele using a branching process (cf. [59]), in which the
number of copies that a given deleterious allele gives rise to in the next generation
follows a distribution that is independent on the frequency of deleterious alleles in

the population.

Consider a single deleterious allele that was introduced by mutation at time ¢ = 0 and

denote by Z(t) the number of deleterious alleles that it gives rise to at generation t.
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The number of mutant alleles in the next generation can then be expressed as

Z(t)

Z(t+1)=> X;(t),

1=1

where X;(t) denotes the number of offspring of the ith allele at time ¢ and i =
1,...,Z(t). We denote the expected number of offspring of a single allele by A, i.e.,
E(X;(t)) = A; if we ignore mutations back to the beneficial allele then A = 1 — hs

and if we include them then A =1 — hs — v. The expected number of alleles in the

next generation is then

E(Z(t+1) = E(Z Xi(t) =) Pr(Z(t) = HIEXi(t) = E(Z(D)A,  (26)

or

E(Z(t)) = \". (2.7)

Now consider the expected number of deleterious alleles at mutation-selection bal-
ance. For this purpose, we measure time backwards from the present. We denote
by Y7(7) the number of mutations introduced 7 generations ago and by Y;(t) the
number of alleles that they give rise to at time . The number of deleterious alleles at
the present can then be expressed as the sum of contributions from all the mutations

in the past, i.e. Y 22 Y-(0), where, from Equation 2.7,
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In turn, the expected number of new mutations in a given generation is well approx-
imated by
E(Y7(7)) = 2Nu.

It follows that the expected deleterious allele frequency is

B(g) = 5B Yo(0) = 5 3 BIG(m)N = -,
=1 T=1

and thus the expected contribution to load is 2u - well-known results for mutation-

selection balance.

Next, we consider a changing population size. We denote by N(t) the population
size t generations in the past and by a(t) = % the proportional change in one
generation. Now the expected number of new mutations introduced at a given time

is proportional to the population size
E(Yr(7)) = 2N(7)u,

but the fraction of new mutations in the population remains constant (u). Simi-
larly, the expected number of alleles in the next generation is affected by changes in
population size

E(Yr(t = 1)) = Aa(t) E(Y7 (1)),

but their fraction is not, because their increase in number is precisely offset by the
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increase in population size

Yo(t— 1)
ON(t—1)

N(t) Yo(t) | _
N(t — 1)E(2N(t)) B

E( ) = Aa(t)

It follows that the proportional contribution of alleles to the present is the same as

that in a constant population size:

vz(0)
2N (0)

E( ) =u\",

leaving the deleterious allele frequency and the load at the present unchanged (at hls
and 2u). In other words, the expected frequency of deleterious alleles and therefore
the load follow the same deterministic dynamic as they do in a population of constant
size, because when the population size changes, the increase (decrease) in the copy

number is precisely offset by the increase (decrease) in population size.

We note that incorporating reverse mutation and migration will not change this
conclusion. Reverse mutation would reduce A, while introducing migration would
be similar to both decreasing A (due to migration of deleterious alleles out of the
population) and increasing the mutational input (due to migration of deleterious

mutations into the population).

Our results clarify how the expected deleterious allele frequency and proportion of
segregating sites at equilibrium depend on population size. When the population
mutation rate is sufficiently low, a site switches intermittently between having no

deleterious alleles and having a single mutation (by origin) in the population (Fig-
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ure 2.17A). Under these conditions, in a larger population size, the mutational input
is larger and thus the proportion of time that a site is segregating increases (Fig-
ure 2.17B). Because the trajectory of a mutation in terms of numbers of copies does
not depend on the population size, the frequency of the mutation is proportional
to 1/N, so the expected frequency of deleterious alleles at segregating sites scales
with 1/N (Figure 2.17C). In turn, when the population mutation rate is sufficiently
high, deleterious alleles are almost always present and often have several mutational
origins. Under these conditions, the proportion of segregating sites approaches 1
(Figure 2.17B). Given that the expected frequency at segregating sites is z = B’;JW’
it follows that the allele frequency asymptotes to ¢ = % (Figure 2.17C). In turn,

the variance in allele frequency decreases with population size and asymptotes to 0

in the infinite population size limit.

After a change in population size, a new equilibrium is attained much more rapidly
in the strong selection regime because of the rapid turnover of deleterious alleles (see

Figure 2.18). However, load is unaffected.

Thinking in terms of the branching process helps us to evaluate previous conjec-
tures about the possible effects of human growth on deleterious alleles. For example,
Keinan and Clark [112] suggest that “Some degree of genetic risk for complex disease
may be due to this recent rapid expansion of rare variants in the human population”.
It is indeed the case that the expected copy number of deleterious alleles should be
greater under exponential growth; specifically, for a population growing at a geomet-

ric rate vy per generation, the copy number will change at a geometric rate of A + v
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per generation, which will result in an increase if A + v > 1. Moreover, population
growth increases the sojourn time of a deleterious mutation and, when A\ + v > 1,
there is a finite probability it would never go extinct [163]. Importantly, however, the
expected frequency of quasi-dominant deleterious alleles remains constant, so human

population growth has no effect on load.
The recessive case

In this case, the load at equilibrium is again insensitive to population size, but
the underlying reasons are quite different than in the quasi-dominant case. In the
recessive model, a deleterious allele behaves neutrally while at low frequencies. As
a result, its sojourn time (i.e., the expected time that it spends at frequency x) is
well approximated by that of a neutral allele (Figure 2.19B). When the frequency
x reaches 2Nsz? ~ 1, selection on homozygotes for the deleterious alleles kicks in,
and the allele should spend little time above this frequency. In the low mutation rate
(LMR) approximation, we can therefore approximate the sojourn time of a recessive

deleterious allele as

2(2N—-1) 1
= H0=r<5y
~ 2 e 1 1
7-(37) z lf2—§l'< oNs
0 if 21N3 <zr<1

where the expressions for x < 1/v/2Ns are the sojourn times (in generations) for

a neutral allele (Fig 2.19B). In this approximation, the expected contribution of a
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deleterious mutation to load is then
1 Tave o2 1
s/ 227 (z)dz ~ s/ 2l = —,
0

and, given that the expected input of new mutations per generation is 2Nwu, the
overall expected load is
1

In other words, (in the low mutation limit) for a given population size N, a reces-
1

sive allele behaves neutrally up to a frequency of N~ 2, resulting in an expected

contribution to load that is proportional to N 1. In turn, the mutational input is

proportional to NN, so they exactly offset.

This back of the envelope approximation also provides an intuitive explanation for the
way in which the properties of segregating sites at equilibrium depend on population
size (Fig 2.19). First, we consider the proportion of segregating sites (Fig 2.19A).
When the population size is sufficiently small for the LMR approximation to apply,
the proportion of segregating sites can be approximated by the ratio of the sojourn
time of a single mutant through the population to the time between appearances of

mutations, namely:
~ 2Nu(In(2N/s) + 2).

fol 7(z)dx
1
2Nu

In a larger population size and hence with a larger mutational input, mutations of

different origin will overlap, resulting in a slower increase in the proportion of seg-
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regating sites with population size. When the mutational input becomes sufficiently
large, this proportion asymptotes to 1. Next, we consider the frequency of deleterious
alleles. In the LMR approximation, the frequency spectrum of segregating sites can

be approximated using the neutral sojourn times up to the threshold frequency \/2#7
S

2
V2Ns
2—|—ln% '

increases, such that mutations of different origins overlap, the decrease in average

(Fig 2.19B), yielding an average frequency of F(z) ~ As the population size
frequency becomes slower and asymptotes to E(z) = E(q) = /u/s (Fig 2.19C).
Lastly, the turnover time of segregating sites for a given population size N is on the
order of 24/ % As it was for other regimes, this is the time scale for the process of

equilibration following a change in population size.

We now consider the implications for the bottleneck and growth models. In the
bottleneck model, after the reduction in population size, there is an increase in load
followed by a decrease back to the equilibrium level (Figure 2.20A). The transient
increase in load (blue arrow in Figure 2.20A) is dominated by the contribution of
mutations that segregated before the decrease in population size. The proportion of
sites that segregated before was greater and their frequencies lower than after the
population size reduction, and while these segregating mutations are gradually ab-
sorbed, some of them will drift to higher frequencies, generating a transient surge in
load (Figure 2.20B). In turn, the newly introduced mutations have yet to reach equi-
librium frequencies and, given that the contribution of the lower frequencies to load is
much smaller, they contribute negligibly. In the Tennessen et al. model, the time that
elapsed since the bottleneck is longer and the segregating sites are therefore closer

to the new equilibrium (green arrow in Figure 2.20A). Correspondingly, the relative
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contribution of new mutations is greater and their frequency distribution is closer
to equilibrium with the new population size, and yet some contribution from the
older mutations remains (Figure 2.20C). These considerations also explain why load

exceeds above equilibrium levels in the strong selection regime in Figure 2.10.

In the growth scenario, we see the opposite transient effect: the load is reduced
before recovering to its equilibrium level (Figure 2.20D). After the growth period,
the number of segregating sites is greatly increased, but the new mutations have
had little time to drift to higher frequency. As a result, new mutations segregate
at very low frequencies and contribute negligibly to load (Figure 2.20E and F). In
turn, mutations that segregated before growth have decreased in frequency due to
the increased efficacy of purifying selection, and so their contribution to load declines
substantially (Figure 2.20E and F). The result is a transient reduction in load (seen

in Figure 2.10 as well as in Figure 2.20D).

Models with dominance coefficients other than 0 and %

Here we provide summaries of simulations with dominance coefficients other than 0
and 1/2 to illustrate that the same qualitative behaviors are observed. As shown in
Figure 2.21, all of the observed qualitative behaviors are included in our previous

analysis and summarized in Table 2.1, with one possible exception.

The exception is in the bottleneck model in cases with dominance coefficients h >

1/2, where the total load is reduced for lower selection coefficients in the weak se-
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lection regime. The reason for this reduction in load is analogous to that for the
increase in load that we saw in the recessive case in the same selection regime. For
dominance coefficients greater than half, the extinction of low frequency deleterious
alleles that segregated before the reduction in population size decreases load more
than the fixation of high frequency deleterious alleles increases it. The opposite is

true for dominance coefficients smaller than half.

2.8.8 Data analysis and interpretation

We used data from Fu et al. (2012) [68] and from the 1000 Genomes Project [217].
Allele frequency estimates from Fu et al. are available from the NHLBI GO Exome
Variant Server (http://evs.gs.washington.edu/EVS/). These provide estimates of
the derived allele frequencies at exonic SNVs in European- and African-Americans
(EA and AA). Variants with allele frequencies 0 or 1 in both EA and AAs were

excluded.

The haploid sample sizes in Fu et al were EA Autosomal: 8596, EA X: 6717, AA
Autosomal: 4434, AA X: 3852. Our primary analysis in the main paper (reported
in Figure 3) uses the full sample sizes with the autosomal data. For the purpose of
Table 2.2 we wished to compare means on the X and autosomes. Since mean allele
frequencies of segregating sites are affected by total sample size, we implemented
the following subsampling strategy to facilitate direct comparisons between X and

autosomes. First, we converted the reported allele frequencies for each site back into
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allele counts (i.e., multiplying each reported frequency by the relevant haploid sam-
ple size). Next, we randomly subsampled the autosomal EA and AA variants and
the X chromosome EA variant allele frequencies down to a sample size of 3852 chro-
mosomes each, in order to match the haploid sample size for the African-American X
chromosome. Subsampling was done without replacement, using the hypergeometric
sampling function in R. After sub-sampling, variants whose allele frequencies were
both either 0 or 1 were once again dropped. Two-sided t-tests were used to test for

allele frequency differences between groups.

1000 Genomes Project vef files (Phase 1 Version 3) were downloaded from the offi-
cial 1000 Genomes public server (ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/).
YRI and CEU individuals with (at least) exome sequencing coverage were extracted
from the original .vcf files (88 YRI individuals and 81 CEU individuals). 7 YRI in-
dividuals, chosen at random, were removed to match sample sizes between YRI and
CEU. Variants that were fixed for either allele in both populations were removed.
Any variant that was not an SNV or did not contain ancestral allele information was

also dropped.

A natural measure for comparing the difference in load between two populations is to
count the mean number of derived alleles per individual at SNVs segregating within
the joint sample. Note that it is essential in these calculations to define SNVs using
the joint sample, otherwise sites that are fixed for the derived allele in Population A
but not in Population B would lead to the erroneous conclusion that there are more

derived alleles in B than in A.
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For our analysis, we found that it is convenient to work with the mean derived
allele frequency within each functional class. This quantity allows us to compare
frequencies directly between classes, and is also conveniently computed from the Fu
et al frequency data. These two measures (mean derived frequency and number of
derived alleles per individual) are proportional to one another and hence must yield
identical conclusions about the relative load in different populations (for a given
functional class: DAF multiplied by twice the number of SNVs yields the number
of derived alleles per individual, assuming that missing data have been filled in
appropriately). Notice also that we are dealing with mean numbers of alleles, and
so these measures are unaffected by deviations from HWE or LE which affect the

variance in numbers of derived alleles per individual but not the means.

Of course the number of derived alleles is not equivalent to the number of deleterious
alleles, as some variants may be neutral; additionally for weakly selected sites there
is a small probability at each site that the ancestral allele is deleterious. Nonetheless,
the load is expected to be monotonically increasing with the number of derived alleles.
As shown in Figure 2.22, we predict that at semidominant sites there should be
essentially no difference in mean derived frequency between AAs and EAs, regardless
of selection coefficient. At recessive sites we would expect a small increase in mean
frequency in AAs at moderately and strongly selected sites. The fact that we do not
observe any significant difference in allele frequencies at “probably damaging” sites

argues that the majority of these sites are at least partially dominant.

Mean derived allele frequencies were calculated for both populations at autosomal
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noncoding, synonymous, and nonsynonymous sites, as well as autosomal nonsynony-
mous variants belonging to the different functional categories. Standard errors for
each category were estimated using the standard deviation in DAF across sites, di-
vided by the square root of the number of sites in that category. For individual-level
analyses, we computed the SD in mean number of variants per individual by boot-
strapping across sites. The bootstrap analysis accounts for the evolutionary sampling

variance in allele frequencies.

The ANNOVAR suite of scripts [235] was used to obtain functional predictions for
each SNP from each of four prediction methods: PolyPhen2 [6], SIFT [121], LRT
[32] and MutationTaster [191]. Default program settings were used in each case. The
functional designations for each program are as follows: PolyPhen2: D (Probably
Damaging), P (Possibly Damaging), B (Benign). SIFT: D (Damaging), T (Tolerant),
LRT: D (Deleterious), N (Neutral) and U (Unknown). MutationTaster: A (Disease
Causing Automatic), D (Disease Causing), P (Polymorphism Automatic) and N
(Polymorphism). Coding versus non-coding and synonymous versus non-synonymous
designations were also determined using ANNOVAR. (Note that we also tested the
SeattleSeq annotations, and found that the overall numbers were similar (though
not identical) to those obtained from ANNOVAR; as with ANNOVAR we found no

evidence for a difference in DAF between populations.)

We observed that a strong reference bias exists at sites for which the genome reference
sequence carries the derived reference allele. This bias has also been observed by

David Reich and Shamil Sunyaev (personal communication). All four functional

74



prediction programs designate a very high proportion of these sites as being likely
nonfunctional or benign, even when the reference allele is rare in the population
overall. When we condition on the overall population frequency at these sites, we
find that a given site is much more likely to be classified as a probably damaging
site if the reference genome carries the ancestral allele than if it carries the derived

allele (Figure 2.23).

To deal with this bias, we treated the functional designations at sites where the
reference allele is derived as unreliable. As an alternative, we binned all SNVs into a
series of allele frequency bins (i.e., the bins shown in Figure 2.23). We assumed that
when we condition on the population allele frequency in a very large sample (i.e., the
Fu et al sample) that the identity of the genome reference allele carries essentially no
further information about the likely functional properties of a variant. Thus, within
a bin, the fraction of derived-reference SNVs that fall into each functional category
can be predicted from the fraction of ancestral-reference SNVs in that functional
category. Thus for example, if 20% of the ancestral-reference SNVs in a given bin
have functional category X, then we assume that each of the derived-reference SNVs
in that bin has a 20% probability of also being in functional category X. The mean
frequency of all SNVs in category X is estimated by summing across all ancestral-
reference SNVs in category X plus a sum of contributions from all derived-reference
SNVs, weighted by the estimated probabilities that each is in X. As shown in Table
2.3, the bias correction makes a substantial difference to the data analysis. Prior to
applying the bias correction, the mean frequency in AAs is substantially higher than

in EAs (presumably because more than half of the reference genome sequence is of
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non-African origin (Supplement of [82], p145)), but the bias correction makes the

two frequencies virtually identical as predicted for models with dominance.

We also provide supplementary results in which we made use of a new unpublished
version of PolyPhen’s PSIC scores that are calculated in a human-independent (i.e.,
unbiased) manner. (Thanks to Ivan Adzhubey and Shamil Sunyaev for access to
these.) These produce results that are very similar to those from our bias-corrected

version, in the sense of showing no difference between populations.

2.8.4 The effects of demography on the genetic architecture of

disease risk

A great deal of interest focuses on understanding how recent demographic history
has affected the genetic architecture of disease and specifically whether the recent
explosive growth has increased the contribution of rare variants to disease risk [34,
112, 158, 215]. Here, we use the theory that we developed to elucidate some of these
effects. Note that while in what follows we refer to disease risk, it also applies to any

other quantitative trait.

A model relating allele frequencies to disease susceptibility

We first consider the relationship between selection on individual loci and disease

risk. The few models for this relationship differ sharply in their assumptions. At
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one extreme, Pritchard [176] assumed that variants that increase disease suscepti-
bility tend to be deleterious, but that otherwise there is no relationship between
the strength of selection acting on these loci and the extent to which they increase
disease susceptibility. In turn, Eyre-Walker [55] assumed a correlation between the
strength of selection at a locus and its contribution to disease susceptibility. All else
being equal, a stronger relationship between the disease risk and fitness implies that
the variants that contribute more to disease risk are under stronger selection and, as
a result, tend to be younger and rarer. It also follows that their frequency distribu-
tion would be more susceptible to the effects of recent demographic events. Here we
consider models for the two extremes: one in which the effect sizes are independent
on the selection coefficients and the other where the effect sizes are proportional to

the selection coefficients.

To model how genetic variation relates to disease risk, we consider the L loci that
contribute to disease risk and denote the genotype of individual 7 at these loci by G; =
(9i15---»9i1) We assume that each of the loci is bi-allelic, with a normal (N) and
susceptible (5) alleles, and therefore denote the genotype at locus 7 (j = 1,...,L)
as g;j = NN, NS, or SS. We then assume that the probability of developing the

disease (ignoring life-history details) takes the form
L
P(G) =F()_ajlgj).
j=1
where F' is a monotonically increasing function with continuous derivatives that takes
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values between 0 and 1 and that

0 ifg=NN
aj(g) = hjaj ifg=NS
aj ifg=5S

where 11; and a; denote the dominance coefficient and effect size of the contribution
to susceptibility at locus j. Finally, we assume that the effect of each locus is small,
such that we can approximate the variance in susceptibility by the first term in a

Taylor expansion, i.e.,

L

L
V(P(G)) = [F/(ZE oy 9] 2ZV oy g] (2.8)

where the variances are taken over the population and
V(a(g)z,a,h) = a2x(1 — z) [(2h —1)202 + (1 — 482z + 202

where x is the S-allele frequency.

Our model in which the effect sizes are independent on the selection coefficients (and
similarly for dominance coefficients) follows directly. For simplicity we assume that
the effect sizes and dominant coefficients are constant, as assuming a distribution
yields similar results for all the quantities that we consider below. The variance in
disease susceptibility then follows from Eq. 2.8, where the a;’s and hj’s are constant

across loci and the distribution of allele frequencies (the x’s) is deterimined by the
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(independent) selection and dominance coefficients (for fitness) at these loci.

Next, we consider the model in which the disease itself is the agent of selection. In
other words that the fitness cost results entirely from the probability of developing the
disease. Denoting the fitness of affected individuals by W, and of unaffected by W,
the relationship between fitness, W, and the probability of developing the disease
then takes the form

W = PW,+ (1 — P)W,.

In turn, in our model, the relationship between genotype and fitness is

L L
W(G) = [Jwij~exp | =D (g |
j=1 j=1

where
0 ifg=NN
s; ifg=DD

and we assume that s; < 1 and therefore use an exponential approximation. Equat-
ing our two expressions for fitness leads to the following model for the relationship

between disease risk and genotype

Wy —W(G) Wy 1

L
P(G) = = — _ A
(G) W — W, Wy — W, WU_WQWCP ;%(gj)

It follows that under this model, the dominance coefficient and effect size for the
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contribution to disease risk equal those for fitness (justifying our use of the same

notation for the as in both).

We now return to the contribution of individual loci to disease risk under this model.

Assuming that each locus has a small contribution, i.e., that a;(g) < 1 (which

follows from s; < 1) for j = 1,..., L, we can approximate the variance in disease
risk by
L L
V(P) ~ exp(—QZ (aj(g4)) Z Vi(c(g5)) (2.9)
j=1 j=1

In other words, the contribution of an individual locus to variation in disease risk is
proportional to the variance in fitness at that locus. Here, we consider semi-dominant

and recessive loci for which the variances are
1 9
Viz;s, =) = 38 z(l—x) (2.10)

and

V(z;s,0) = s22%(1 — 2?), (2.11)

correspondingly.

Demographic effects on the variance

Figure 2.24 depicts how different allele frequencies at semi-dominant and recessive
loci contribute to the variance in disease risk under the Tennessen et al. [215] model

(expanding on Figure 4 in the main text). Because we consider only one selection
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coefficient at a time, the relationship between effect sizes and selection coefficient has
no effect here; however, we do assume that the dominance coefficient for fitness and
for disease risk are the same. The graphs can also be interpreted as the proportional
contribution of different allele frequencies to the variance in fitness among individu-
als. To elucidate the effects of recent demographic events, we also show results for
the model with a constant population size (equivalent to the one for the African
population before the onset of growth) and for a population that experienced the
same instantaneous increase in population size as the ancestral African population
in the Tennessen et al. model but then remained constant (from ~ 7,000 to ~ 14,500
around 6,000 generations ago, cf. Figure 2.5A), which we refer to as the older growth

model.

Demographic effects in the semi-dominant case. First, we consider the effec-
tively neutral regime (Figure 2.24A). In the model with constant population size,
the proportional contribution is uniform across frequencies, as expected [53]. In the
model of older growth, there is an increased contribution of low and high frequency
alleles to the variance (as diversity patterns did not have sufficient time to reach
equilibrium yet). In the model for Africans, a similar pattern is observed, with a
tiny increase in the contribution from rare alleles due to recent growth (amounting
to 0.41% of variance in deleterious variants with frequency below 0.1% and 0.4% in
variants above 99.9%). In the model for Europeans, the increase due to growth is
also negligible (0.61% of variance in variants with frequency below 0.1% and 0.6% in
variants above 99.9%). However, the bottleneck leads to an increased contribution of

intermediate frequencies at the expense of moderately low and high frequency alleles
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(since low and high frequency alleles are quickly lost or fixed after the reduction in

population size).

In the weak selection regime (Figure 2.24B), selection leads to a shift towards lower
frequencies and thus to an increased contribution to variance of lower frequency
alleles. In turn, the effect of older growth is to increase the contribution of high
frequencies: the reason being that before the increase in population size, a greater
proportion of sites is fixed for the deleterious allele and at such sites, normal muta-
tions lead to high frequency deleterious alleles. The recent growth in the model for
Africans further causes a small increase in the contribution of rare alleles (amounting
to 1.4% of variance in variants with frequency below 0.1% and 0.07% in variants above
99.9%). In the model for Europeans, this increase is also small (1.9% of variance
in variants with frequency below 0.1% and 0.1% in variants above 99.9%), but the
bottleneck again has a substantial effect, increasing the contribution of intermediate

frequencies at the expense of lower and higher frequencies.

In the strong selection regime, because of the quick turnover of deleterious alleles, the
older increase in population size and the bottleneck in Europeans are too far in the
past to have had an effect on alleles that are currently segregating (Figure 2.24C).
By the same token, in the Tennessen et al. model, alleles segregating at present
are young and therefore the recent growth resulted in a decrease in their frequencies
(cf. section 2.8.2), substantially increasing the contribution of rare alleles to variance

(with ~ 70% of the variance contributed by alleles at frequency below 0.1%).

Demographic effects in the recessive case. In this case, recent growth has
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little effect in all selection regimes. The contribution of low frequency alleles to
variance is much smaller because their effect on load or disease risk is manifested
only in homozygotes (Figure 2.24D-F). As a result, the increase in the number of rare
deleterious alleles caused by recent growth has a negligible effect on their contribution
to the variance in disease risk under both the model for Europeans and Africans
(amounting to ~ 10~4% in the neutral regime, ~ 5-107%% in the weakly selected
and ~ 0.01% in the strongly selected regime, in variants with frequency below 0.1%).
In turn, the increase in the number of high frequency alleles (due to normal mutants
on a deleterious background) has a higher impact but it is still quite small (amounting
to ~ 1% in the neutral regime and ~ 0.2% in the weakly selected regime that are

due to variants with frequency above 99.9%).

In the weak and strong selection regimes, there is a peak in the contribution to
variance at intermediate frequency (Figure 2.24E and F). Moving from low to inter-
mediate frequencies, the contribution to the variance of a mutant allele increases (see
Equation 2.11). This increase is halted, however, because at higher frequencies, selec-
tion on homozygotes for the deleterious allele kicks in, leading to few alleles at high

frequencies. (Specifically, for a constant population size and given a low mutation

le2

x Y

e~

rate, the frequency spectrum of deleterious alleles is well approximated by C'
where C' is a normalizing constant [53], and thus the contribution to variance can
be approximated by De_o‘x2x(1 — 2)?, where D is a normalizing constant.) In the
model for Africans (and for older growth), this peak is at higher frequencies in the
weak selection regime (Figure 2.24E), because the older increase in population size

led to relatively more high frequency alleles at present.
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The bottleneck in the model for Europeans has a much more pronounced effect,
causing a shift toward intermediate allele frequencies and a corresponding shift in
the contribution to variance in all selection regimes (Figure 2.24D-F). As opposed to
the semi-dominant case, this is also true for the strong selection regime, as recessive

deleterious alleles can reach substantial allele frequencies.

Summary. Population growth increases the relative proportion of rare alleles and
could therefore be expected to increase their relative contribution to the variance in
disease risk. However, because rare alleles contribute less to the variance to begin
with, this effect may be relatively small. Assessing the effects of growth on the genetic
architecture of disease risk therefore requires quantification. Here, we have shown
that, at least based on current estimates of recent growth, the effects on the variance
in disease risk are expected to be negligible. The one exception is the case of strongly
selected quasi-dominant alleles, which are young and therefore whose frequencies do
reflect the recent population size expansion. Interestingly, in this case, while the
architecture of disease risk is substantially affected by growth, the expected load (or
disease prevalence) remains unchanged, i.e., the same load will be due to many more
deleterious alleles that segregate at lower frequencies than had the population not

grown.

In contrast to growth, the bottleneck in European populations should have increased
the proportion of intermediate frequency deleterious alleles at the expense of low and
high frequency ones (with the exception of strongly selected quasi-dominant alleles,

because they are so young). In other words, in these populations, there will be only
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a small effect on load but a substantial effect on the architecture of disease, with
a greater proportion of the variance in disease risk due to intermediate frequency

alleles.

The contribution of rare alleles in a mixture model

In reality, we expect that the variants underlying a complex disease will have a
variety of selection coefficients and effect sizes rather than a single one. Under a
model with such a mixture, the expected contributions of different allele frequencies
to the variance in disease risk can be derived as follows. For simplicity, assume
that mutations are semi-dominant (so the dominance coefficient is dropped from the
notation). At a site with selection coefficient s, the expected contribution to the

variance from deleterious alleles below frequency w is

Viu(s) = ;C’E(aQ\s) /OW f(z;8)z(l — x)dx, (2.12)

where E(a?|s) is the expectation of the effect size squared for sites with selection
coefficient s, f(z;s) is the probability of the deleterious allele being at frequency x
(here, we do not condition of the allele segregating) and the proportion coefficient
C is akin to the first term in Equation 2.8. The overall contribution to variance
of a site is Vi (s) and the fraction of that contribution coming from variants below

frequency w is O (s) = ‘%((z)) . When all sites are considered jointly, denoting the

input of mutations with selection coefficient s by wu(s), the expected proportion of
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variance from deleterious alleles below frequency w is then

Ou = . (2.13)

Examining the terms in Equation 2.13 suggests that the contribution of rare alleles
depends strongly on the relationship between effect sizes and selection coefficients.
Specifically, the proportional contribution of rare alleles © 19, (s) becomes substan-
tial only for strong selection coefficients (Figure 4D in the main text), as shown in
section 2.8.4. The behavior of the overall contribution to variance Vi (s), however, de-
pends on the relationship between effect sizes and selection coefficients. If we assume
that the effect sizes do not depend on the selection coefficients (or more precisely
that E(a?|s) is constant) then V(s) from weakly selected sites is much greater than
from strongly selected sites (Figure 4E in the main text) and rare alleles will make
an important contribution only if a very large fraction of the mutational input is
at strongly selected sites. If we assume the other extreme in which the effect sizes
are proportional to the selection coefficient (or more precisely that F(a?|s) oc 2, as
in the model in section 2.8.4) then Vj(s) strongly increases with the s (Figure 4E
in the main text) and rare alleles would make an important contribution unless the

fraction of the mutational input at strongly selected sites is very small. In reality,

the outcome could be anywhere in between.

As an illustration, we consider a simple model in which we vary the correlation
between selection on variants and their effect on a trait. We assume that half of

the newly arising mutations have a weak selection coefficient s, = 0.0002 and half
86



have a strong selection coefficient of s¢ = 0.01. For strongly selected mutations, the
effect size on the trait, a, is chosen to be csg with probability %(1 + p) and ¢syy with
probability %(1 — p), where ¢ is a positive constant and 0 < p < 1; correspondingly,
for weakly selected mutations the effect size is chosen to be csy, with probability
%(1 +p) and csg with probability %(1 —p). In this model, the marginal distributions
of selection coefficients and effect sizes do not depend on p, while the correlation
between them is equal to p. To obtain Figure 4F we therefore vary p between 0 and

1.
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2.9 Supplementary Figures
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Figure 2.5: The three demographic models that we consider. A) The Out-of-Africa
model estimated by Tennessen et al. [215]. C) Exponential growth.B) A population
bottleneck. All population sizes are given as number of diploid individuals. In some
cases, in order to study the equilibration process, we extend the growth scenario
to include a priod with a constant population size after growth and the bottleneck
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Figure 2.6: Comparison of theoretical and simulated frequency spectra for a constant
population size in the (A) semi-dominant and (B) recessive models. Shown are the
results based on the diffusion approximation (solid) and on simulations (dashed) for
several selection coefficients. The population size was taken as N = 14,474 and the
mutation rate as u = 2.36 - 1078 per generation per site. The number of runs for
each set of parameters was 109.
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Figure 2.7: Comparison of the minor allele frequency spectrum in data from Fu et.
al. and in simulations based on the Tennessen et al. model. The spectra are for a
sample size of 3852 chromosomes in AA and EA populations, for both the data and
simulations.
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Figure 2.8: Sensitivity of (A) the frequency spectrum and (B) the number of segre-
gating and fixed sites to the mutation rate. The results are shown for simulations of
the African population but are qualitatively similar for the European population.
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Figure 2.9: Load as a function of selection coefficient in a population of constant size.
Results are shown for the semi-dominant (blue) and recessive models (red), where
the diffusion approximation is shown as a solid line and simulation results as circles.
The population size is N = 14, 474.
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Figure 2.10: The changes to the segregating, fixed and total load under the bottleneck
and growth models. Analogous graphs for the Tennessen et al. model are presented
in Figure 3 of the main text. Changes are measured by comparison to a population
in which the population size has remained constant at the size that it was at the
beginning of the demographic model. In the shaded areas, load is shown on linear
scale; otherwise it is shown on logarithmic scale.
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Figure 2.11: Segregating and total load in the bottleneck and growth models in the
effectively neutral regime. The proportion of segregating sites, their proportional
contribution to load, and the proportional change in total load are shown as a func-
tion of time (A) after the bottleneck and (B) since the onset of growth. The selection
coefficient is s = 10~7. In the semi-dominant case, the expected total load is always
s/2 regardless of changes in population size; in the recessive case, changes to the pro-
portion of segregating sites affect the total load, but this effect is negligibly small.
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Figure 2.12: Proportion of sites fixed for deleterious alleles in the weak selection
regime. In all graphs, the selection coefficient is s = 10—4. (A) The equilibrium
proportion as a function of the scaled selection coefficient («« = 2Ns), where the
population size was varied. (B) The proportion as a function of time after the
change in population size in the bottleneck model. (C) The proportion as a function
of time after the change in population size in the growth model.
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frequency of segregating deleterious alleles. (B) The proportion of segregating sites.
(C) Heterozygosity. (D) Segregating load.

97



a ko) b
x10° (_CU) 10X 10"
10 ——Semi-dominant o] —Semi-dominant
~Recessive ..% —Recessive
8 ®©
(o))
g6 ;g;
4 o -
2 £
()
ot ] o
106 105 1004 0001 001 0.1 S 10710610510 40.001 0.01 0.1
Selection coefficient &) Selection coefficient
c Semi-dominant d Recessive
x 10" s=0.0003 x107  s$=0.0003
2 25

15 1 2
15

Load
|
Load

00 0.5 1 1.5 2 4 00 05 1 15 2 4
Time after bottleneck x 10 Time after bottleneck x 10
e Semi-dominant f Recessive
x 107 s=0.001 %107 s=0.001
1 15
0.8
1
o 0.6 1 -
g kT ©
o
—104 4 A
0.2 B
0 0
0 0.5 1 1.5 2, 0 05 1 15 2
Time after bottleneck  x 10 Time after bottleneck  x 10

— Total — Segregating — Fixed
New segregating New fixed
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Figure 2.15: The frequency spectrum of weakly deleterious segregating sites in models
with and without growth. In the shaded areas, frequency is shown on logarithmic
scale; otherwise it is shown on linear scale.

99



520 20 ¢

o 18 N=10" ol

€ 16 ) L6 |

> 5

£ 147] — N=10 | 14y

g2 Nt 12}

- 10 H | | , , ] 10 " ‘ ‘ ‘ ‘
00 02 04 06 08 1.0 1073 1074 0001 0.01 0.1

Dominance coefficient (h) Selection coefficient (s)
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Figure 2.17: The equilibrium properties of segregating sites in the quasi-dominant
case. In all graphs, h = 0.5 and u = 10-8. A) Frequency of deleterious alleles
as a function of time in simulations with two population sizes, corresponding to
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101



Q

. Bottleneck c, Growth

3X 10
2
(2]
[0) —o—o—g
GE)) 2
) 0.1 1
S 1.5}
€
g 0.05}
o 1 ]
& w
0.5 0 - v -
b 0 500 1000 1500 2000 d 0 500 1000 1500 2000
3
0.015 15210
3
c 0.01 1
[}
3
o
g
& 0.005 1 05
[}
s MWH‘N—W K
oO 500 1000 1500 2000 0 0 500 1000 1500 2000
Time into bottleneck Time after growth

s=0.01 —s=0.005 —s=0.02
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Figure 2.20: Load as a function of time in the recessive case. The selection coefficient
is s = 0.01. A) The load and proportion of segregating sites as a function of time
after the reduction in population size. B) The contribution to load of old and new
mutations as a function of frequency, at the time of peak load (500 generations
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green arrow in A). D) The load and proportion of segregating sites as a function of
time after the onset of growth. E) The allele frequency distribution of old and new
mutations at the end of the growth period (200 generations after onset, indicated by
an arrow in D). F) The contribution to load of old and new mutations as a function
of frequency at the end of the growth period.
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Figure 2.21: Changes in load under the three demographic models with different
dominance coefficients. h = 0 and 1/2 correspond to the results in Figure 2.10 and
are provided for comparison.
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Figure 2.21 (Cont.): Changes in load under the three demographic models with dif-
ferent dominance coefficients. h = 0 and 1/2 correspond to the results in Figure 2.10
and are provided for comparison.
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Figure 2.22: Mean derived frequencies predicted as a function of selection coeffi-
cient, for the AA and EA demographies. Notice that in (A) we predict that for
semi-dominant sites AAs and EAs should have essentially identical mean derived
frequencies for all levels of selection. In (B) we predict a small increase in mean
frequencies for AAs at recessive sites with moderate-strong selection. (C) provides
X vs autosome comparisons under the recessive model; note that recessive alleles on
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Figure 2.23: Tlustration of the reference bias present in PolyPhen 2 [6]. The other
functional prediction methods that we considered have a similar bias. The x-axis
shows the mean population frequency of nonsynonymous SNVs in the Fu et al data
(the left-most bins cover very narrow intervals of frequencies since most of the data
are present in these bins). The y-axis plots the fraction of SNVs in each bin that
are classified into each of the three PolyPhen categories: Benign, Possibly damag-
ing, Probably Damaging; and shown separately according to whether the genome
reference sequence carries the ancestral or the derived allele. Notice that when the
reference carries the ancestral allele, an SNV is classified as Damaging with a prob-
ability that ranges from nearly 40% at low frequencies to ~20% at high frequencies
(solid red line). In contrast, for SNVs where the reference carries the derived allele,
the fraction of Damaging alleles is near 0% at all frequencies (dotted red line).
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2.10 Supplementary Tables

Effectively Weak Stron
neutral closer to neutral | closer to strong &
= . . .
E fixed increase increase increase —
= . .
4 é ‘£ | segregating decrease decrease increase unchanged
2122 . .
g |n< total unchanged increase increase unchanged
<
[ o - - -
S 4 fixed increase increase increase —
/M ‘7
§ segregating | decrease decrease increase transient increase
Q
~ total unchanged mcrease mcrease transient increase
% fixed decrease decrease —
é 'S | segregating | increase increase unchanged
< | 38
R total unchanged unchanged unchanged
S
5 L fixed decrease decrease —
‘B
§ segregating | increase increase transient decrease
<5}
~ total unchanged unchanged transient decrease

Table 2.1: Changes to load under the bottleneck and growth models. The effects on
fixed, segregating and total load are depicted by selection regime. The symbol —
denotes the cases in which there is no contribution to load both before and after the
change in population size.
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Method Chr. Category # SNVs AAprean AAsg EApean EAsgp t-score
Non-coding Aut — 300209 0.034 0.00026 0.034 0.00028 0.44
Non-coding X — 8355 0.030 0.0015 0.028 0.0016 1.1
Synonymous Aut — 220391 0.033 0.00030 0.033 0.00032 0.87
Synonymous X — 7001 0.028 0.0016 0.029 0.0018 -0.10

Non-synonymous Aut — 351265 0.014 0.00015 0.014 0.00016 0.40

Non-synonymous X — 10293 0.012 0.00086 0.012 0.00095 0.076
PolyPhen2 Aut D 121280 0.0078 0.00011 0.0076 0.00012 1.2
PolyPhen2 Aut P 65400 0.012 0.00018 0.012 0.00020 0.52
PolyPhen2 Aut B 132047 0.019 0.00024 0.019 0.00026 0.55

PolyPhen2 X D 3205 0.0072 0.00065 0.0079 0.00078 -0.99
PolyPhen2 X P 1957 0.013 0.0012 0.012 0.0012 0.98

PolyPhen2 X B 3948 0.014 0.0011 0.014 0.0012 0.044
Sift Aut D 145986 0.0095 0.00012 0.0093 0.00013 1.6

Sift Aut T 180091 0.018 0.00021 0.018 0.00022 -0.13

Sift X D 4251 0.0099 0.00076 0.0096 0.00082 0.34

Sift X T 5517 0.017 0.0013 0.017 0.0015 -0.29

LRT Aut D 146701 0.0060 8.5e-05 0.0060 9.5e-05 -0.11

LRT Aut N 160179 0.020 0.00024 0.020 0.00026 0.20

LRT Aut U 13845 0.0066 0.00036 0.006 0.00039 2.6

LRT X D 3270 0.0038 0.00037 0.0034 0.00034 0.93

LRT X N 4548 0.017 0.0014 0.017 0.0016 -0.37

LRT X 10) 886 0.0052 0.0013 0.0046 0.0015 0.40
MutationTaster Aut D 155138 0.0022 2.9e-05 0.0017 3.0e-05 18
MutationTaster Aut A 5089 0.00089 9.5e-05 0.00056 4.8e-05 4.3
MutationTaster Aut N 161169 0.0062 6.8e-05 0.0047 6.7e-05 21
MutationTaster Aut P 9040 0.36 0.0047 0.39 0.0051 -6.5
MutationTaster X D 3860 0.021 0.0021 0.023 0.0023 -1.2
MutationTaster X A 76 0.0010 0.00058 0.00039 0.00017 1.5
MutationTaster X N 5566 0.0030 0.00026 0.0013 0.00022 7.0
MutationTaster X P 131 0.16 0.028 0.16 0.029 0.28

Table 2.2: Comparison of mean frequencies in AAs and EAs at different classes of
sites, classified according to whether the sites are on the autosomes or X, and using a
variety of different functional classifications (after application of our bias-correction
method). For this table, the data were subsampled down to 3852 chromosomes for
AAs and EAs each, to enable X vs autosome comparisons. Note that the mean
frequencies in each row are not significantly different (|t — score| < 2, with the sole
exception of the functional classifications from MutationTaster (which are highly sig-
nificant). The unusual results for MutationTaster likely arise because MutationTaster
uses previously estimated population frequencies in its classification, thus introduc-
ing further biases for population genetic analysis that are not properly addressed by
correction method.
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Method Chr. | Category Without bias correction With bias correction
B ] B AAE\IBmI AASE EAZ\J(",(I,H EASE AAﬂffea,n AASE EAI\[(%an EASE
Non-synonymous | Aut — 0.014 0.00015 0.014 0.000162 0.014 0.00015 0.014 0.00016
PolyPhen2 Aut D 0.0038 | 9.3E-05 | 0.0033 1.0E-04 0.0078 | 0.00011 | 0.0076 | 0.00012
PolyPhen2 Aut P 0.0060 | 0.00017 | 0.0053 0.00019 0.012 0.00018 0.012 0.00020
PolyPhen2 Aut B 0.026 0.00035 0.026 0.00037 0.019 0.00024 0.019 0.00026
Sift Aut D 0.0061 | 0.00013 | 0.0055 0.00014 0.0095 | 0.00012 | 0.0093 | 0.00013
Sift Aut T 0.020 0.00026 0.021 0.00028 0.018 0.00021 0.018 0.00022
LRT Aut D 0.0028 | 6.4E-05 | 0.0025 7.4E-05 0.0060 | 8.5e-05 | 0.0060 | 9.5e-05
LRT Aut N 0.023 0.00029 0.023 0.00031 0.020 0.00024 0.020 0.00026
LRT Aut U 0.0081 | 0.00048 | 0.0071 5.0E-04 0.0066 | 0.00036 0.006 0.00039
MutationTaster | Aut D 0.0017 | 4.3E-05 | 0.0011 4.3E-05 0.0022 | 2.9e-05 | 0.0017 | 3.0e-05
MutationTaster | Aut A 0.0013 | 0.00034 | 0.00099 | 0.00032 | 0.00089 | 9.5e-05 | 0.00056 | 4.8e-05
MutationTaster | Aut N 0.013 0.00024 0.012 0.00025 0.0062 | 6.8e-05 | 0.0047 | 6.7e-05
MutationTaster | Aut P 0.26 0.0027 0.30 0.0032 0.36 0.0047 0.39 0.0051

Table 2.3: Comparison of estimated mean frequencies in samples of 3852 chromo-
somes, with and without bias correction of the functional annotations. Recall that
we observed that all four functional prediction methods typically have low probabil-
ities of assigned ‘damaging’ status to SNVs where the genome reference carries the
derived allele. Notice that prior to applying the bias correction (using all SNVs),
AAs tend to have higher allele frequencies at putatively damaging sites, as reported
by Tennessen et al. This is likely because most of the reference genome is of non-
African origin. After applying our bias correction, we observe that AAs and EAs
have essentially identical allele frequencies in all functional categories (except for
MutationTaster, likely for reasons discussed above).

112




Category AArrean | AAse | EAprean | EAge | T-Stat
Uncorrected (biased) PolyPhen Scores
Prob. Damaging 0.00277 | 6.79¢-05 | 0.00239 | 7.31e-05 5.4
Poss. Damaging 0.00452 | 0.00013 | 0.00401 | 0.00014 3.84
Benign 0.0208 | 0.000278 | 0.0212 | 0.000297 | -1.34
Bias-corrected PolyPhen Scores
Prob. Damaging 0.00593 | 8.11e-05 | 0.00582 | 8.76e-05 | 1.23
Poss. Damaging 0.00955 | 0.00014 | 0.00948 | 0.000151 | 0.488
Benign 0.0154 | 0.000186 | 0.0153 2e-04 0.527
Human-independent PolyPhen Scores
3<PSIC 0.0056 0.0002 0.0054 0.0003 0.45
1.5<PSIC<3 0.011 0.0002 0.011 0.0002 -0.06
PSIC<1.5 0.019 0.0003 0.019 0.0003 -0.07

Table 2.4: Comparison of estimated mean frequencies at autosomal nonsynonymous
sites in the Fu et al data, using the full autosomal samples. The top block of data
use the uncorrected (biased) PolyPhen scores, and suggest significant differences
between populations. The middle block of data applies our bias correction, and shows
no significant differences between populations. The bottom block of data uses an
unpublished version of the PolyPhen “PSIC” scores that are calculated independent
of the human reference sequence, and hence are unbiased (kindly provided by the
Shamil Sunyaev lab). These too show no significant difference between populations.
Note that DAFs differ between the second two blocks of data due to arbitrary choices
in score cutoffs.
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Category YRIpsean | YRIsE | CEUpfean | CEUgr | P-value
Individual-Level Counts

Synonymous 18,141 119 17,992 122 N.S.
Nonsynonymous 9903 104 9825 80 N.S.
Prob. Damaging 2153 31 2111 26 N.S.
Poss. Damaging 1851 27 1836 24 N.S.

Benign 2899 67 o878 55 N.S.

Table 2.5: Summary of 1000 Genomes Analysis. This table shows the mean numbers
of derived alleles per individual in the YRI and CEU populations. The functional
categories (Probably/Possibly Damaging and Benign) were obtained from PolyPhen,
and adjusted using our bias correction method. SEs obtained by bootstrapping
across SNVs. We also obtained identical conclusions (i.e., no difference between
populations) when the analysis was done in terms of DAFs, and also when we used
the human-independent PolyPhen (PSIC) scores.
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3.1 Abstract

Multiple genome-wide association studies (GWAS) have been conducted attempting
to link common human genetic variation (minor allele frequency, MAF, >5%) to
various aspects of HIV and AIDS pathology. Despite using large sample sizes (up
to 10,000s) and samples representing ancestries beyond Western Europeans[57, 168,
151], the majority of associations have only been found within the human leukocyte
antigen (HLA) region. Here, we present the results from the first phase of a more fo-
cused gene-exome sequencing study looking at ~1300 genes that have been suggested
to interact with the 18 HIV-1 proteins through multiple lines of evidence[22, 117, 104].
We sequenced ~1300 genes in over 900 individuals from the Multicenter AIDS Cohort
Study (MACS)[110] cohort, the majority of which are of Western European descent.
We conducted rare-variant (MAF <5%), gene-level tests using SKAT-O and the non-
synonymous variants we discovered from our sequencing data. The phenotypes we
analyzed included ‘HIV-Acqusition’ (seronegative individuals vs. seropositive indi-
viduals) and ‘AIDS-Progression’ (slow + very slow progressors vs. rapid + very rapid
progressors). Overall, we find a handful of genes outside the HLA region that appear
to be marginally associated with HIV-Acquisition. Using these results to prioritize
loci, we have begun conducting follow-up genotyping in the full MACS cohort in an
attempt to increase our power and further identify molecularly actionable targets

involved with HIV-infection.
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3.2 Introduction

Human immunodeficiency virus (HIV)-1, a lentivirus that infects and destroys CD4-
bearing lymphocytes, was first discovered in the 1980s among gay men in San Fran-
cisco and New York[3, 2, 9, 160]. Gradually diminishing and destroying the host’s
immune-system capabilities, HIV often leads to the development of Acquired Immun-
odeficiency Syndrome (AIDS), a condition where the host is no longer able to mount
proper immune-system responses to foreign agents. As a result, AIDS patients live
with a high probability of death due to secondary infections, even from normally-
innocuous pathogens, and/or the development of rare cancers[199, 160]. An effective
vaccine has yet to be developed, and while there are now anti-retroviral drug thera-
pies available, their effectiveness is not consistent across patients and they generally
do not fully eliminate the virus from the patient[9, 85, 160]. Despite HIV/AIDS first
being discovered in metropolitan U.S. cities, the virus has now become a worldwide
epidemic, with more than 30 million individuals currently living with HIV infection

across the globe, 70% of them in the developing world[160, 142, 1].

As researchers began to study this burgeoning outbreak, they quickly noticed natural
variation in how humans respond to HIV. Some individuals never become infected
despite multiple exposures to HIV, while others once infected never develop AIDS.
Furthermore, even among patients that develop AIDS, the time to development
can range from just a few years (rapid progessors) to over ten or more years (slow
progressors). Researchers posited that this differential response to HIV might be due

to the underlying genetic variation present in human populations. As an example,
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researchers discovered by the late 1980s that humans with a specific 32-basepair
deletion in the gene CCR5 are immune to HIV-infection[42, 187, 94]. Researchers
learned that CCR5 encodes a T-cell receptor that is necessary for HIV-infection,
and that this 32-basepair deletion produces a structural change extensive enough
to inhibit HIV from binding. Clearly then, human host-genetics can play a role in

mediating response to HIV-infection and AIDS-progression.

Progress in discovering more relevant biology such as CCR5 has been challenging
however. During the 1990s, numerous candidate gene studies elucidated possible
key factors of the human immune-system involved with HIV/AIDS biology, such
as another T-cell receptor CXCR4, the killer immunoglobulin-like receptor (KIR)
gene family, and the APOBEC3 proteins|[94, 9, 192]. However, during the recent
genome-wide association study (GWAS) era of the late 2000s, few of these loci
were found to reach genome-wide significance with any HIV/AIDS-related pheno-
type. Despite using sample sizes exceeding 10,000 and ancestries beyond European-
Americans, very few loci outside the human leukocyte antigen (HLA)-region reached
genome-wide significance[57, 24, 58, 169, 151]. Encouragingly however, candidate
loci would sometimes reach at least marginal levels of statistical significance, sug-
gesting some concordance between previous and current approaches[94, 9, 160, 192].
Overall though GWAS had produced mixed results and host genetics HIV/AIDS
researchers, much like other human genetics-related fields, worked to identify im-
mediate future directions. One research avenue that gained traction was to use
recently available sequencing technology to target rare variation (variants present at

minor allele frequencies (MAF) <5%)[58, 85, 151]. GWAS mainly evaluated com-
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mon genetic variants (>5%), leaving this newly accessible part of the allele-frequency
spectrum still unexplored. With HIV being a relatively recent disease, it is possible
rare variation may play an important role in the underlying genetic architecture of

HIV/AIDS-related phenotypes.

Therefore, in this project we take the next steps in elucidating human loci involved
with HIV/AIDS and conduct targeted exome-sequencing on a list of human candidate
HIV-target genes. Specifically, we present here the first phase of a two-stage analysis.
We conduct gene-exome sequencing on a list of candidate loci with strong a prior: ex-
perimental evidence for functionally being related to HIV[22, 117, 104]. We sequence
these genes in a subset of the Multicenter AIDS Cohort Study (MACS)[110], a re-
source enriched for males with varying degrees of exposure to HIV during the 1980s.
We then conduct rare-variant, gene-based analyses using the SNPs we discover, focus-
ing on the phenotypes of HIV-Acquisition and AIDS-progression. Using these results,
we then develop a list of target variants for the second phase of this study — follow-up
genotyping in the full MACS cohort. Follow-up genotyping will emphasize variants
from among top candidates as ranked by our first-stage results. Approaches similar
to this study design have already produced results in other phenotypes, including
LDL cholesterol and colorectal cancer[157, 47, 52, 127], thus suggesting this may be
a productive setup. Additionally, this project is being conducted in collaboration
with researchers from the HIV Immune Networks Team (HINT); these collaborators
have strong expertise in the molecular biology of human-HIV interactions and are

readily available to conduct molecular follow-up on our top results.
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By using a candidate gene approach we aim to take a focused, hypothesis-based look
at the human genome, and by including rare variants in our analyses, we aim to

assess the full spectrum of genetic variation present at each locus.

3.3 Results

3.3.1 Sequencing, variant-calling, and QC of MACS subset

Details regarding MACS’ subset and candidate-gene selections, as well as targeted
454 gene-exome sequencing, can be found in Methods and Supplementary Table 3.5.
In short however, a total of 988 individuals were chosen from the MACS cohort. This
subset includes individuals that are either infected with HIV or not (seropositive and
seronegative, respectively), individuals that are seronegative but engaged in high-risk
sexual behavior (highly-exposed seronegative), and individuals that are seropositive
that either slowly progressed towards AIDS or rapidly progressed towards AIDS (very
slow /slow progressors and very rapid/rapid progressors, respectively). A total of
1,693 candidate-genes were selected for targeted gene-exome sequencing. Specifically,
this gene-exome sequencing was carried out by splitting the candidate list into three
custom Nimblegen arrays, which were then processed in-house using 454 GS FLEX+
pyrosequencing. Here we present sequencing, variant-calling, and analytical results
from the first two arrays (named MM5 and P2), which total ~1,300 genes (~500 and

~800, respectively) of the original list.
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Mapping and variant-calling were predominantly conducted following 1000Genomes|73]
and Broad GATK][43] protocols; for details regarding these steps see Methods and
Supplementary Figure 3.5. In brief, we mapped sequence reads using the BWA MEM
algorithm|[134] and we called variants using GATK’s Universal Genotyper. At each
stage of the pipeline typical quality control (QC) measures were performed to ensure a
high-quality dataset, including GATK’s base-quality score recalibration and variant-
quality score recalibration. QC measures were also performed on the individual level,
including removing samples with low genotyping rates and samples that appeared
as PCA outliers (see Methods and Supplementary Figure 3.5). Additionally, only
white non-Hispanic individuals were ultimately used in the final dataset; the origi-
nal MACS subset did contain individuals from other ancestries, but their individual
numbers were too low to be included as separate analyses (see Supplementary Table
3.5 for MM5 and P2 pre- and post-QC individual breakdowns). The full MACS
cohort however contains a much greater number of individuals from each ancestry,

so these other subsets will be analyzed in the eventual follow-up genotyping.

These steps produced a final dataset of 775 individuals for MM5 and 747 individuals
for P2 being included for analysis. Post-QC, MMb) had an average sequencing depth
of 22x per individual and P2 had an average sequencing depth of 14x per individual
(see Supplementary Figure 3.8 and Supplementary Table 3.6). Across both arrays a
total of 6.0x 1078 sequencing reads and 3.6 x 10711 sequenced basepairs were produced,
leading to a final dataset of 149,063 high-quality called variants. These variants
include 17,330 exonic and 8,842 non-synonymous SNPs across both arrays, with

473 genes represented post-QC from MMb5 and 785 genes represented post-QC from
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P2.

3.3.2  External Validation with Public Databases

To help check the performance of our pipeline and QC steps, we compared our
finalized variant calls to two external human genomics datasets. Using the European
subset of the 1000Genomes|73] dataset and the non-Finnish European subset of the
ExAC dataset[131], we directly compared the allele frequencies (AFs) per variant
from our dataset to the AFs per variant from these public datasets (see Methods).
To accomplish this, we first identified overlapping SNPs between our finalized variant
calls and each databases’ variant sets; we then plotted the observed AFs of these
overlapping SNPs against one another for both external datasets (Figures 3.1 & 3.2
and Supplementary Figures 3.9 & 3.10). In all plots we observe a strong concordance
between our variant-called AFs and the databases’ AF's, even among rare SNPs (<5%
reference AF). For example, compared against the 1000G data, overlapping MM5
variants have a mean AF difference of .13% (s.d. = .59%, # SNPs = 38,859) and
overlapping P2 variants have a mean AF difference of .14% (s.d. = 1.3%, # SNPs
= 54,910). Across both arrays and both external datasets, these results help suggest

that our pipeline produced accurate and high-quality final variant-calls.
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3.3.83 SKAT-O Analyses

To test for association between rare variants and our HIV-related phenotypes, we
used a 2°d generation rare-variant test SKAT-O[130]. SKAT-O combines the two
rare-variant models predominantly evaluated by the first generation of rare variant
methods, ‘burden-based’ test and a ‘variance-based’. To explain these two models,
imagine we have a case vs. control setup with two groups of individuals differentiated
by a phenotype of interest, such as presence and absence of a disease. In a ‘burden-
based’ test we anticipate rare variants for a given gene (e.g. singles, doubletons) to
only be present in one set of these individuals, i.e. mutations will only ever make you
more susceptible or more resistant. Therefore for a test of association we will simply
add up the number of rare variants we see as a final test metric. In a ‘variance-based’
test, we anticipate seeing rare variant for a given gene to be present in either sets
of individuals, i.e. mutations can make you either more susceptible or resistant.
In this scenario, we can no longer just add up variants since they may cancel one
another out; instead we measure the variance of the mutation counts across the
gene, expecting genes related to our phenotype of interest to have greater values
than the background distribution. Ultimately researchers felt that both models may

20d generation methods such as SKAT-O opted

represent true biological scenarios, so
for compromises between the two setups[130]. Specifically, SKAT-O accomplishes
this by combining both tests as an overall mixture model and systemically testing

different. proportions of the two scenarios, ranging from 100% ‘variance-based’ to

100% ‘burden-based’.
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One important aspect of these rare-variant approaches is that they are generally gene-
based; unlike previous GWAS methods that tested each individual variant, here we
combine variants to represent loci that are then jointly tested together for associa-
tion. For SKAT-O, this leads to a design choice: how should we combine variants
to define any single gene? We could combine any variant we discovered across the
entire locus, or choose a more focused approach by including only non-synonymous
or predicted ‘damaging’ variants. To evaluate these different choices, we took an
empirical route and conducted preliminary analyses exploring a handful of possibil-
ities. The design strategies we evaluated included: a) collecting all variants between
a 10kb window of the gene’s transcription start and end sites (ie exonic, intronic, and
intergenic variants) b) only exonic variants c¢) only non-synonymous variants d) only
‘deleterious’ variants as determined by Polyphen2[5] and e) only ‘deleterious’ variants
as determined by Sift[120]. Preliminary SKAT-O results using MM5 suggested that
power increased as we went from using all variants to just non-synonymous variants,
but that power began to plateau or decrease as we further focused on ‘deleterious’
variants (see Supplementary Figures 3.11-3.14 for early examples from MM5). This
later loss in power is likely due to the number of variants being included per test be-
coming too low. Additionally, by focusing on ‘deleterious’ variants, some genes were
left with no testable SNPs and were subsequently dropped. Therefore, we continued
onto our main analyses by using the non-synonymous approach as a compromise

between the two extremes of our design strategies.

For our tests of association, we first broadly focused on 2 different phenotypes: ‘HIV-

Acquisition” and ‘AIDS-Progression’. HIV-Acquisition was defined as seronegatives

124



vs. seropositives, and AIDS-Progression was defined as rapid + very rapid progres-
sors vs. slow + very slow progressors. We then have an additional two phenotypes
that represent ‘extremes’ of these first two setups. For HIV-Acquisition, we have a
second phenotype where in lieu of seronegative individuals, we use highly-exposed
seronegative individuals; these highly-exposed individuals represent a potentially
stricter set of controls. We define this phenotype, highly-exposed seronegatives vs.
seropositive, as ‘HIV-Acquisition HE’. And for AIDS-Progression, we have a sec-
ond phenotype where we only use the most extreme progressors for both rapid and
slow. We define this phenotype, very rapid progressors vs. very slow progressors, as

‘AIDS-Progression Extreme’.

We ran each of these four phenotypes separately on the genes from MMb5 and P2.
We determined significance by comparing our observed p-values to the distribution
of p-values from 1,000 permutations (where phenotypic labels were switched). QQ-
plots displaying our observed results and 95% confidence intervals (Cls) derived from
our permutations for HIV-Acquisition are shown in Figures 3.3 and 3.4, and QQ-
plots from all other analyses (HESN HIV-Acquisition and both AIDS-Progression
phenotypes) are shown in Supplementary Figures 3.15-3.20. The strongest top 5
loci found in the HIV-Acquisition analysis for both MMb5 and P2 are given in Table
3.1.

For ‘HIV-Acquisition’, MM5 and P2 both show qualitatively similar results. Compar-
ing our observed p-values to the distribution from permutations, our most strongly

associated genes are not outside the boundaries of our 95% Cls. This result however

125



may be not particularly surprising; with a sample size of under 1,000 individuals we
likely only had power to pick up particularly large effect sizes. Going further down
into the p-value distribution, we do see an enrichment of loci falling just outside our
95% CIs. This enrichment may be more pronounced in MMS5 vs. P2; this is possibly
due to the experimental evidence being more direct in the genes underlying MM5 vs.
P2. MM5 contains genes from a genome-wide PPI assay whereas P2 contains genes
from multiple RNAi screens. It would not be surprising if a PPI study had more
accurate findings than an RNAi screen, since there is a large potential for off-target

effects with RNAi approaches[103].

For the other phenotypes tested, we see a weaker signal of association in HIV-
Acquisition HE, and we see no discernible signal for either of the AIDS-Progression
phenotypes. In both these cases, we are likely witnessing the limits of our sample-
sizes. Using the highly-exposed seronegative individuals, despite representing a ‘more
clean’ set of controls, still leads to less samples being analyzed (591 individuals in
MMS5), and both AIDS-Progression analyses contain in total less than 150 individuals

(v.rapid + rapid vs. v.slow + slow = 147 and v.rapid vs. v.slow = 63 in MM5).

3.8.4 Pathway Analyses

As a set of complementary analyses to our gene-level association tests, we also con-
ducted pathway analyses. Since we observed no significant results from our gene-level

SKAT-O analyses, we were interested in alternative approaches that may increase

126



our power. One way to increase power for SKAT-O tests is to include more variants
per locus analyzed. Therefore, by using pathways in lieu of genes to define the ‘loci’
we are testing, we are possibly including more variants per analysis; this in turn may

potentially increase our power to detect associations.

To adopt our SKAT-O setup for pathway analysis, we make one change to our
pipeline. Previously we were defining a ‘locus’ as all the non-synonymous variants
found for a single gene. Now, we will define a ‘locus’ as all the non-synonymous
variants found across all the genes mapped to a given pathway. So for each pathway
we will first identify which genes (either from MM5 or P2 separately) are present in
our dataset, and then we will collect all the non-synonymous variants among those
genes as our testing unit. The actual pathway definitions we will use are derived
from two different sources: 1) the Broad Institute’s MSigDB C2 pathway collection,
a manually curated grouping of multiple publicly available pathway databases and
2) the set of PPIs per HIV-1 protein derived from the Jager et al. 2012 data — ie for
all 18 HIV-1 proteins we used all genes found to be interacting partners as a single
pathway, resulting in 18 pathways. This set of pathway definitions was specific to
MMb5. We ran these analyses only using the main ‘HIV-Acquisition’ phenotype since

it appeared to produce the strongest gene-level association results.

For the first set of analyses using MSigDB_C2, we display the top 5 pathways for both
MMS5 and P2 in Table 3.2. Encouragingly, we find at least one pathway related to HIV
(‘Reactome HIV Infection’) among the top results from either MM5 or P2. In terms

of genome-wide significance however, here defined as having a p-value <1.06x107
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(.05/4,722 pathways in MSigDB_C2), no pathways appear to cross this threshold. On
the level of marginal significance, we do see some pathways with p-values reaching an
order of 10, For the second set of analyses using the Jiger et al. 2012 pathways, we
display the results for each HIV-1 protein in Table 3.3. Unfortunately, no single HIV-
1 protein appears to produce a significant result (p-value <2.7x 1073, .05/18), with
our strongest result only reaching a 102 order of magnitude (REV, p-value=.0114).
However, here we took a particularly broad approach by including all genes found to
interact with a given HIV-1 protein; it is possible that there are more logical subsets
of genes, such as gene complexes, to analyze per HIV-1 protein that might produce

stronger signals.

3.8.5 Selecting and supplementing variants for follow-up genotyping

In the second phase of our study, we will attempt to further increase our power to
detect associations by expanding our analysis to the full MACS cohort. Specifically,
we will conduct follow-up genotyping using Illumina custom genotyping arrays, a
platform which should allow us to target up to 30,000 variants. In collaboration
with other HINT researchers using the MACS dataset, we will also run the Illumina
Multi-Ethnic Genotyping Array (MEGA) on the full MACS cohort, a genome-wide
genotyping array that is enriched for ancestry-specific markers. Therefore we will
have both a targeted, enriched set of variants to further our HIV-Acquisition and
AIDS-Progression analyses, as well as a more general set of genome-wide variants to

provide further background information.
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To select SNPs for follow-up genotyping, we first collected the non-synonymous vari-
ants that we analyzed across MM5 and P2 (n=9,173 SNPs). Since this group of
variants was below the total capacity of our genotyping array, we supplemented our
current target list in multiple ways. First, we included any non-synonymous SNPs
that were not used in our original analyses (n=1,207 SNPs); these were predom-
inantly variants discovered in individuals of ancestries other than non-White His-
panic, since our analysis only focused on non-White Hispanics. Second, for a small
number of top genes in both arrays, we included any variant that was discovered
in our dataset (eg upstream, downstream, intronic, and any exonic SNP; n=9,637
SNPs). We determined ‘top genes’ by sorting our gene-level results from the main
HIV-Acquisition analysis by SKAT-O p-values and then computing g-values for each
gene. We then manually chose a g-value threshold that separated out a space-efficient
number of genes and variants. Third, we used the ExAC database[131] to find ad-
ditional non-synonymous variants to include for a handful of top genes once again.
ExAC data was downloaded and variants were mapped to the genes on each array,
and once again we used our g-value thresholding approach to determine top genes
and variants (n=8,023 SNPs). We chose to emphasize additional non-synonymous
variants since our HINT collaborators are more prepared to immediately interrogate
interesting non-synonymous SNPs than any other type of variant. Lastly, we used
the published GTEX data[33] to include putative eQTL SNPs for every gene that
was analyzed. For each gene, a GTEX SNP was included if it contained an eQTL as-
sociation p-value <10x# from the whole-blood dataset. Additionally, if a secondary

SNP >20kb away also passed this p-value threshold (distance being used as a proxy
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for LD), it was also included (n=985). For further details regarding these steps see

Methods, and for variant counts per array see Supplementary Table 3.7.

In total, we developed a set of 29,021 variants to be included on the Illumina custom
genotyping array. Leftover room was filled by including other HINT research groups’
targets of interest. At the current time, the arrays are in creation and we anticipate

genotyping to begin in late Fall 2017.

3.4 Discussion

Here we present results from the first stage of our candidate gene-exome sequencing
project looking at HIV-Acquisition and AIDS-Progression. We sequenced a subset
of individuals from the MACS cohort targeting the exomes of genes with prior evi-
dence of being related to HIV. We produced a set of high-quality variants numbering
149,063 in total across two arrays, and conducted gene-level rare variant tests of
association for both HIV-Acquisition and AIDS-Progression. Overall, we found an
enrichment of marginally significant p-values as compared to a permuted background
of test statistics when looking at seronegative vs. seropositive individuals, and used
the gene ranking from these analyses to inform the creation of follow-up genotyp-
ing custom arrays. We are now waiting for the data from the second stage of our
study, which involves running these custom arrays as well as the Illumina MEGA
chip on the full MACS cohort. We anticipate a greater signal of association for our

main HIV-Acquisition analyses and aim to discover other positive signals in the other
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approaches we conducted here.

Interestingly, when this study was first designed it was viewed as a cost-effective
means to evaluate a set of candidate genes related to HIV. However, since the be-
ginning of this project the discussion surrounding how best to approach association
studies has expanded. Various other sequencing approaches continue to become
cheaper and more accessible, including whole-exome, whole-genome, and now even
single-cell sequencing. There are also recent methodological advancements that sug-
gest much can be accomplished with even extremely low-coverage data[77]. Even the
field’s current view of genetic architecture is meaningfully being challenged, with a
recent high-profile suggestion that for some traits the vast majority of the genome
could play a relevant role[21]. With both our technologies and our understanding
of biology continuing to improve, what actually entails the most ‘cost-effective’ ap-
proach for association studies will change as well; the best way to evaluate these
different possibilities will be to carry out the experiments themselves. The second
phase of this project is likely to provide insight into how targeted genotyping fits in
with the current discussions. Therefore we not only hope to gain biological insight
with the final results from this study, but also experimental insight into whether this

approach is a viable possibility for future association studies as well.

Lastly, we note an ongoing part of this project has been parallel discussions with
HINT collaborators. HINT researchers have already begun preliminary experiments
using the top hits from the main HIV-Acquisition analysis of the first phase. Excit-

ingly, initial results suggest that one of our top loci may be functionally related to
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HIV-infection; a rare-variant discovered in our cohort appears to disrupt the bind-
ing between this locus and its HIV-1 protein partner. Additionally, presence of this
rare-variant in a mutant copy of the gene appears to decrease HIV-infection rates in
transfected cells. More follow-up work is necessary to confirm these initial results,
but they point to the possibilities this study holds by directly combining sequencing
and computational analysis with functional molecular work. We anticipate identify-
ing more worthwhile candidate genes through the data collected in the second phase

of our study and by working closely with our collaborators.

Overall, we aim to produce a complete study that identifies multiple, novel factors
involved with HIV-Acquisition, as well as provide the initial stages of molecular
follow-up of these loci. We also aim to show whether the study design used here
is a viable and worthwhile approach in general for human genomics researchers.
We anticipate exciting results either way with the completion of the second phase
follow-up genotyping, as well as producing a resource for others’ use from the MACS

cohort.

132



3.5 Methods

3.5.1 Cohort

Samples were selected from the Multicenter AIDS Cohort Study (MACS)[110], a
multicenter, prospective study of the natural and treated history of HIV-1 infection
in at risk men who have sex with men. A total of 7,087 men have been enrolled since
1984 across four principal research sites: Baltimore MD, Chicago IL, Los Angeles
CA, Pittsburgh PA. Each subject attends a semiannual visit for collection of clinical,
demographic, psychosocial, behavioral and laboratory data. Banked specimens have

been collected at each visit.

3.5.2  Sample Selection

We selected 988 individuals as a subset from the MACS cohort as follows:

e Highly-exposed seronegatives (n=200): participants with >45 high risk sexual
encounters (anal receptive intercourse) in 2.5 years prior to their visit 2 and

remained seronegative after 1990

e Low-exposed seronegatives (n=205): participants who reported <20 high risk
sexual encounters in the 2.5 years prior to their visit 2 and remained seroneg-

ative after 1990
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e Low-exposed seroconverters (n=181): seronegative participants who became
infected in 1990 or earlier and who reported <20 high risk sexual encounters

in the 2.5 years prior to their visit 2

e Other seroconverters (n=402): seronegative participants who became infected

and who are not categorized as low-exposed

e Rapid and very rapid progressors (n=94): seropositive participants whose time

to AIDS was within 5-years and 3-years of seroconversion, respectively.

e Slow and very slow progressors (n=146): seropositive participants who did to
develop AIDS while being free of anti-viral therapy for at least 12-years and

15-years of seroconversion, respectively.

AIDS was defined as an absolute CD4 lymphocyte count of <200 or development of
an AIDS-defining opportunistic infection or malignancy. For ancestries of these 988
individuals see Supplementary Table 3.4. For final, post-QC individual counts used

in each analysis for both MM5 and P2 see Supplementary Table 3.5.

3.5.8 Gene Selection For NimbleGen Arrays

We selected candidate genes for sequencing through a two-step process. First, HINT
researchers collected results from multiple previous studies to identify genes with
strong experimental evidence for being functionally related to HIV. These studies

included a genome-wide mass-spec protein-protein interaction (PPI) study[104], two
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RNAI screens[22, 117], an unpublished, in-house RNAi screen, and an unpublished,
in-house cDNA overexpression gain-of-function analysis to complement this suite of
RNAIi information. Genes were then ranked based on the number of times they
appeared as a result in any of these studies; the more times a gene appeared as a

result, the greater its rank.

Second, to focus and validate this list, the final rankings were compared against exter-
nal collections of HIV- and immune-related genes, including 3,000 immune signaling
and response genes in the Innate Immune Database (IIDB)[118], and interferon-
stimulating genes and retrovirus restriction genes that are known to have undergone
strong positive selection in primates[222]. 137 innate immune genes (conservatively
defined as being present in 3 or more functional genomic screens) with previously
unknown roles for HIV pathogenesis were strongly enriched among these databases.
Included among our list of candidate loci that overlapped with these external re-
sources were multiple restriction factors that are already known to interfere with
HIV replication (eg, BST-2, APOBEC3G, and TRIM5[223, 51, 209]). This therefore
suggests the functional experiments used to guide our gene selection were informa-
tive, and that our candidate gene list may be enriched for previously unknown loci

that are functionally related to HIV.

These two steps, plus additional manual curation afterwards, led to the creation of

a final list including 1,693 genes.
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3.5.4 Sample Sequencing

High quality genomic DNA was extracted from stored peripheral blood mononuclear
cells, buffy coat or cryopreserved, non-transformed lymphocytes. Two NimbleGen
SeqCap EZ liquid capture arrays were used for target enrichment and long-read
sequencing was accomplished on one of three native Roche 454 GS FLX+ pyrose-
quencers using the Titanium library chemistries. Standard quality checks and assur-

ances were completed per protocol.

3.5.5 Sequence Mapping & Variant Calling

(Note — the following details where heavily influenced by the protocols and rec-

ommendations from 1000Genomes|[73] and the Broad Institutes Genome Analysis

ToolKit (GATK)[150, 43, 224])

To map sequencing runs, sff files were first converted to fastq format using sff_extract
from the seq_crumbs package. Fastq files were quality controlled (QC’ed) by dropping
reads that were either too short (<30bp) or too long (mean length + 6*SD length)
via prinseqg-lite 0.20. Filtered fastq files were then mapped to the 1000 Genomes
human reference file version 37 (human_glk v37, eg hgl9) via BWA 0.7.4 MEM[134].
Resulting sam files were converted to bam format and then QC’ed by dropping reads
with low quality scores (MAPQ <10), were unmapped, or were secondary alignments
using Samtools 0.1.19[135]. Filtered bam files were then merged across regions & runs

for each individual sample using Picard 1.91 (ie if more than one sequencing run was
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conducted for an individual, it was at this stage that these separate runs were now
merged). Finally, per sample bam files went through Picard 1.91’s duplicate removal

and GATK 2.5.2’s Base Quality Score Recalibration (BQSR).

In preparation for variant calling, all per sample bam files were merged using Picard.
This single, merged bam file was then split by chromosome and processed through
GATK’s ReduceReads. Following this, variants were then called using GATK’s Uni-
fied Genotyper according to GATK’s Best Practices with the following dbsnp file and
commands: ‘dbsnp_137.b37.vcf -stand_call_conf 50 -stand_emit_conf 10 -dcov 250 -
glm BOTH -nct 6’. Unified Genotyper was used over GATK’s Haplotype Caller due
to the known issue of 454 reads containing homopolymers; the presence of these
homopolymers are problematic for haplotype-calling-based methods. The resulting
per chromosome vcf files were merged back together to produce a single, main vef
file. This main variant file was first QC’ed using GATK’s Variant Quality Score
Recalibrator (VQSR) based on GATK’s Best Practices and the following commands:
‘“nt 4 -percentBad .01 -minNumBad 1000
-resource:hapmap,known=false,training=true,truth=true,prior=15.0
hapmap_3.3.b37.vef
-resource:omni,known=false,training=true,truth=true,prior=12.0
1000G_omni2.5.b37.vct

-resource:1000G, known=false training=true,truth=false prior=10.0
1000G_phasel.snps.high_confidence.b37.vef

-resource:dbsnp known=true,training=false truth=false, prior=2.0

dbsnp_137.b37.excluding_sites_after_129.vef -an QD -an MQRankSum -an ReadPos-
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RankSum -an FS -an DP -an HaplotypeScore -tranche 100.0 -tranche 99.9 -tranche
99.0 -tranche 90.0 -mode SNP’. SNPs were then removed if they fell outside the 99.9%
tranche, were not biallelic, or were not within 1kb of a Nimblegen Custom array, us-
ing veftools v0.1.11[36] and in-house code. Additionally, SNPs were removed if they

had a missingness rate >5% or a Hardy-Weinberg Equilibrium p-value <led.

Individuals were then QC’ed using this refined list of called variants. First, Principal
Component Analysis (PCA) was conducted using EIGENSOFT 5.0.1’s smartpca[173]
and autosomal SNPs. PCA outliers were removed by manual inspection. Individ-
uals that only contained European ancestry were then kept for further analysis.
Additionally these remaining individuals were QC’ed based on Identity-By-Descent
(IBD) measures and genotype missingness; individuals were dropped in the presence
of cryptic relatedness (high, outlier z1 values from PLINK[177] v1.07’s --genome)

and >20% missingness.

3.5.6 SNP Annotation

SNPs were annotated using ANNOVAR[234] (downloaded 9/11/2013) and the follow-
ing generic command, ‘perl summarize_annovar.pl InputFilel.txt /Path/To/Databases/
--ver1000g 1000g2012apr --verdbsnp 129 --veresp 6500 --buildver hg19 remove’. This
command corresponds to the following databases and versions being used while map-
ping to Hgl9: 1000Genomes (April 2012 release), dbSNP (129), ESP (6500). All
other default ANNOVAR values and weights were used.
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3.5.7 Qwverlap with 1000Genomes and ExAC

1000 Genome[73] data was accessed by downloading the 39 release vefs from the 1000
Genome’s UK portal (ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp /release/20130502/).
European-ancestry allele frequency information was extracted from the 1000 Genomes
data using the ‘Eur_AF’ field per SNP (‘Eur_AF’ field description from the 1000
Genomes vcf: Allele frequency in the EUR populations calculated from AC and AN,
in the range (0,1)). SNPs that did not have information in this field and SNPs that
were non-biallelic were dropped. ExAC[131] data was accessed by downloading the
main vcf of the 3.0 release from the ExAC website
(ftp://ftp.broadinstitute.org/pub/ExAC release/release0.3/). European-ancestry fre-
quency information was calculated from the ExAC data by first extracting the
AC_NFE and AN_NFE fields (‘AC_NFE’ and ‘AN_NFE’ field descriptions from ExAC
vef: Non-Finnish European Allele Counts & Non-Finnish European Chromosome
Count). ExAC per SNP allele frequency was then determined by AC_NFE / AN_NFE.

SNPs that did have information in either of these fields were dropped.

The SNP overlap between these datasets and our set of called variants were deter-
mined via in-house scripts. Allele frequencies per SNP were then plotted against one

another using R.
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3.5.8 SKAT-O Analysis €& Permutations

SKAT-0[242, 130] analyses were conducted using the software suite EPACTS v3.2.4
(http://genome.sph.umich.edu/wiki/EPACTS) via the following generic command:
‘epacts --vctf InputFilel.vef --groupf InputGeneVariantList.txt --ped InputFilel.ped
--pheno Phenotype™* --test skat --skat-o --skat-adjust --beta 1,25 --max-maf 1.0 --cov
RMID --cov PC1 --cov PC2 --cov PC3 --cov PC4 --cov PC5’. Where ‘Phenotype*’
refers to any of the four below phenotype categories, ‘InputGeneVariantList.txt’
is a list of which variants to include per gene for the SKAT-O gene-based test,
and covariates ‘PC1-5" and ‘RMID’ refer to the top 5 PCs as determined during
the earlier individual QC section and the ID# specific to the 454 MID adapter
used in the sequencing process for that individual (ranges from 1-12). Pheno-
type groups for case/control analyses were constructed as follows: Seronegative
vs. Seropositive (‘HIV-Acquisition’), Highly-Exposed Seronegative vs. Seroposi-
tive (‘“HIV-Acquisition HE"), Very Rapid + Rapid Progressors vs. Very Slow + Slow
Progressors (‘AIDS-Progression’), and Very Rapid Progressors vs. Very Slow Pro-
gressors (‘AIDS-Progression Extreme’). SKAT-O tests were conducted using all the
non-synonymous variants called within the QC’ed white non-Hispanic subset for a

given gene.

Permutations were conducted by randomly shuffling the phenotype designations
across individuals. This was done 1,000 times and SKAT-O analyses for each of
the four case-control groups described above were conducted on each individual per-

mutated dataset. QQ-plots were created by comparing the gene-rankings of the
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original SKAT-O results to the gene-rankings of the permuted results, eg the top
gene’s p-value in the original results was compared against the top gene’s p-value in

all 1,000 permuted datasets.

3.5.9 Pathway Analysis

Pathway analysis was conducted using SKAT-O in a manner similar to that de-
scribed above. The main change was how we defined the loci being tested. Instead
of defining a ‘locus’ for tests as all the non-synonymous variants in a given gene, a
‘locus’ was defined as all the non-synonymous variants across the multiple genes a
given pathway includes. This refers specifically to the groups defined in the --groupf
file InputGeneVariantList.txt. To define pathways for these SKAT-O analyses, we
used two approaches. First, the Broad Institute’s MSigDB C2 collection was used
to define a generic collection of known and curated pathways (downloaded from
http://software.broadinstitute.org/gsea/msigdb/collections.jsp). Second, previous
HIV studies conducted by collaborators were used to determine different candidate
sets of genes and pathways. These were based on previous siRNA screens[22, 117],

proteomics work (Jéger et al. 2012), and other internal research efforts.

3.5.10 SNP Selection for Follow-up Genotyping

Variants were chosen for follow-up genotyping based on the following five categories.

For specific details regarding number of genes and variants included per category
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based on the below criteria, see Supplementary Table 3.7:

o SKAT-O HIV Non-Synonymous Variants: All non-synonymous variants used

in the original set of SKAT-O tests were included for follow-up genotyping

e Remaining HIV Non-Synonymous Variants: Non-synonymous variants that
were called but not included in the final SKAT-O analyses; these were generally
non-synonymous variants that were identified in individuals outside of the white

non-Hispanic ancestry.

o Top-Gene HIV All Variants: For a small set of top genes in the first array, all
variant-types called in the HIV dataset were included. Specifically, genes were
first ranked by SKAT-O p-value and then g-values were determined using the
R package ‘qvalue’. Genes whose g-values were < a specified threshold were
then included. This lead to all variant types discovered (eg intronic, exonic,
5'/3” UTR, upstream/downstream) in these genes being included. For MM5 a

g-value cutoff of .46 was used, and for P2 a g-value cutoff of .52 was used.

e Top-Gene ExAC Non-Synonymous Variants: Similarly, for a small set of top
genes in both arrays, the ExAC dataset[131] was used to identify additional
non-synonymous variants to include per gene. To determine which ExAC SNPs
were non-synonymous for a given gene, variants were annotated using ANNO-
VAR as described earlier. For MM5 a g-value cutoff of .4 was used, and for P2
a g-value cutoff of .5 was used. ExAC release0.3.1 was used (downloaded from

ftp://ftp.broadinstitute.org/pub/ExAC_release/release0.3.1/).
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o GTEx Whole-Blood eQQTL Variants: To further supplement our follow-up geno-
typing list, we used the GTEX data[33] to include putative whole-blood eQTL
variants corresponding to the genes from our SKAT-O analyses. We used
two steps to determine whether to include up to two variants per gene as
putative eQTLs. First, we identified whether the SNP with the strongest sig-
nal had a p-value a p-value <le'*. Second, we then identified whether there
was a second SNP that was at least outside a 20kb window of this first SNP
that also had a p-value <le®. This second step was an attempt to identify
a secondary signal outside of a possible local LD block. For a given gene
then, it could have anywhere between 0, 1, or 2 additional SNP included
for follow-up genoptyping depending on whether either of these two criteria
were met. To conduct this setup, GTEx V6 data was used (downloaded from

http://www.gtexportal.org/home/datasets).
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3.8 Figures
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Figure 3.1: MMS5 Overlap with 1000G — Shown are plots comparing the allele frequencies (AF) of overlap-
ping variants between the MM5 post-QC data and 1000 Genomes (1000G) data from the European subset.
The first plot shows original AFs being compared and the second plot shows -logl0(AFs) being compared.
503 individuals were used from the 1000G dataset, and a total of 39,049 SNPs were found to overlap between
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Figure 3.2: P2 Overlap with 1000G — Shown are plots comparing the AFs of overlapping variants between
the P2 post-QC data and 1000 Genomes (1000G) data from the European subset. A total of 54,910 SNPs
were found to overlap. See Figure 3.1 description for further details.
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Figure 3.3: MM5 SKAT-O QQPlot: HIV-Acquisition — Shown is a Quantile-
Quantile Plot (QQPlot) displaying the results for the SKAT-O analyses of the HIV-
Acquisition phenotype from the MM5 array. SKAT-O analyses are conducted on a
‘per- locus’ level, therefore datapoints represent variants grouped together and not
individual variants. The x-axis is the -log10 of the expected SKAT-O p-values and
the y-axis is the -log10 of the observed SKAT-O p-values. Observed, true results are
shown in red, whereas a 95% confidence interval derived from 1,000 permutations
is shown in gray. Only non-synonymous variants were used per-gene for this analy-
sis. The HIV-Acquisition analysis was conducted using seronegative individuals vs.
seropositive individuals.
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Figure 3.4: P2 SKAT-O QQPlot: HIV-Acquisition — Shown is the QQPlot
for the SKAT-O analyses of the HIV-Acquisition phenotype from the P2 array. See
Figure 3.3 for the remaining details.
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3.9 Tables

Gene p-Value qg-Value # Vars Rho
MM5

GEMIN2 7.64x10%  0.209 4 0.09
VTIIA  1.13x103  0.209 4 0.01
VDAC3 2.15x10  0.266 5 0
SDHD  6.14x103  0.311 1 NA
NUDC  7.64x10°  0.311 4 0.04

P2
XAF1  1.36x10%  0.395 7 1

PRDM1 1.44x10°3  0.395 12 1
PDXK  1.96x10%  0.395 3 0.09

MAPK14 2.17x103  0.395 3 1
NLRX1 3.08x1073  0.448 19 0.04

Table 3.1: Top SKAT-O HIV-Acquisition Results: MM5 & P2 — Shown is
a table of top SKAT-O results for both the MM5 and P2 arrays. Specifically, the
top 5 loci are shown from the SKAT-O analysis of HIV-Acquisition (seronegatives vs.
seropositives). 775 individuals were included in the MM5 analysis and 747 individuals
were included in the P2 analysis. The first column shows the gene ID, the second
column shows the SKAT-O p-value, the third column shows the associated g-value,
the fourth column shows the number of non-synonymous variants used for the gene,
and the last column shows the rho value from the SKAT-O analysis. The SKAT-
O rho value represents the mixture proportion between the ‘variance’ and ‘burden’
tests, with 0 being 100% the ‘variance’ test and 1 being 100% the ‘burden’ test.
g-values were determined from the full distribution of SKAT-O p-values. For full
details on the SKAT-O analyses, see Methods.
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Pathway p-Value # Genes # Genes # Vars Rho
Pathway Dataset Dataset

MM5

Zheng Bound By FOXP3 5.63x10™ 491 14 104 0.09

Kohoutek CCNT1 Targets 1.26x103 50 2 14 1

Kayo Aging Muscle Up 1.48x1073 224 6 113 0

REACTOME HIV Infection 2.04x1073 207 18 136 0
Kaab Heart Atrium VS 2.39x1073 261 13 52 0.09

Ventricle Dn
P2

Dazard UV Response Cluster G3  1.84x10™% 15 2 15 1
SU Pancreas 2.00x 107 54 2 26 0.25
Stambolsky Response To 2.72x107% 84 9 49 0.09

Vitamin D3 Up

Williams ESR1 Targets Up 2.87x10™% 26 4 19 0.25
Shin B_Cell Lymphoma Cluster 2 1.80x103 30 4 27 0.25

Table 3.2: Pathway Analysis: MSigDB_C2 — Pathway analysis of both MM5
and P2 genes using SKAT-O and the Broad Institute’s MSigDB C2 collection. The
MSigDB_C2 collection represents a manually curated collection of publicly available
pathway databases and resources, containing a total of 4,722 pathways. SKAT-O was
used by specifying a single ‘locus’ as all the non-synonymous variants from all the
genes present for a given pathway from MSigDB_C2. The first column displays the
name of the pathway from the MSigDB_C2 collection. The second column displays
the p-value from the SKAT-O analysis. The third column displays the total number
of genes associated with the given pathway. The forth column displays the number of
genes from our dataset that mapped to the given pathway. The fifth column display
the number of non-synonymous variants used for the analysis across the given number
of genes included. And the sixth column displays the rho value from the SKAT-O
analysis; for a description of the rho value see Table 3.1 description and Methods.
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HIV-1 p-Value # Genes # Genes # Vars Rho

Protein preQC postQC
REV 0.0114 14 14 74 0.0061
VPR 0.0667 40 37 221 0.04
NEF 0.137 8 8 41 1
VPU 0.145 55 50 515 0
TAT 0.175 23 19 192 0
VIF 0.273 22 18 104 1
GAG 0.339 5 5 26 0.8
PR 0.413 44 42 627 0
POL 0.525 31 28 222 1
GP120 0.536 43 41 253 0.25
RT 0.538 2 2 28 1
GP160 0.612 41 38 264 0
IN 0.656 19 16 205 0
NC 0.710 11 9 61 1
GP41 0.760 36 28 114 0
MA 0.916 18 17 159 0

Table 3.3: Pathway Analysis: Jager PPIs - Pathway analysis of MM5 using
SKAT-O and the Jager et al. 2012 PPI data. As described in text, Jéger et al.
2012 produced a list of genes found to interact with each HIV-1 protein using a
genome-wide immunoprecipitation and mass-spectrometry approach. These results
were then used to construct pathways by collecting every gene on MM5 that was
found to associate with each of the HIV-1 proteins, resulting in 16 different path-
ways corresponding to 16 of the 18 HIV-1 proteins. Analysis was conducted on these
pathways using SKAT-O in the same manner as described in the Table 3.2 descrip-
tion. The first column here shows the HIV-1 protein whose ‘pathway’ is being tested.
The second column shows the resulting SKAT-O p-value from the analysis. The third
column shows the original number of genes on the MM5 array that were associated
with the specified HIV-1 protein, and the fourth column shows the number of genes
that remained post-QC. The fifth column shows the number of non-synonymous vari-
ants that were used from the genes included for analysis, and the sixth column shows
the SKAT-O rho value, which is detailed in the Table 3.1 description.
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3.10 Supplementary Figures
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) . . . . *Based on 1000Genomes and
*Mapping and Variant Calling Pipeline: Broad/GATK suggested protocols

454 GS Flex Sequencing + Nimblegen Custom Exon Arrays
QC Raw Reads + Map to Genome (BWA MEM)

QC Mapped Reads + Call Variants (GATK Unified Genotyper)

Y

QC SNP Calls via GATK’s Variant Quality Score Recalibration (VQSR)

Y

QC Individuals based on Cleaned Variant Set + Analysis

*Total region files: 3652; 3776 *Raw read QC: Drop too short and too long reads
*Total bases sequenced: *Mapped read QC: Drop unmapped reads, secondary reads and
’ reads with <Q10, remove PCR duplicates, run GATK's Base
11. 11 ’ 4
1.9x10%; 1.7x10 Quality Score Recalibration

*Total reads sequenced: *VQSR: D, MQRankSum, ReadPosRankSum, FS, DP,
3.1x108; 2.9x10% HaplotypeScore

*Individual QC: high missingness, IBD and PCA outlier removal

Figure 3.5: Mapping & Variant Calling Pipeline — Shown is a summary of
the mapping and variant calling pipeline used to process the MACS subset targeted
gene-exome sequencing data. In brief, mapping was conducted using the BWA MEM
algorithm and variant-calling was conducted using GATK’s Unified Genotyper. QC
procedures were included at all stages of the pipeline, including pre-mapping, post-
mapping, post-variant calling, as well as on the individual level. Some details can
be found in the bottom of the figure; for full details of QC and all other parts of the
pipeline see Methods. Additionally, as noted at the top, the pipeline used here is
based on 1000Genomes and GATK Best Practices protocols. Summary information
regarding total number of files processed, bases sequenced, and reads sequenced, for
MM5 and P2 respectively, are also included on the bottom.
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Figure 3.6: MACS Subset PCA Plot — Shown is a Principal Components Analysis
(PCA) plot of the first two PCs from the MACS subset as well as individuals from
the HapMap3 CEU, CHB, and YRI cohorts. The x-axis is the 15* PC and the y-axis
is the 224 PC. 3,902 overlapping autosomal SNPs between the MACS subset and
HapMap3 individuals were used to perform the analysis. The plot displayed here is
based on the MM5 data; similar results were found from using P2 data. Outliers
from the main White non-Hispanic cluster were removed as part of QC. The top 5
PCs were used as covariates in the SKAT-O analyses. See Methods for individual
counts per ancestry and figure legend fOIi %lot point details.
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Figure 3.7: MM5 PostQC perIndv Coverage Histogram — Shown is a histogram
of the mean fold read coverage per individual post-QC. Data presented here is from
the MM5 array. All individuals post-QC, pre-analysis are included. The red dashed
line is placed at the average fold coverage across all individuals, with the value shown
in the top-right legend.
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Figure 3.8: P2 PostQC perIndv Coverage Histogram — Shown is a histogram
of the mean fold read coverage per individual post-QC. Data presented here is from
the P2 array. All individuals post-QC, pre-analysis are included. The red dashed
line is placed at the average fold coverage across all individuals, with the value shown
in the top-right legend.
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Figure 3.9: MM5 Overlap with ExAC — Shown are plots comparing the AFs of overlapping variants
between the MM5 post-QC data and Exome Aggregation Consortium (ExAC) data from the non-Finnish
European subset. An average of ~30,000 individuals were used from the ExAC dataset, and a total of 11,339
SNPs were found to overlap. See Figure 3.1 description for further details and Methods for how ExAC data
was extracted.
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Figure 3.10: P2 Overlap with ExAC — Shown are plots comparing the AFs of overlapping variants between
the P2 post-QC data and Exome Aggregation Consortium (ExAC) data from the non-Finnish European sub-
set. A total of 15,774 SNPs were found to overlap. See Figure 3.1 and Supplementary Figure 3.9 descriptions
for further details.
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Figure 3.11: MMJ5 Preliminary SKAT-O Analyses: HIV-Acquisition — Shown
is a QQPlot for preliminary analyses of SKAT-O exploring different design strategies
for collecting variants per gene. SKAT-O requires users to define which variants to
include per gene; therefore to identify the best approach different grouping possibili-
ties were examined. Design strategies explored include: using all variants, using only
exonic variants, using only non-synonymous variants, using only variants defined as
‘possibly damaging’ and ‘probably damaging’ by Polyphen2, using only variants de-
fined as ‘probably damaging’ by Polyphen2, using only variants defined as ‘damaging’
by Sift, and using only variants defined as ‘damaging’ by LRT. The phenotype used
here is HIV-Acquisition (seronegatives vs. seropositives). SKAT-O results from a
single permutation are also shown as a comparison (‘All_Perm’). The x-axis is the
-log10 expected SKAT-O p-values and the y-axis is the -logl0 observed SKAT-O
p-values. See legend for color coding details.
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Figure 3.12: MMJ5 Preliminary SKAT-O Analyses: HIV-Acquisition HE
— Shown is a QQPlot for preliminary analyses of SKAT-O exploring different de-
sign strategies for collecting variants per gene. The phenotype used here is HIV-
Acquisition HE (highly-exposed seronegatives vs. seropositives). See Figure 3.11 for
remaining details.
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Figure 3.13: MMS5 Preliminary SKAT-O Analyses: AIDS-Progression —
Shown is a QQPlot for preliminary analyses of SKAT-O exploring different de-
sign strategies for collecting variants per gene. The phenotype used here is AIDS-
Progression (very rapid + rapid progressors vs. very slow + slow progressors). See
Figure 3.11 for remaining details.
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Figure 3.14: MMJ5 Preliminary SKAT-O Analyses: AIDS-Progression Extr
— Shown is a QQPlot for preliminary analyses of SKAT-O exploring different de-
sign strategies for collecting variants per gene. The phenotype used here is AIDS-
Progression Extr (very rapid progressors vs. very slow progressors). See Figure 3.11
for remaining details.
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Figure 3.15: MM5 SKAT-0O QQPlot: HIV-Acquisition HE — Shown is the
QQPlot for the SKAT-O analyses of the HIV-Acquisition HE phenotype from the
MMS5 array. Here highly-exposed (‘HE’) seronegative individuals are used as the
controls vs. the seropositive cases. See Figure 3.3 for remaining details.

164
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Figure 3.16: MM5 SKAT-O QQPlot: AIDS-Progression — Shown is the QQ-
Plot for the SKAT-O analyses of the AIDS-Progression phenotype from the MM5
array. AIDS-Progression refers to the analysis of Very Rapid + Rapid AIDS-
Progressors vs. Very Slow + Slow AIDS-Progressors. See Methods for descriptions
of categories and see Figure 3.3 for remaining details.
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Figure 3.17: MM5 SKAT-0O QQPlot: AIDS-Progression Extr — Shown is the
QQPlot for the SKAT-O analyses of the AIDS-Progression Extr phenotype from
the MM5 array. Here extreme (‘Extr’) refers to only using the Very Rapid AIDS-
Progressors and the Very Slow AIDS-Progressors for the SKAT-O analysis. See
Methods for descriptions of categories and see Figure 3.3 for remaining details.
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Figure 3.18: P2 SKAT-0O QQPlot: HIV-Acquisition HE — Shown is the QQPlot
for the SKAT-O analyses of the HIV-Acquisition HE phenotype from the P2 array.
Here highly-exposed (‘HE’) seronegative individuals are used as the controls vs. the
seropositive cases. See Figure 3.3 for remaining details.
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Figure 3.19: P2 SKAT-O QQPlot: AIDS-Progression — Shown is the QQPlot
for the SKAT-O analyses of the AIDS-Progression phenotype from the P2 array.
AIDS-Progression refers to the analysis of Very Rapid + Rapid AIDS-Progressors
vs. Very Slow + Slow AIDS-Progressors. See Methods for descriptions of categories
and see Figure 3.3 for remaining details.
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Figure 3.20: P2 SKAT-O QQPlot: AIDS-Progression Extr — Shown is the
QQPlot for the SKAT-O analyses of the AIDS-Progression Extr phenotype from
the P2 array. Here extreme (‘Extr’) refers to only using the Very Rapid AIDS-
Progressors and the Very Slow AIDS-Progressors for the SKAT-O analysis. See
Methods for descriptions of categories and see Figure 3.3 for remaining details.
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3.11 Supplementary Tables

Ancestry # Individuals
White non-Hispanic 876
White Hispanic 50
Black non-Hispanic 56

Black Hispanic
AmlIndian Or AlaskanNative
Asian Or PacificIslander
Other

NN

Table 3.4: Ancestries of Individuals in MACS Subset — Table of self-reported
ancestries from the individuals included in the MACS subset. Note that only White
non-Hispanic individuals were included in the final analysis. Other ancestries are
expected to be included in the follow-up genotyping and analysis of the full MACS
dataset.
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MM5 P2

preQC postQC preQC postQC

SeroNeg 362 351 355 338

HESeroNeg 171 167 164 156

SeroPos 442 424 436 409
RapidVRapid 59 58 57 54
SlowVSlow 92 89 90 81
VRapid 23 23 23 21
VSlow 43 40 42 38

Table 3.5: White non-Hispanic Pre & Post QC Phenotypes — Table of pheno-
type counts for the white non-Hispanic individuals used in the analysis for both the
MMb5 and P2 arrays. Number of individuals for each phenotype category is shown
both pre- and post-QC for both arrays. Post-QC numbers are the final individ-
ual counts used for the SKAT-O analyses. SeroNeg refers to seronegative individu-
als, HESeroNeg refers to highly-exposed seronegative individuals, SeroPos refers to
seropositive individuals, RapidVRapid refers to rapid and very rapid AIDS progres-
sor individuals, SlowVSlow refers to slow and very slow AIDS progressor individuals,
VRapid refers to very rapid AIDS progressor individuals, and VSlow refers to very
slow AIDS progressor individuals.

171



MM5 P2

All SeroNeg SeroPos All SeroNeg SeroPos
Coverage 23 % 22x 23x 15x% 15x% 15x%
Mean GQ 60 59 61 44 44 44
# Exonic 334 334 333 654 654 653
# Non-Synon 123 123 122 257 257 257
# Common 299 299 299 591 591 592
# Rare 35 35 34 62 63 62
# Doubletons 3 3 3 3 3 3
# Singletons 3 2 3 2 2 2

Table 3.6: MM5 & P2 Variant Summary Metrics — Shown are various sum-
mary metrics from the post-QC set of called variants for both MM5 and P2. Metrics
are presented as ‘averaged per individual’ in the three groupings displayed: all in-
dividuals (‘All’), seronegative individuals (‘SeroNeg’), and seropositive individuals
(‘SeroPos’). Additionally, metrics shown are produced from focusing on called ex-
onic variants only. The specific summary metrics shown are: mean fold coverage
(‘Coverage’), mean genotyping quality (‘Mean GQ’), mean number of exonic vari-
ants (‘# Exonic’), mean number of non-synonymous variants (‘# Non-Synon’), mean
number of common variants (common defined as >MAF 5%; ‘# Common’), mean
number of rare variants (rare defined as <MAF 5%; ‘# Rare’), mean number of
doubletons (‘# Doubletons’), and mean number of singletons (‘# Singletons’).
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€LT

MM5 P2

g-Val Thresh Genes Variants qg-Val Thresh Genes Variants
OrigNonSyn 1 472 3715 1 785 5458
LeftoverNonSyn 1 252 623 1 331 584
AllVarTypes <.46 62 6903 <.52 24 2734
ExACNonSyn <4 40 7267 <.5b 5) 756
Blood_eQTLs NA 213 349 NA 374 636
Total - - 18856 - - 10165

Table 3.7: Follow-up Genotyping Details: MM5 & P2 — Shown are details of the variants being
included for follow-up genotyping of the full MACS cohort. Details are shown for both the MM5 and P2
arrays. For full descriptions of the categories used for inclusion see Methods, but in brief: all the non-
synonymous variants used in the original SKAT-O analyses (‘OrigNonSyn’), any non-synonymous variants
leftover from the original dataset (‘LeftoverNonSyn’), variants of any other type other than non-synonymous
(‘AllVarTypes’), additional non-synonymous SNPs pulled from the ExAC dataset[131] (‘ExACNonSyn’), and
additional, putative whole blood eQTL SNPs pulled from the GTEX dataset[33]. The columns show for both
MMS5 and P2 the number of genes and variants that were included for each category. Additionally, where
applicable the g-value threshold used to determine which genes would be included for a given category is also
shown (‘q-Val Thresh’; see Methods). Note that for the GTEX whole blood eQTLs, p-value and basepair
distance thresholds were used in lieu of g-values.
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4.1 Abstract

Genome-wide association studies (GWAS) are now a common tool to identify ge-
netic variants that affect traits of interest. To date, the NHGRI GWAS Catalog
has over 24,000 SNP-phenotype associations. However, the vast majority of these
GWAS are conducted in univariate frameworks, ie when genetic variants are only
tested against a single phenotype one at a time. This is in contrast to multivariate
frameworks where genetic variants are tested against different combinations of traits
simultaneously. Under many biological scenarios, taking into account the context
of multiple phenotypes drastically increases power. Additionally, by testing combi-
nations of traits, multivariate frameworks allow researchers to investigate a greater
level of biological complexity. Despite these clear advantages, multivariate analyses
are seldom implemented. Univariate GWAS already involve a large computational
and statistical burden; performing an additional, exponentially greater number of
tests is highly deterring. Furthermore, it is often unclear how to properly compare

different multivariate models even when they can be efficiently conducted.

Here, we present a framework and R package that alleviates these obstacles — Bayesian
multivariate analysis of summary statistics, or bmass. bmass runs solely using uni-
variate GWAS summary statistics. bmass can quickly conduct all possible multi-
variate analyses for up to 8 phenotypes. And bmass provides Bayes factors for each
multivariate analysis, thus allowing models to be directly compared. Running bmass
on various publicly available GWAS datasets consistently shows an increase in power

up to 40% over univariate approaches while keeping FDRs as low as 15%. bmass
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identifies many new significant associations as well as the phenotypic combinations
driving these associations, thus providing new levels of biological insight. Overall,
bmass is a powerful tool that should further enable researchers to perform multivari-

ate analysis of GWAS.
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4.2 Introduction

GWAS have become a common and useful tool for human genetic researchers. Often
employed as a first step, GWAS enable researchers to narrow the genome down to
regions of potential interest that may be linked to physical traits of interest[174, 227].
In terms of connecting single nucleotide polymorphisms (SNPs) and copy number
variations (CNVs) to physical characteristics, over 24,000 such associations have
already been identified as ‘genome-wide significant’ (based on varying thresholds of
statistical significance)[143]; additionally, a large, growing number of associations are
being discovered between genetic variation and relevant intermediate biological steps
such as epigenetic modifications, gene expression, transcript degradation, and other

related phenomenal71, 164, 17, 210].

However, these studies often conduct analyses only of the univariate GWAS variety,
e.g. they test for association only one trait at a time. This is in contrast to mul-
tivariate GWAS approaches, where you would test for association between genetic
variation and a combination of traits simultaneously[105, 196, 244]. Despite most
data releases of GWAS results being only of the univariate variety, it has been long
known and appreciated that multivariate approaches in GWAS have the capacity to
increase power to detect genetic association[105, 247, 72]. Additionally, multivariate
approaches in GWAS present a natural framework to help interpret genetic associ-
ations — by connecting multiple phenotypes to a variant of interest, it both focuses
the underlying biological possibilities while also presenting more material to draw

conclusions from.
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Even with these advantages, multivariate approaches in GWAS are seldom used.
There are likely multiple reasons for this, but in this paper we focus on two aspects
in particular: difficulties implementing multivariate approaches and difficulties in-
terpreting multivariate results. Often with previous multivariate approaches, users
must specify individual models they want to test and then rerun software repeatedly
to traverse various possibilities[62, 162]. It can quickly become ungainly and compu-
tationally challenging to comprehensively explore many multivariate models, which
is a common scenario for most users. Additionally, previous methods often present
results in the form of p-values. While this is useful for determining whether there
is enough evidence to reject a given null hypothesis, these setups are less conclusive
when determining which alternative models are most supported. When exploring
various multivariate models, it becomes increasingly important to determine not
just which single models are interesting, but which models are more interesting than

others.

We address these concerns through the development of bmass — Bayesian multivariate
analysis of summary statistics. bmass is an R package that builds on the framework in
Stephens 2013[207]. bmass runs on GWAS summary statistics in a standard, simple
format, and is able to comprehensively explore all models in our framework quickly
given up to 8 different phenotypes. This enhances ease-of-use and is more engaging
for users since results for all possible multivariate models are provided. Additionally,
presenting results in a Bayesian framework allows users to directly compare models

against one another; this in turn eases interpretation of results.
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Here we show the results of applying bmass and re-analyzing over 13 different publicly
available datasets. For many of these datasets we find additional, novel variants.
We also identify multivariate patterns underlying both the previously discovered
associations as well as our novel findings. Finally, we highlight specific examples to
show how incorporating knowledge from multiple phenotypes can enhance results’

interpretation and hypothesis formation.

4.3 Results

4.8.1 Modeling multiple phenotypes and genetic associations in

bmass

As mentioned, bmass implements the model from Stephens 2013[207]. For a full
description, see both Online Methods and Stephens 2013. In brief, bmass defines
phenotypes as belonging to one of three possible categories: Unassociated, Directly
Associated, or Indirectly Associated. Unassociated traits have no direct connection
to, and are independent of, a variant of interest, g. Directly associated traits do
have a direct connection to g and are therefore dependent on g. And indirectly
associated traits have a connection to g but only by mediation through traits in D,
so therefore are conditionally independent of g given D (see supplementary figure
4.5 for a graphical structure representing these relationships and Online Methods for

more details). bmass then defines a single multivariate model v as the particular
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combination of traits that fall into each of these three categories, eg v = {U, D, I}.

Given a set of d phenotypes, bmass will define a total of 39 different ~’s.

To evaluate these 34 different models, bmass computes a Bayes Factors (BF) for

each ~:
_»(Ylg)
po(Y')

where the numerator represents the alternative hypothesis (p,) and the denominator

BF, : (4.1)

represents the null hypothesis (pg). The denominator is the same for every BF,
representing a global null of ‘no association’ between any of our d phenotypes and our
variant g. And the numerator in our case is each different likelihood corresponding
to the v’s, representing different subsets of traits being assigned to {U, D, I}. bmass
calculates these BF's for each variant g included for analysis, resulting in a g by -~
matrix of BFs. To obtain a single summary metric for each variant, bmass employs

Bayesian Model Averaging (BMA) and a weighted average:

YF#Y0

where the weights wy are proportional to the priors on p(y). This final summary
metric, one of the main outputs of bmass, can then be viewed as the total, aver-
aged support for association across all possible models versus the global null of no

association.

To determine a value of BFayg that corresponds with a ‘genome-wide significance

threshold” per analysis, bmass can take an empirical approach using each study’s
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previous univariate significant GWAS hits (‘PreviousSNPs’). Specifically, bmass
first uses these PreviousSNPs, which were determined using dataset-specific GWAS-
significant p-value thresholds (see Methods), to train and determine the weights
found in BFayg. bmass then uses these weights to calculate BFayg for all variants
being analyzed. Lastly, bmass uses the smallest BF,yg amongst the PreviousSNPs
as its threshold for ‘genome-wide significance’; in lieu of a pre-specified value, we use
the weakest PreviousSNP as a benchmark. After establishing this value, any SNP
that has a BFayg greater than this ‘PreviousSNP smallest value’ will be considered

‘genome-wide significant’ in this new multivariate space as well.

In total, given a set of d traits measured across g variants, bmass can both 1) com-
prehensively test all multivariate models as defined by our v’s = {U, D, I} and
2) summarize the overall amount of evidence for association vs. no association for
each g, determining ‘genome-wide significance’ based on datasets’ previous univari-
ate GWAS hits. Additionally, results are presented in the form of BFs. Doing so
aids users in interpreting these results in the following ways: 1) for a single model,
increasingly larger BFs can be interpreted as increasingly greater support for the
alternative hypothesis; this allows results to be viewed not just on a binary scale as
‘associated’ or ‘not associated’, but also viewed in terms of ‘how strongly associated’,
and 2) since each BF uses the same null hypothesis, models can be directly compared
against one another — eg if model 1 has a larger BF than model 2, we can interpret
this as model 1 having greater support than model 2. Lastly, previous comparisons
of this framework to other multivariate GWAS methods have shown the framework

to either have comparable power or be the most powerful approach in a number of
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biologically-relevant scenarios[72, 172].

Some drawbacks of this framework however include the following: 1) We currently
assume that all traits have been measured across the same group of individuals.
This allows us to estimate the phenotype covariance matrix using only summary
statistics, but restricts what phenotypes can be analyzed at one time. 2) The pre-
sented strategy requires previous univariate GWAS hits and so cannot be applied
to studies that do not have at least a handful of significant hits. 3) The strat-
egy is also computationally intractable for large numbers of phenotypes, due to the
exponentially-increasing number of models that are considered (however, bmass can

easily deal with the computations for up to about 8 phenotypes).

4.3.2  Many novel loci identified in re-analyzing 13 publicly available
GWAS studies

We obtained summary statistics from 13 different publicly available GWAS studies,
representing 10 different collections of phenotypes (Table 4.1). Phenotypic collections
include blood lipids traits, body morphological traits, red blood cell traits, blood
pressure traits, bone density traits, and kidney function-related traits. For three
of these phenotypic collections, multiple releases from the source consortiums are
included (2 from GlobalLipids[216, 240], 2 from GIANT][128, 203, 87, 241, 138, 198],
2 from HaemgenRBC[225, 11]). We conducted basic QC where possible (see Online
Methods).
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We ran bmass as described (see Online Methods) using these datasets’ univariate
summary statistics. Overall, we had a range of success, going from no new loci found
in either the MAGIC2010 or SSGAC2016 datasets to over 100 new loci identified in
the GIANT2014/5 data. It should be noted that we draw a distinction between ‘new
hits identified by bmass’ and ‘truly novel findings’ — many studies publish results (eg
lists of significant SNPs) based on the meta-analysis of both a discovery dataset and
follow-up additional data, such as a replication dataset; however, generally only the
discovery set data is publicly released (there are a number of reasons for this often
happening, including replication tending to focus on a smaller subset of variants). As
a result, we are often only able to run bmass on the discovery dataset; this produces a
list of results that are indeed ‘new hits’ based solely on the discovery data, but in the
context of additional follow-up data from the published studies, do not necessarily
represent ‘novel findings’. In Table 4.2 we delineate how many of our new bmass hits
are ‘true novel hits” and how many rediscover previous findings that came from the

inclusion of additional data.

Unsurprisingly, we see a positive trend between the number of univariate GWAS
hits a study produces and the number of new multivariate hits running bmass on
that same study produces; while bmass (and multivariate approaches in general)
can increase power to detect associations, this effect will always be strongly corre-
lated with the power to detect univariate associations (see Figure 4.1c for how BFayg
scales vs. the maximum univariate p-value in GlobalLipids2013). Interestingly, we
also see that the variants being identified as ‘new multivariate hits’ are not necessar-

ily the same variants that would be identified as ‘new univariate hits’ had we just
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relaxed our univariate GWAS p-value threshold (see Figure 4.2 for an example in
GlobalLipids2013). In other words, we are not simply increasing power in a generic
sense — we are increasing power and detecting variants that are specific to doing a

multivariate analysis.

Finally, we have an interesting situation that allows us to partially estimate our true
discovery rate. Because we have three consortiums that have multiple releases of their
datasets (with the differences generally being larger sample sizes in the later releases),
we can ask the question: how many of our bmass hits from the earlier releases overlap
with new univariate hits from the later releases? Since both approaches — increasing
sample size and using a multivariate approach — are meant to increase power, we
might expect there to be a reasonable amount of overlap between these sets of new
hits. And indeed using a 50kb window this is what we see, with overlap between
results at 50% or better: in GlobalLipids 13 of our 19 bmass hits from the 2010
release overlap with the new set of univariate hits from the 2013 releases, in GIANT
11 of our 15 bmass hits from the 2010 release overlap with the new set of univariate
hits from the 2014 and 2015 releases, and in HaemgenRBC 8 of our 15 bmass hits
from the 2012 release overlap with the new set of univariate hits from the 2017
release. Additionally, this might be considered a conservative estimate since we
may not expect all multivariate hits to quickly reach univariate p-value thresholds
given increasing sample sizes. Overall this indicates that bmass is accurate when

identifying new significant associations.
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4.3.83 Refining association signals within tagged loct via multivariate

patterns

On top of indicating new results, looking at multivariate patterns can also help re-
fine association signals in regions with multiple significant SNPs. In our empirical
approach, we mask variants within a 1Mb window of a previous univariate GWAS
hit; however, even after doing this, some studies produced results that included vari-
ants with univariate p-values that technically exceeded the genome-wide significant
p-value thresholds used by those studies (Table 4.3). While there are likely multiple
reasons why variants that technically surpassed genome-wide thresholds for signifi-
cance were not ultimately reported by a given study, we hypothesize that a common
rationale for doing so is physical proximity to a variant with a stronger signal. For ex-
ample, more than half of the variants described above are between a 1Mb and 2Mb
window of a previous univariate GWAS hit; while many of these variants are not
tightly linked to the original univariate hit, it is reasonable to suggest that authors
were originally conservative and demurred from reporting these additional, ‘nearby’
hits. However, by looking at these ‘nearby’ hits through the prism of multivariate
modeling, we often see much clearer pictures of separate patterns of associations

between the variants in question.

For example, see rs7515577 and rs12038699, an original GlobalLipids2010 univariate
hit and a new GlobalLipids2013 multivariate hit, respectively — rs7515577 reached
univariate genome-wide significance in the GlobalLipids2010 dataset and was re-

ported, while rs12038699 reached univariate genome-wide significance in the Glob-
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allpids2013 dataset and was not reported (Table 4.4). 1s7515577 and rs12038699 are
549kb apart and have a r2 of .04. Based on the 2010 results, looking at just the
minimum p-value across each phenotype for both SNPs would suggest rs7515577 as
the better candidate, and may lead you to mask rs12038699 even in the follow-up
2013 study. However, by looking at the p-values of each phenotype studied simulta-
neously for both SNPs, you clearly see two different patterns of association (Figure
4.4). We feel that such patterns strongly indicated that rs12038699 should be viewed
as a separate genome-wide hit, and in general we often find this is the case for the

variants highlighted above.

4.3.4 Identifying pletotropic patterns of association within a given

study

Not only does bmass produce a single summary metric to determine overall asso-
ciation, but bmass also provides BF's for each individual model tested per variant.
These can be used to computer posterior probabilities for each model-variant com-
bination by using the priors obtained from the previous univariate GWAS hits and

Bayes’ rule:

p(vY,g) o p(v)BFy (4.3)

We point out two approaches in particular to look at these results. First, we can ask
for each new bmass hit identified in a given dataset, ‘what model has the highest

posterior probability’, and then tally the results across each variant. In Table 4.5 we
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show an example of such an approach using the GlobalLipids2013 results. Looking
at the top results, we find that 38 new variants have the model ‘HDL, TG, and TC in
D, with LDL in I’ with the greatest posterior probability, 11 variants have the model
‘HDL and TC in D, with LDL and TG in I’ with the greatest posterior probability,
and 8 variants have the model ‘HDL, LDL, and TG in D, with TC in I’ with the
greatest posterior probability. Interestingly, we see a number of SNPs contain models
where LDL is not assigned to the D category; however, it is well appreciated by this
point the causal relationship between LDL and other traits such as Cardiovascular
Disease[228, 240, 171]. Possibly this could be an artifact of how blood lipids are

measured, which may be of importance for downstream analyses.

Second, instead of looking at individual models per variant, we can examine overall
support for our three categories D, I, or U per variant. Specifically we can compute
the marginal posterior probabilities per variant that each phenotype gets assigned
to these categories. As an example, we present results using the GIANT2014/5 data
(Figure 4.3). For each of our three categories D, I, or U (Figure 4.3a-c), we show the
marginal posterior probability that each SNP belongs to that category for each of the
three phenotypes in GIANT2014/5. We also include the ZScores for each variant per
phenotype as a comparison (Figure 4.3d). Perhaps unsurprisingly, the vast majority
of SNPs have Height assigned to the D category. Height is well-appreciated by this
point to have a very polygenic architecture[243, 241], suggesting it may play a role
even among SNPs where it is not the only association. Additionally, we also see
small clusters of SNPs where both Height and BMI are more supported for being

in D, and SNPs where both Height and WHRadjBMI are more supported for being
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in D. These clusters possibly represent distinct pathways from SNPs that are solely

height-associated.

4.3.5  Ezxamples of novel multivariate discoveries

Amongst our results, we highlight the following novel discoveries as examples of the

particular benefits of utilizing a multivariate approach in GWAS.
rs2862954 € ERLIN1 (GlobalLipids)

12862954 is a synonymous SNP in the ER Lipid Raft Associated 1 (ERLINT) locus,
a gene whose protein product is involved in the endoplasmic reticulum-associated
degradation of inositol 1,4,5-trisphosphate receptors. It was originally identified
as a novel multivariate hit in Stephens 2013[207] based on the analysis of Global-
Lipids2010. Interestingly, despite its strong multivariate signal, rs2862954 remained
insignificant among the univariate analyses of the updated 2013 GlobalLipids. Ex-
amining the p-values across each phenotype between 2010 and 2013 however reveals
a trend towards increased significance in HDL and TG (Table 4.6). Additionally,
at the time of Stephens2013, FRLINI only had one reference in the literature re-
lated to lipid levels, connecting other SNPs in the locus to alanine-aminotransferase
(ALT) plasma levels, an important liver enzyme[245]. However, since then, two
additional studies have shown ERLIN1 to be connected to liver function as well.
First, a 2013 study of 2,705 European American individuals from the NHLBI Family

Heart Study found that FRLINI and rs2862954 specifically were associated both
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with ALT and computed tomography-derived measurements of fatty liver (FL)[56].
Interestingly, this study found that separate analyses of ALT and FL failed to reach
genome-wide significance, but a combined meta-analysis of both traits did reach sig-
nificance. Second, a 2015 study of 316 Carribean-Hispanic individuals in New York
City looked at 74 candidate nonalcoholic fatty liver disease (NAFLD) SNPs, includ-
ing rs2862854/ ERLIN1[49]. Despite the relatively small sample size, the study still
found a suggestive protective effect between rs2862954 and NAFLD, as well as other
variants in the FRLINI-CHUK-CWF19L1 gene cluster.

Thus there is increasing evidence that FRLIN1 plays an important role in both liver
enzyme levels and blood lipid levels. Additionally, this example shows the utility
of multivariate approaches when univariate signals do not reach stringent p-value
thresholds; in two studies here, a signal of association was only significant after

combining effects across phenotypes.
rs11708067 & ADCY5 (GIANT)

Our second example, rs11708067, is an intronic variant within the adenylate cy-
clase 5 (ADCY5) locus. ADCY5 is an enzyme that helps catalyze the formation
of cAMP in response to G protein-coupled receptor signaling, and is a significant
hit in our GIANT2014/5 analysis. Its strongest multivariate signal is with Height
and BMI in D, and WHRadjBMI in U, and it has marginal univariate signals of
association for both height and BMI (Table 4.6). There exists compelling previous
work linking the ADCY5 locus to the phenotypic space inhabited by both height

and BMI, which suggests that this variant may represent a causal mutation for this
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association signal. Mice homozygous null for ADCY5 show multiple disruptions
related to motor function, including impaired coordination, decreased vertical ac-
tivity, and bradykinesia[102, 18]. Additionally, de novo heterozygous mutations in
ADCY5 were suggested to be the causative mutations in multiple cases of familial
dyskinesia with facial myokymia (FDFM)[31, 30], an autosomal dominant disorder
first described in 2001 that presents various motor function dysregulation with early
onset[60]. Multiple studies have also shown association signals between rs11708067
and other variants within ADCY5 to Type 2 Diabetes (T2D) and glucose-related
measurements[48, 188, 179], as well as fetal growth rate and birth weight[10, 65].
Lastly, rs11708067 has been shown to affect gene expression of ADCY5 in human
pancreatic islets[91] (where differential CpG-SNPs and DNA methylation were also
found, including at the ADCY5 locus[40]), thus providing a potential mechanistic
link between rs11708067 and ADCY5.

Overall, this novel association between rs11708067 and height/BMI furthers the evi-
dence that ADCY?5 is a highly pleiotropic locus with impacts on both motor function
and metabolic traits. Interestingly, some of this previous work has already suggested
ADCY5 as genetic evidence in support of the ‘fetal insulin hypothesis’ — an alterna-
tive explanation for the relationship between low birth-weight and insulin-resistance,
stemming from a genetic basis in the offspring in contrast to an impact of the mater-
nal uterine environment|[86, 10, 65]. It is possible that the association presented here,
between rs11708067 and adult height and BMI, represents perturbations on similar

anthropomorphic and metabolic pathways but with less severe outcomes.
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4.4 Discussion

Here we present results from reanalyzing publicly available summary GWAS data
using a Bayesian multivariate approach, bmass. We show for many studies additional,
novel loci are identified by running bmass; we also show that if a study is already
well-powered for a univariate analysis, it stands to gain even more from using this
multivariate approach. We also show the utility in analyzing multivariate patterns for
interpreting results: we show how looking at multiple phenotypes simultaneously can
help parse overlapping signals of association, how multivariate models per-SNP allow
us to see more broad patterns of biological phenomena (such as genetic architecture
in Height), and how multivariate models can aid in developing hypotheses about

individual signals of association.

The need for methods and analytical tools that process increasing complexity and
dimensionality in human genomic data, such as bmass, is paramount. We are al-
ready entering an era with vast sums of publicly available human genetic and pheno-
typic information, including exciting and promising ventures such as GTEX]33], the
UKBioBank|211], and eMERGE[80] However, many of the tools that have been used
thus far in human genomics analysis will increasingly be ineffective at leveraging the
advantages these multifaceted datasets offer. Much of the promise these types of
databases hold is being able to identify broader patterns of association beyond just
‘one variant and one phenotype’. While such databases will help evaluate increasingly
complex genic models of association, both polygenic[243, 195] and omnigenic[21],

they will also help evaluate increasingly complex patterns of pleiotropy among vari-
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ants as well[202, 67, 174]. But in order to identify these patterns of association and
leverage these datasets, we need to develop and implement methods that explicitly

model multivariate connections between variables.

Here we present one possibility to implement multivariate modeling in human GWAS.
However, there are multiple ways to begin addressing these kinds of approaches, with
other recent work highlighting different, successful strategies. Pickrell et al. 2016[171]
take a bivariate approach where they explicitly include direction of effect sizes to ad-
dress questions of causality; by looking at correlations of effect sizes between traits,
and between variants ascertained on a specific trait, they can begin to discern how,
and not just whether, two traits are related to one another. Mendelian Randomiza-
tion (MR) is another approach that aims to discern causality given two specific traits
— here a genetic variant is used as an instrument variable to determine whether one
trait acts as an intermediate for the other trait[201, 23]. A number of studies have
already shown in the context of GWAS how utilizing MR can help interpret both
association signals and trait relationships[228, 7, 159]. Explicitly modeling direction
of effect and causality, as done in these examples, should be an important priority

and goal of ongoing developments in multivariate approaches.

Additionally, analyses shown here with bmass only involve modeling multiple physi-
cal traits as outcomes, however publicly available datasets now increasingly include
many intermediate phenotypes, including epigenetic data such as DNA methyla-
tion, nucleosome positioning, and histone modifications[184], and physical interaction

measurements such as results from ChIA-PET and Hi-C studies[69, 45]. In general
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the question of how to combine signals from across these distinct, yet presumably
linked, measurements, is an ongoing area of work; recent examples show the breadth
of datatypes methods are currently attempting to integrate[248, 136, 238|. However,
similar to explicitly modeling causality and direction of effects, anticipating outcome
variables beyond the historically typical physical traits GWAS are accustomed to is

an important priority for ongoing development of multivariate approaches.

We hope researchers find bmass and the underlying framework useful and engaging.
While the two main goals of providing such software is to 1) help researchers identify
more potential associated loci and 2) allow them to explore the multivariate patterns
underlying these signals of association, we also broadly aim to make multivariate
approaches more commonplace in human genomics. As outlined here, many of our
upcoming challenges in the field will be greatly aided by extending and incorporating
multivariate frameworks; human genomics as a field is already rapidly increasing the
quantities of data publicly available, and as such we should also work towards scaling

the capabilities of our analytical methods and tools as well.

4.5 Online Methods

4.5.1 GWAS Datasets

Below are specific details regarding retrieval and data-processing for each dataset

analyzed, including published lists of GWAS hits. Where applicable, sample size
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(N), MAF, and p-value thresholds were applied. Additionally, variants which did
not contain information for every phenotype, or did not contain the same reference
and alternative allele across each phenotype, were dropped. For a handful of studies,

external databases were used to retrieve chromosome and basepair information based

on rsID# as well.

GlobalLipids2010[216] Original merged, processed, and GWAS-hit annotated sum-
mary data from Stephens 2013[207] for HDL, LDL, TG, and TC was downloaded

from https://github. com/stephens999/multivariate ( dtlesssignif.annot.txt and

RSS0.tat).

GlobalLipids2013[240] Summary data for HDL, LDL, TG, and TC was down-
loaded from http://csg.sph.umich.edu/abecasis/public/1ipids2013/. A min-
imum N threshold of 50,000, a MAF threshold of 1%, and a univariate signifi-
cant GWAS p-value threshold of 5x10°® were used. All variants were oriented to
the HDL minor allele. The final merged and QC’d datafile contained 2,004,701
SNPs. rsIDs of published GWAS hits were retrieved for all four phenotypes from
https://www.nature.com/ng/journal/v45/n11/full/ng.2797 .html via Supple-

mentary Tables 2 and 3.

GIANT2010[128, 203, 87] Summary data for Height, BMI, and WHRadjBMI were
downloaded from https://www.broadinstitute.org/collaboration/giant/index.
php/GIANT _consortium_data_files. A minimum N threshold of 50,000, a MAF
threshold of 1%, and a univariate significant GWAS p-value threshold of 5x10°®

were used. Chromosome and basepair position per variant were retrieved from
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dbSNP130[194]. All variants were oriented to the Height minor allele. The final
merged and QC’ed datafile contained 2,185,686 SNPs. rsIDs of published GWAS
hits were retrieved for Height from https://www.nature.com/nature/journal/
v467/n7317/full/nature09410.html via Supplementary Table 1, for BMI from
https://www.nature.com/ng/journal/v42/n11/full/ng.686.html via Table 1,
and for WHRadjBMI from https://www.nature.com/ng/journal/v42/n11/full/

ng.685.html via Table 1.

GIANT2014/5[241, 138, 198] Summary data for Height, BMI, and WHRad-
jBMI were downloaded from https://www.broadinstitute.org/collaboration/
giant/index.php/GIANT _consortium_data_files. A minimum N threshold of
50,000, a MAF threshold of 1%, and a univariate significant GWAS p-value thresh-
old of 5x10°® were used. Chromosome and basepair position per variant were re-
trieved from dbSNP130[194]. All variants were oriented to the Height minor allele.
The final merged and QC’ed datafile contained 2,340,715 SNPs. rsIDs of published
GWAS hits were retrieved for Height from https://www.nature.com/ng/journal/
v46/n11/full/ng.3097 .html via Supplementary Table 1, for BMI from https://
www.nature.com/nature/journal/v518/n7538/full/naturel14177.html via Sup-
plementary Tables 1 and 2, and for WHRadjBMI from https://www.nature.com/
nature/journal/v518/n7538/full/nature14132.html via Supplementary Table

4.

HaemgenRBC2012[225] Summary data for RBC, PCV, MCV, MCH, MCHC,

and Hb were downloaded from the European Genome-Phenome Archive via accession
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number EGAS00000000132 https://www.ebi.ac.uk/ega/studies/EGAS00000000132.
A minimum N threshold of 10,000, a MAF threshold of 1%, and a univariate sig-
nificant GWAS p-value threshold of 1x108 were used. Chromosome and basepair
position per variant were retrieved from HapMap release 22[96]. All variants were
oriented to the RBC minor allele. The final merged and QC’ed datafile contained
2,327,567 SNPs. rsIDs of published GWAS hits were retrieved for all six phenotypes
from https://www.nature.com/nature/journal/v492/n7429/full/naturel1677.

html via Table 1.

HaemgenRBC2016[11] Summary data for RBC, PCV, MCV, MCH, MCHC, and
Hb were shared via personal communication with the authors. A MAF threshold of
1% and a univariate significant GWAS p-value threshold of 8.319x107? were used.
Since sample size was not provided per variant, the following overall study sam-
ple sizes were used as proxies per phenotype: 172,952 for RBC, 172,433 for PCV,
173,039 for MCV, 172,332 for MCH, for 172,925 MCHC, and 172,851 for Hb. All
variants were oriented to the RBC minor allele. The final merged and QC’ed datafile
contained 8,649,095 SNPs. rsIDs of published GWAS hits were determined empir-
ically by using the aforementioned univariate significant GWAS p-value threshold,
and greedily pruning SNPs per phenotype file sorted by p-value and using a 1Mb

window.

ICBP2011[95, 230] Summary data for SBP, DBP, PP, and MAP were downloaded
from dbGaP via accession numberphs000585.v1.pl (https://www.ncbi.nlm.nih.

gov/projects/gap/cgi-bin/study.cgi?study_id=phs000585.v1.p1l). A minimum
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N threshold of 10,000, a MAF threshold of 1%, and a univariate significant GWAS
p-value threshold of 5x10°® were used. Chromosome and basepair position per vari-
ant were retrieved from HapMap release 21[96]. All variants were oriented to the
SBP minor allele. The final merged and QC’ed datafile contained 2,387,851 SNPs.
rsIDs of published GWAS hits were retrieved for SBP and DBP from https://
www.nature.com/nature/journal/v478/n7367/full/nature10405.html via Sup-
plementary Table 5, and for PP and MAP from https://www.nature.com/ng/
journal/v43/n10/full/ng.922.html via Table 1 and Supplementary Table 2F. Ad-
ditionally, we gratefully acknowledge the International Consortium for Blood Pres-
sure Genome-Wide Association Studies (Nature. 2011 Sep 11;478(7367):103-9, Nat

Genet. 2011 Sep 11;43(10):1005-11) for generating and sharing this data.

MAGIC2010[48] Summary data for Fstlns, FstGlu, HOMA B, and HOMA_IR
were downloaded from https://www.magicinvestigators.org/downloads/. A MAF
threshold of 1% and a univariate significant GWAS p-value threshold of 5x1078 were
used. Since sample size was not provided per variant, the overall study sample
size of 46,186 was used as a proxy. Chromosome and basepair position per vari-
ant were retrieved from HapMap release 22[96]. All variants were oriented to the
FstIns minor allele. The final merged and QC’ed datafile contained 2,333,328 SNPs.
rsIDs of published GWAS hits were retrieved for all four phenotypes from https:

//www.nature.com/ng/journal/v42/n2/full/ng.520.html via Table 1.

GEFO0S2015[246] Summary data for FA, FN, and LS were downloaded from http:

//www.gefos.org/7q=content/data-release-2015. A MAF threshold of .5% and
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a univariate significant GWAS p-value threshold of 1.2x 1078 were used. Since sample
size was not provided per variant, the overall study sample size of 32,965 was used
as a proxy. All variants were oriented to the FA minor allele. The final merged
and QC’ed datafile contained 8,938,035 SNPs. rsIDs of published GWAS hits were
retrieved for all four phenotypes from https://www.nature.com/nature/journal/

v526/n7571/full/naturel14878.html via Supplementary Table 13.

GIS2014[16] Summary data for Iron, Sat, TrnsFrn, and Logl0Frtn were shared via
personal communication with the authors. A MAF threshold of 1% and a univariate
significant GWAS p-value threshold of 5x10°® were used. Since sample size was not
provided per variant, the overall study sample size of 48,972 was used as a proxy.
All variants were oriented to the Iron minor allele. The final merged and QC’ed
datafile contained 1,985,313 SNPs. rsIDs of published GWAS hits were retrieved
for all four phenotypes from https://www.nature.com/articles/ncomms5926/ via

Table 1.

SSGAC2016[12] Summary data for NEB_Pooled and AFB_Pooled were down-
loaded from https://www.thessgac.org/data. A MAF threshold of 1% and a
univariate significant GWAS p-value threshold of 5x10°® were used. Since sample
size was not provided per variant, the following overall study sample sizes were used
as proxies per phenotype: 251,151 for NEB_Pooled and 343,072 for AFB_Pooled.
All variants were oriented to the NEB_Pooled minor allele. The final merged and
QC’ed datafile contained 2,395,561 SNPs. rsIDs of published GWAS hits were re-

trieved for all four phenotypes from https://www.nature.com/ng/journal/v48/
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n12/full/ng.3698.html via Table 1.

CKDGen2010/1[119, 19] Summary data for Crea, Cys, CKD, UACR, and MA
were downloaded from https://www.nhlbi.nih.gov/research/intramural/researchers/
pi/fox-caroline/datasets. A MAF threshold of 1% and a univariate significant
GWAS p-value threshold of 5x10°8 were used. Since sample size was not provided
per variant, the following overall study sample sizes were used as proxies per pheno-
type: 67,093 for Crea, 20,957 for Cys, 62,237 for CKD, 31,580 for UACR, and 30482
for MA. All variants were oriented to the Crea minor allele. The final merged and
QC’ed datafile contained 2,333,498 SNPs. rsIDs of published GWAS hits were re-
trieved for Crea, Cys, and CKD from https://www.nature.com/ng/journal/v42/

n5/full/ng.568.html via Table 2.

EMERGE22015[88] Summary data for ICV, Accumbens, Amygdala, Caudate,
Hippocampus, Pallidum, Putamen, and Thalamus were downloaded from http://
enigma.ini.usc.edu/research/download-enigma-gwas-results/. A minimum
N threshold of 10,000, a MAF threshold of 1% and a univariate significant GWAS
p-value threshold of 5x10°® were used. All variants were oriented to the ICV minor
allele. The final merged and QC’ed datafile contained 6,271,117 SNPs. rsIDs of
published GWAS hits were retrieved for all 8 phenotypes from https://www.nature.

com/nature/journal/v520/n7546/full/naturel14101.html via Table 1.
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4.5.2  Modeling multiple phenotypes

In the multivariate framework bmass extends, the relationship between multiple phe-
notypes is modeled by use of the three following categories: Unassociated, Directly
Associated, or Indirectly Associated. Given a variant of interest g, we first define
these categories as follows: U are phenotypes that have no connection with g, D are
phenotypes that have a direct connection with g, and I are phenotypes that have
a connection to I only by passing through the phenotypes classified as D. To fur-
ther define these categories, we also claim the following two conditional probability
statements: 1) that phenotypes in U are independent of g and 2) that phenotypes
in I are conditionally independent of g given the phenotypes in D. To help visualize
this modeling, we show a directed acyclic graph in Supplementary Figure 4.5 which

displays the connections between U, D, and I.

Given these three categories and a set of d phenotypes, we define a single multivariate
model as distinct subsets of d falling into any category U, D, and I. We then assign
each unique combination of subsets and category-assignments as a v = {U, D, and
I}. Such that for any set of d phenotypes we have 3d possible multivariate models
and therefore 34 4’s. We also assign a probability distribution py(Y|g) to each =,
where Y = Y7, YD, Y7, the subsets of phenotypes that are assigned to each category

for a given model.
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4.5.8  Specifying the form of p, and our Bayes Factor

To specify p,(Y'|g), we first present its factorized form as the following:

py(Ylg) = py(Yu)py(YDIYr, )y (YYD, YD) (4.4)

Initially, this may appear to suggest a large number of models need to be defined for
every analysis, even for moderate d. However, we will next show that it is possible
to derive each ~« from just a subset of models. To set this up, we will present two

specific models from which the remaining ~’s will be constructed from:

1. po — this model specifies all phenotypes in d are placed in the U category,
which can also be thought of as the ‘global null’; eg no phenotypes are found
as associated with g. We assign pg(Y |g) as its corresponding probability dis-

tribution.

2. p1 — this model specifies all phenotypes in d are placed in the D category, which
can also be thought of as the ‘full alternative’; eg all phenotypes are found as
directly associated with g. We assign p1(Y'|g) as its corresponding probability

distribution.

With these two specific probability distributions defined, we also propose the follow-

ing two assumptions regarding p~(Y|g):

1. The distributions that do not depend on g(the first and the last) are the same

as under the global null pg
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2. The distributions that do depend on g(the second) are the same as under the

full alternative pq

Together, these specific models and assumptions allow us to present p, (Y |g) as the

following:

py(Ylg) = po(Yu)p1(Yp|Yr, 9)po(Y11Y, YD) (4.5)

with this final form, we are able to fully specify py(Y'|g) in terms of just py and
p1- As a result, we are able to conduct our analysis by specifying a much smaller
number of models than previously anticipated, as well as doing so in a manner that

is independent of the size of d as well.

4.5.4  Specifying the form of our Bayes Factor

In this framework we present results in the form of Bayes Factors (BFs). A BF
can be thought of as the Bayesian analogue of a likelihood ratio test, where we
are comparing the likelihood of an alternative hypothesis to the likelihood of a null
hypothesis. Large values for a BF can be viewed as strong support for the alternative
hypothesis, whereas small values for a BF can be viewed as strong support for the
null hypothesis. In terms of the form for our BF, we can view our starting point

| _p(Ylg)
po(Y)

where the numerator is our alternative hypothesis, eg the likelihood for a specific 7,

BF : (4.6)

py(Y'|g) and the denominator is our global null pp(Y’). Expanding the numerator
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and denominator to the full form of the p~(Y|g) likelihoods shown in (4.4) gives

us:
s - PYl9) =y (Yu)0,(Yp[Yir, 9)py (Y1|Y, YD) (47)
T po(Ylg) = po(Yu)o(YpYur)po(Y1|Yy, Yi)
and then substituting in our simplified alternative likelihood form (4.5) leads to:
Y |g) = po(Y7 Ypl|Yi Yi1Yy, Y,
BF, - 1(Ylg) = po(Yu)p1(Yp|Yu, 9)po(Y1|Yu, Yp) (48)

po(Ylg) = po(Yr )po(YDIYr )po(Y1 Y, YD)

Finally, with this current form, you will see that the likelihoods for Y7y and Y7 are
now identical in the numerator and denominator. This makes intuitive sense since
neither Y7y or Y7 depend on g, thus suggesting there should be no difference between
them in the alternative and null hypotheses. Canceling these likelihoods out, we are

left with:

_ n(YplYy,g)

By = po(Yp|Yrr) (4.9)

which becomes the final form of our BF that we will use to test each model v in our

analyses.

4.5.5  Bayesian multivariate regression

To model the relationship between genotype and multiple phenotypic outcomes, we
use a Bayesian analogue of multivariate normal regression. To set this up, we first

begin with the canonical form of multivariate normal regression:

Y =XB+E (4.10)
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where, in our context, Y (n x d) is a matrix of d phenotypes measured on each of
n individuals; X (n x p) is a matrix of p covariates measured on the same group of
n individuals; B(p X d) is a matrix of unknown regression coefficients relating the
phenotypes to the covariates; and F(n x d) is a matrix of error terms, whose rows we
assume to be independent and identically distributed as Ny(0, V') for some unknown

phenotype covariance matrix V(d x d).

Moving this setup into a Bayesian framework, we now put priors on the unknown
components of our model, specifically the matrix of beta coefficients B and the
unknown phenotype covariance matrix V. For this step we choose the conjugate

priors for (B, V'), which are the following:
Vo~ WHU, m) (4.11)

BIV ~ MN,y4(0, K~1,V) (4.12)

where W~1(¥, m) denotes the inverse Wishart distribution with (inverse) scale ma-
trix W and degrees of freedom m > d — 1; and M N, 4(M, V1, V5) denotes the ma-
trix normal distribution on p X d matrices, with mean M, and covariance matrices
Vi(p x p) and Va(d x d). For further details and considerations regarding this choice

in priors, please see Stephens 2013.

Beneficially, use of these priors leads to a marginal likelihood for Y, p(Y|X, K, ¥, m),

that can be computed analytically (see Minka 1999 and Stephens 2013 for greater
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detail). The form of this likelihood is:

Ly(n +m) ’K’d/z ’\p’m/Q
Ta(m) |X'X + K|%2 27d/2|RSS(Y|X, K) + ¥|(n+m)/2
(4.13)

p(Y|X,K,¥,m) =

where I'y(n) = Wd(d_l)/4l_[§l:1f‘((n + 1 —14)/2) is the multivariate Gamma function,
and

RSS(Y|X,K)=Y'Y V' X(X'X + X)"'X'Y (4.14)

is a Bayesian analogue of the residual sums of squares matrix. The distribution of

this marginal likelihood is a matrix-t distribution, which we will denote by
Y ~BMVR(X; K,V,m) (4.15)

. This emphasizes that it arises from performing a Bayesian MultiVariate Regres-

sion of Y on X. With these marginal likelihoods defined, we can now calculate our

BFs.

4.5.6  Calculating BFs from univariate GWAS summary information

and taking an empirical approach to test the global null

Given a GWAS with d phenotypes analyzed independently across p SNPs genome-
wide, we determine all relevant BF's for every partition v for each SNP g. We derive
these BFs using only the summary statistic information from the GWAS and no raw
genotype information. This is possible due to an efficient algorithm that can calculate
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the aforementioned marginal likelihoods pg and p; through the use of three summary
covariance matrices, Vyy, Viy, and V. The definitions of these three statistics, as
well as how to calculate them from univariate GWAS summary information, are

shown below:

Vaer == (1/n)g'g = 2f(1 = f) (a scalar) (4.16)
Vyz = (1/n)Y'g =~ \/2f(1 - f)/nZ (a d vector) (4.17)
Viyy == (1/n)Y'y ~ (1/p0) Z} Z0 (a d x d matrix) (4.18)

where Z are Z-scores derived from univariate GWAS p-values, n is sample size, f is
minor allele frequency (MAF), and Zg are Z-scores from putatively ‘null’ SNPs; ie
variants that have |Z| < 2 for all phenotypes analyzed. For derivations and more
detail see Stephens 2013. In practice though we are able to calculate the BFs for
each v per SNP through the above quantities and marginal likelihood definitions. To
determine genome-wide significance however, we need to formulate a test against the
global null across all 7’s. We do this by taking a Bayesian Model Averaging (BMA)
approach to come up with an overall summary metric per SNP, which we define as
BFavg (‘avg’ for average):

Y#Y0
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where the weights w-, are proportional to the prior distribution p(v) and normalized
to sum to 1. BFayg represents the cumulative, weighted evidence against the global
null across every v for a given SNP, where each model is weighted on its prior sup-
port. To determine these priors, we take an empirical approach — we use the previous
univariate GWAS significant SNPs (‘PreviousSNPs’) from the datasets being ana-
lyzed to train our priors. We do this by using an Expectation-Maximization setup;
we calculate posterior probabilities per v per PreviousSNP and then use the average
v posterior across PreviousSNPs as the input prior for the EM’s next cycle. Repeat-
ing this, we find that the EM consistently converges, giving us the priors needed to

weight each 7 in our BFayg calculations.

Once we have these BFayg’s per SNP analyzed, we then need to determine a thresh-
old for genome-wide significance. Instead of attempting to find an analogue for a
common p-value threshold such as 5x 108, we once again take an empirical approach
using the analyzed datasets’ PreviousSNPs. To identify a threshold for genome-wide
significance for BFayg, we simply use the minimum BFgaye among the PreviousS-
NPs. The intuition behind this choice is as follows: the PreviousSNPs represent
variants that were already found to be statistically genome-wide significant. After
transforming these SNPs into this new bmass multivariate space, if other SNPs now
have stronger values of BFayg than the weakest PreviousSNP, it stands to reason
these other SNPs should be considered genome-wide significant as well. Put another
way, we are using the weakest PreviousSNP as a BFayg benchmark to determine

genome-wide significance.
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In total then this setup allows us to both derive our BFs for every ~ per SNP
using univariate GWAS summary data, as well as determine genome-wide significance
for the overall test of ‘association’ vs. ‘no association’ using BFayg. It should be
noted that the priors determined in this manner are also used to derive posterior

probabilities per v per SNP as well.
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4.8 Figures
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Figure 4.1: GlobalLipids2013 Model and Metric Comparisons — Shown are
plots comparing some commonly explored models in multivariate settings, as well as
a comparison of a common univariate summary statistic versus our method’s main
multivariate summary statistic. A) A plot comparing the max univariate model
vs. the max multivariate model in terms of logl0 Bayes Factors (LBFs) among
the GlobalLipids2010 NewSNPs. B) A plot comparing the multivariate model ’all
phenotypes in D’ vs. the max multivariate model in terms of LBFs among the
GlobalLipids2010 NewSNPs. C) & D) Plots comparing the maximum univariate
-log10(pValue) from across all phenotypes analyzed vs. the logl0 weighted, average
BF (LBFavg) for both the GlobalLipids2010 NewSNPs and PreviousSNPs. C shows
the plot in full and D shows the bottom-left corner zoomed in.

210



GlobalLipids2013

= o &)
o
s = =

I HDL

rs3847502
rs4401177
rs7255743
rs2247056
rs589428
rs17630235
rs10403668
rs2233455
152454722
rs4988235
rs3800406
rs10947207
rs1594895
rs2315065
rs11040329

GWAS_Type
B MultiSNP
B UnisNP

11 IllI

rs2194562
15783149
rs3790106
1512133576
rs8050499
1s573455
rs1107851
rs11229606
rs4808993
rs4752805
rs1062219
r$10087900
rs3822921
1$333947
rs6547820
rs8044476
r$74458891
117343777
rs12066643
r$2976940
rs10501321
rs6066141
rs1525764
rs4808802
1s2023472
rs2869433
1s10757056
rs1132990
rs1482852 -
rs4976033
rs615171
rs2274089
rs8069974
1512423664
rs895953
rs509894
rs2425463
rs10876041
rs176813
1512602912
rs4791641
rs1035744
112525163
rs10513688
rs2303975
15884366

]
1s7076938 -

Marker

rs4149056
rs12038699
rs4871137
rs6822892
rs1688030
rs3927680
rs2336725
rs721772
rs4683438
rs10861661
rs2415168
rs72812840
rs2854322
rs17286602
rs1174604
rs17789218
rs2125345
rs2589266
rs12940887
rs17715343
rs7947951
rs6129900
rs797486
rs7033354
rs6059932
rs17309825
rs10460587
rs480419
rs6817572
rs10789752
rs10408163
rs9646133
rs4905179
rs2239620
rs2239619 ]

rs11556341
rs3741782

Figure 4.2: GlobalLipids2013 NewSNPs Significance Ranks
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Figure 4.2 (Cont.): GlobalLipids2013 NewSNPs Significance Ranks — Shown
here is the distribution of NewSNPs among the ranking of marginally significant, but
not GWAS-threshold passing, SNPs. Ranking is based on the minimum p-value from
the original univariate analyses of each phenotype and goes in decreasing significance
from top down. SNPs are plotted in the column of the phenotype that contained the
minimum univariate p-value. Red indicates the SNP was also included as a new hit
from the bmass analysis, whereas blue indicates the SNP was only identified by the
univariate analysis. Only variants with minimum univariate p-values <1x10™ were
included, and variants within 1Mb of a PreviousSNP were removed. Additionally,
for display purposes, only the first 150 SNPs are shown.
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GIANT2014_5 NewSNPs Marg

Figure 4.3



Figure 4.3 (Cont.): GIANT2014_5 NewSNPs Marginal Posteriors — Shown are
heatplots displaying the marginal posterior probabilities of each NewSNP belonging
to one of our multivariate categories (D, I, U) for every phenotype analyzed. ZS-
cores for each NewSNP across every phenotype are also displayed. A) Marginal
Posterior Probabilities of SNP-phenotype combinations being classified as D. B)
Marginal Posterior Probabilities of SNP-phenotype combinations being classified as
I. C) Marginal Posterior Probabilities of SNP-phenotype combinations being clas-
sified as U. D) ZScores for each SNP-phenotype combination. Marginal posterior
probabilities for each multivariate category, as well as ZScores, are provided in the
supplementary files.
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Figure 4.4: Refining Association Signals — GlobalLipids2013 rs7515577 &
rs12038699 — Shown are the -logl0 univariate p-values from the GlobalLipids2013
analysis for both the PreviousSNP rs7515577 and the NewSNP rs12038699 across all
four phenotypes studied. rs7515577 is represented as a triangle and rs12038699 is
represented as a square. Also shown are the -log10 univariate p-values of SNPs in the
surrounding 2Mb window of the midpoint between rs7515577 and rs12038699. Color-
coding of the SNPs represent the degree of linkage disequilibrium between variants
and the NewSNP rs12038699; for color coding details, see legends.
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Dataset Release Max N Phenotypes

GlobalLipids 2010 95454 LDL, HDL, TC, TG?®
2013 188577 LDL, HDL, TC, TG
GIANT 2010 77167 Height, BMI, WHRadjBMIP
2014/5 224459 Height, BMI, WHRadjBMI
HaemgenRBC 2012 135367 RBC, PCV, MCV, MCH, MCHC, Hb®
2016 173480 RBC, PCV, MCV, MCH, MCHC, Hb
ICBP 2011 69395 SBP, DBP, PP, MAP4
MAGIC 2010 46186 Fstlns, FstGlu, HOMA_B, HOMA _IR®
GEFOS 2015 32965 FA, FN, Lsf
GIS 2014 48972 Iron, Sat, TrnsFrn, Logl0Frtn®
SSGAC 2016 343072 NEB_Pooled, AFB_Pooled"
CKDGen 2010/1 67093 Crea, Cys, CKD, UACR, MA!
EMERGE2 2015 30717 ICV, Accumbens, Amygdala, Caudate,

Hippocampus, Pallidum, Putamen, Thalamus/

Table 4.1: Dataset Descriptions — Explanation of phenotypes for each dataset
analyzed, as well as the release year and the maximum number of samples (N) per
dataset.

a - Low-Density Lipoproteins (LDL), High-Density Lipoproteins (HDL), Total
Cholesterol (TC), Total Triglycerides (TG)

b - Waist-Hip Ratio adjusted for BMI (WHRadjBMI)

¢ - Red Blood Cell Count (RBC), Packed Cell Volume (PCV), Mean Cell Volume
(MCV), Mean Cell Haemoglobin (MCH), Mean Cell Haemoglobin Concentration
(MCHC), Haemoglobin (Hb)

d - Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP), Pulse Pressure
(PP), Mean Arterial Pressure (MAP)

e - Fasting Insulin (Fstlns), Fasting Glucose (FstGlu), Homeostatic Model Assess-
ment of Beta Cell Function (HOMA_B), HOMA of Insulin Resistance Function
(HOMA _IR)

f - Femoral Neck Bone Mineral Density (FN), Forearm BMD (FA), Lumbar Spine
BMD (LS)

g - Serum Iron, Serum Transferrin Saturation (Sat), Transferrin (TrnsFrn), Ferritin
(Log10Frtn)

h - Number of Children Ever Born (NEB_Pooled), Age at First Birth (AFB_Pooled)
i - Serum Creatine (Crea), Serum Cystatin (Cys), Chronic Kidney Disease (CKD),
Urinary Albumin-to-Creatine Ratio (UACR), Microalbuminuria (MA)

j - Intracranial Volume (ICV)
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Dataset Release Previous New Multi BFayg Overlap With
Uni Hits Hits Thresh Next Release

GlobalLipids 2010 100 (+0) 19 (+0) 1.35 13/19
2013 145 (+2) 63 (+2) 4.23 -

GIANT 2010 128 (+46) 15 (+38)  4.11 11/15
2014/5 724 (+66) 122 (+40)  4.49 -

HaemgenRBC 2012 63 (+12) 15 (+1) 5.21 8/15
2016 610 (+0) 60 (+0) 4.27 ]
ICBP 2011 22 (427) 3 (+5) 5.24 i
MAGIC 2010 12 (+3) 0 (+1) 6.90 ;
GEFOS 2015 34 (+0) 15 (+0) 5.06 ;
aIs 2014 8 (+4) 5 (+0) 7.04 ;
SSGAC 2016 9 (+2) 1 (+0) 5.43 i
CKDGen  2010/1 28 (+0) 6 (+0) 4.10 ;
EMERGE2 2015 5 (+2) 1 (+2) 7.48 -

Table 4.2: bmass results — new multivariate GWAS significant hits based on bmass
analysis for all datasets used as well as the number of previous univariate GWAS
hits per dataset. The first two columns specify the datasets being analyzed and the
years of their release. The third column shows the number of previous univariate
GWAS hits based on the discovery dataset. In parentheses is the number of addi-
tional univariate GWAS hits identified by that study due to the inclusion of extra
data (eg a replication cohort). The fourth column shows the number of novel variants
identified by running bmass on the specified dataset. In parentheses are additional
variants discovered by running bmass but which are not novel — they are a subset of
the variants identified in the original analysis from including extra data. The fifth
column shows the minimum PreviousSNP BFayg that was used as the threshold for
NewSNP significance. The last column shows for GlobalLipids2010, GIANT2010,
and HaemgenRBC2012 the number of novel bmass hits that overlap with the uni-
variate GWAS hits of the dataset’s next release; overlap is defined as being within a
50kb window of the univariate GWAS variant.
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Dataset Release New bmass Uni # < Uni # Nearby

Hits pVal pVal Previous Hit?
GlobalLipids 2010 19 5%x1078 3 0
2013 63 5%1078 18 11
GIANT 2010 15 5%1078 6 5
2014/5 122 5% 1078 41 21
HaemgenRBC 2012 15 1x10°8 4 3
2016 60 8.31x 107 0 0
ICBP 2011 3 5% 1078 2 1
GEFOS 2015 15 1.2x10°8 4 1
GIS 2014 5 5%1078 1 1
CKDGen 2010/1 6 5x107°8 0 0
EMERGE2 2015 1 7.1x107 0 0

Table 4.3: New bmass hits and univariate GWAS p-value thresholds — List
of the new bmass hits per dataset that have a univariate p-value below the original
GWAS threshold (eg 5x10°®) specified by that dataset. Shown under # Nearby
Previous Hit are which among these variants are also nearby a previous univariate
GWAS hit, where nearby is defined as between a 1 and 2Mb window.
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SNP Pheno. Direct. 2010 2013
rs7515577
(Previous) HDL + 9.81E-01 9.29E-01
LDL - 1.51E-07 1.21E-07
TG - 1.80E-01 3.57E-01
TC - 2.78E-08 1.47E-08
rs12038699
(New) HDL + 4.22E-05 3.98E-09
LDL + 1.06E-03 5.95E-05
TG + 8.51E-02 1.83E-02
TC - 7.12E-05 1.90E-07

Table 4.4: rs7515577 & rs12038699 p-values — p-values from both the 2010 and
2013 GlobalLipids datasets for SNPs rs7515577 and rs12038699. It can be seen un-
der the 2010 release that rs7515577 has a univariate p-value that crosses the 5x 108
threshold (TC), whereas rs12038699 does not. Since rs12038699 is nearby rs7515577,
it is likely to effectively get masked for future analyses; however looking at the 2013
data it is clearly seen that rs12038699 not only has a lower minimum univariate p-
value, but also has a distinct multivariate p-value pattern as compared to rs7515577.
Both of these signals support the notion that rs7515577 should be viewed as a sepa-

rate GWAS hit for GlobalLipids2013.
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HDL LDL. TG_.TC n MeanPosterior OriginalPrior
NewSNPs
1211 38 0.622 0.327
1221 11 0.428 0.138
1112 8 0.577 0.117
1120 3 0.875 0.011
2122 1 0.26 0.057
PreviousSNPs
1211 59 0.597 0.327
1221 24 0.469 0.138
2122 14 0.498 0.057
1111 10 0.766 0.078
1112 8 0.613 0.117

Table 4.5: GlobalLipids2013 Top Multivariate Models — List of top multivari-
ate models that most frequently have the highest posterior probability per SNP. Top
5 models (at most) are shown for NewSNPs and PreviousSNPs analyzed. Phenotype
ordering is shown in the header, where 0, 1, and 2 refer to the multivariate categories
of Unassociated, Directly Associated, and Indirectly Associated. n is the number
of SNPs that show the specified model as having the largest posterior probability,
with MeanPosterior displaying the average posterior probability of the given model
across the n SNPs, and OriginalPrior showing the prior established for the given
model from training on the PreviousSNPs.
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SNP Pheno. Direct. 2010 2014/5

rs11708067
Height + 3.85E-03 1.00E-05
BMI - 4.66E-02 6.23E-05
WHRadjBMI - 1.70E-01 3.50E-01

Table 4.6: rs11708067 p-values — p-values from both the 2010 and 2014_5 GIANT
datasets for SNP rs11708067. While in neither the 2010 or 2013 releases rs11708067
reaches univariate GWAS significance (5x108 for both GIANT releases), a trend
towards lower p-values can be seen in both Height and BMI from 2010 to 2014_5.
Additionally, both Height and BMI in 2014_5 can be considered ‘Marginally Signif-
icant’, increasing our prior expectations that this SNP may eventually be shown as
a true hit.
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4.10 Supplementary Figures
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Figure 4.5: Graphical Model of Multivariate Categories — Shown here is a
Directed Acyclic Graphical (DAG) model of our multivariate categories in the context
of our vector of phenotypes Y (eg Y = {Yy, Yp, Y1}) and their connections with
the variant of interest g. The relationships described in-text can be seen here. Yy,
our unassociated phenotypes, have no connection with g. Y, our directly associated
phenotypes, have a direct connection with g. And Yy, our indirectly associated
phenotypes, have a connection with g only by going through Y first. Note that if
Y were not observed, Y1 would appear as a direct connection.
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Figure 4.6: GlobalLipids2010 Model and Metric Comparisons — Comparison
of univariate and multivariate models and summary metrics for GlobalLipids2010
NewSNPs and PreviousSNPs. See GlobalLipids20134.1 for full description.
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Figure 4.7: GIANT2010 Model and Metric Comparisons — Comparison of
univariate and multivariate models and summary metrics for GIANT2010 NewSNPs
and PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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NPs and PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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Figure 4.9: HaemgenRBC2012 Model and Metric Comparisons — Comparison
of univariate and multivariate models and summary metrics for HaemgenRBC2012
NewSNPs and PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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Figure 4.10: HaemgenRBC2016 Model and Metric Comparisons — Com-
parison of univariate and multivariate models and summary metrics for Haemgen-
RBC2016 NewSNPs and PreviousSNPs. See GlobalLipids2013 (4.1) for full descrip-

tion.
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ICBP2011 -- Max Uni LBF vs.
Max Multi LBF per SNP
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Figure 4.11: ICBP2011 Model and Metric Comparisons — Comparison of uni-
variate and multivariate models and summary metrics for ICBP2011 NewSNPs and
PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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MAGIC2010 Model and Metric Comparisons — No figure is presented for
MAGIC2010 as there are no NewSNPs.
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Figure 4.12: GEFOS2015 Model and Metric Comparisons — Comparison of
univariate and multivariate models and summary metrics for GEFOS2015 NewSNPs
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and PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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Figure 4.13: GIS2014 Model and Metric Comparisons — Comparison of uni-
variate and multivariate models and summary metrics for GIS2014 NewSNPs and
PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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SSGAC2016 Model and Metric Comparisons — No figure is presented for SS-
GAC2016 as there is only a single NewSNP.
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Figure 4.14: CKDGen2010_1 Model and Metric Comparisons — Compari-
son of univariate and multivariate models and summary metrics for CKDGen2010_1
NewSNPs and PreviousSNPs. See GlobalLipids2013 (4.1) for full description.
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EMERGE22015 Model and Metric Comparisons — No figure is presented for
EMERGE22015 as there is only a single NewSNP.
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Figure 4.15: NewSNPs Significance Ranks
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Figure 4.15 (Cont.): NewSNPs Significance Ranks — Distribution of NewSNPs
among the ranking of marginally significant SNPs for GlobalLipids2010. See Glob-
alLipids20134.2 for full description.
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Figure 4.16: GIANT2010 NewSNPs Significance Ranks
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Figure 4.16 (Cont.): GIANT2010 NewSNPs Significance Ranks — Distribution
of NewSNPs among the ranking of marginally significant SNPs for GIANT2010. See
GlobalLipids2013 (4.2) for full description.
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Figure 4.17: GIANT2014_5 NewSNPs Significance Ranks
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Figure 4.17 (Cont.): GIANT2014_5 NewSNPs Significance Ranks — Distri-
bution of NewSNPs among the ranking of marginally significant SNPs for GI-
ANT2014.5. See GlobalLipids2013 (4.2) for full description.
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Figure 4.18: HaemgenRBC2012 NewSNPs Significance Ranks
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Figure 4.18 (Cont.): HaemgenRBC2012 NewSNPs Significance Ranks — Dis-
tribution of NewSNPs among the ranking of marginally significant SNPs for Haem-
genRBC2012. See GlobalLipids2013 (4.2) for full description.
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Figure 4.19: HaemgenRBC2016 NewSNPs Significance Ranks
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Figure 4.19 (Cont.): HaemgenRBC2016 NewSNPs Significance Ranks — Dis-
tribution of NewSNPs among the ranking of marginally significant SNPs for Haem-
genRBC2016. See GlobalLipids2013 (4.2) for full description.
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Figure 4.20: ICBP2011 NewSNPs Significance Ranks
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Figure 4.20 (Cont.): ICBP2011 NewSNPs Significance Ranks — Distribution
of NewSNPs among the ranking of marginally significant SNPs for ICBP2011. See
GlobalLipids2013 (4.2) for full description.
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MAGIC2010 NewSNPs Significance Ranks — No figure is presented for
MAGIC2010 as there are no NewSNPs.
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Figure 4.21: GEFOS2015 NewSNPs Significance Ranks
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Figure 4.21 (Cont.): GEFOS2015 NewSNPs Significance Ranks — Distribution
of NewSNPs among the ranking of marginally significant SNPs for GEFOS2015. See
GlobalLipids2013 (4.2) for full description.
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Figure 4.22: GIS2014 NewSNPs Significance Ranks
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Figure 4.22 (Cont.): GIS2014 NewSNPs Significance Ranks — Distribution of
NewSNPs among the ranking of marginally significant SNPs for GIS2014 NewSNPs
and PreviousSNPs. See GlobalLipids2013 (4.2) for full description.
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Figure 4.23: SSGAC2016 NewSNPs Significance Ranks
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Figure 4.23 (Cont.): SSGAC2016 NewSNPs Significance Ranks — Distribution
of NewSNPs among the ranking of marginally significant SNPs for SSGAC2016. See
GlobalLipids2013 (4.2) for full description.
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Figure 4.24: CKDGen2010_1 NewSNPs Significance Ranks
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Figure 4.24 (Cont.): CKDGen2010_-1 NewSNPs Significance Ranks — Distri-
bution of NewSNPs among the ranking of marginally significant SNPs for CKD-
Gen2010_1. See GlobalLipids2013 (4.2) for full description.
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EMERGE22015 NewSNPs Significance Ranks — No figure is presented for
EMERGE22015 as there is only a single NewSNP.
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Figure 4.25 (Cont.): GlobalLipids2010 NewSNPs Marginal Posteriors —
Marginal posterior probabilities of each NewSNP-phenotype combination being clas-
sified as D, I, or U for GlobalLipids2010. See GIANT2014/5 (4.3) for full description.
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Figure 4.26 (Cont.): GlobalLipids2013 NewSNPs Marginal Posteriors —
Marginal posterior probabilities of each NewSNP-phenotype combination being clas-
sified as D, I, or U for GlobalLipids2013. See GIANT2014/5 (4.3) for full description.
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Figure 4.27 (Cont.): GIANT2010 NewSNPs Marginal Posteriors — Marginal
posterior probabilities of each NewSNP-phenotype combination being classified as
D, I, or U for GIANT2010. See GIANT2014/5 (4.3) for full description.
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Figure 4.28 (Cont.): HaemgenRBC2012 NewSNPs Marginal Posteriors —
Marginal posterior probabilities of each NewSNP-phenotype combination being clas-
sified as D, I, or U for HaemgenRBC2012. See GIANT2014/5 (4.3) for full descrip-

tion.
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Figure 4.29 (Cont.): HaemgenRBC2016 NewSNPs Marginal Posteriors —
Marginal posterior probabilities of each NewSNP-phenotype combination being clas-
sified as D, I, or U for HaemgenRBC2016. See GIANT2014/5 (4.3) for full descrip-

tion.
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Figure 4.30 (Cont.): ICBP2011 NewSNPs Marginal Posteriors — Marginal
posterior probabilities of each NewSNP-phenotype combination being classified as
D, I, or U for ICBP2011. See GIANT2014/5 (4.3) for full description.
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MAGIC2010 NewSNPs Marginal Posteriors — No figure is presented for
MAGIC2010 as there are no NewSNPs.
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Figure 4.31 (Cont.): GEFOS2015 NewSNPs Marginal Posteriors — Marginal
posterior probabilities of each NewSNP-phenotype combination being classified as
D, I, or U for GEFOS2015. See GIANT2014/5 (4.3) for full description.
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Figure 4.32 (Cont.): GIS2014 NewSNPs Marginal Posteriors — Marginal pos-
terior probabilities of each NewSNP-phenotype combination being classified as D, I,
or U for GIS2014. See GIANT2014/5 (4.3) for full description.
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SSGAC2016 NewSNPs Marginal Posteriors — No figure is presented for SS-
GAC2016 as there is only a single NewSNP.
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Figure 4.33 (Cont.): CKDGen2010-1 NewSNPs Marginal Posteriors —
Marginal posterior probabilities of each NewSNP-phenotype combination being clas-
sified as D, I, or U for CKDGen2010_1. See GIANT2014/5 (4.3) for full description.
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EMERGE22015 NewSNPs Marginal Posteriors — No figure is presented for
SSGAC2016 as there is only a single NewSNP.
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Figure 4.34 (Cont.): GlobalLipids2010 PreviousSNPs Marginal Posteriors
— Marginal posterior probabilities of each PreviousSNP-phenotype combination be-
ing classified as D, I, or U for GlobalLipids2010. See GIANT2014/5 4.3 for full
description.
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Figure 4.35 (Cont.): GlobalLipids2013 PreviousSNPs Marginal Posteriors
— Marginal posterior probabilities of each PreviousSNP-phenotype combination be-
ing classified as D, I, or U for GlobalLipids2013. See GIANT2014/5 (4.3) for full
description.
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Figure 4.36 (Cont.): GIANT2010 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for GIANT2010. See GTIANT2014/5 (4.3) for full description.
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Figure 4.37 (Cont.): HaemgenRBC2012 PreviousSNPs Marginal Posteriors
— Marginal posterior probabilities of each PreviousSNP-phenotype combination be-
ing classified as D, I, or U for HaemenRBC2012. See GIANT2014/5 (4.3) for full
description.
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Figure 4.38 (Cont.): ICBP2011 PreviousSNPs Marginal Posteriors — Marginal
posterior probabilities of each PreviousSNP-phenotype combination being classified
as D, I, or U for ICBP2011. See GIANT2014/5 (4.3) for full description.
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Figure 4.39 (Cont.): MAGIC2010 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for MAGIC2010. See GIANT2014/5 (4.3) for full description.
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Figure 4.40 (Cont.): GEFOS2015 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for GEFOS2015. See GIANT2014/5 (4.3) for full description.
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Figure 4.41 (Cont.): GIS2014 PreviousSNPs Marginal Posteriors — Marginal
posterior probabilities of each PreviousSNP-phenotype combination being classified
as D, I, or U for GIS2014. See GIANT2014/5 (4.3) for full description.
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Figure 4.42 (Cont.): SSGAC2016 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for SSGAC2016. See GIANT2014/5 (4.3) for full description.
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Figure 4.43 (Cont.): CKDGen2010_-1 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for CKDGen2010_1. See GIANT2014/5 (4.3) for full descrip-

tion.
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Figure 4.44 (Cont.): EMERGE22015 PreviousSNPs Marginal Posteriors —
Marginal posterior probabilities of each PreviousSNP-phenotype combination being
classified as D, I, or U for EMERGE22015. See GIANT2014/5 (4.3) for full descrip-

tion.
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4.11 Supplementary Tables

Dataset Release Previous Previous PreviousSNPs PreviousSNPs
SNPs Total SNPs Used Dropped GWASThresh
GlobalLipids 2010 102 100 2 0
2013 157 145 12 2
GIANT 2010 226 128 98 46
2014/5 843 724 119 66
HaemgenRBC 2012 75 63 12 12
2016 642 610 32 0
ICBP 2011 49 22 27 27
MAGIC 2010 17 12 5 3
GEFOS 2015 36 35 1 0
GIS 2014 12 8 4 4
SSGAC 2016 11 9 2 2
CKDGen 2010/1 28 28 0 0
EMERGE2 2015 8 5 3 2

Table 4.7: Summary of Datasets’ PreviousSNPs and related metrics — List
showing for each dataset different metrics regarding that study’s PreviousSNPs. First
column shows the original number of PreviousSNPs retrieved from across all phe-
notypes in the study (see Online Methods for sources per dataset). Second column
shows the number of PreviousSNPs that made it to the final joined dataset that
was used for analysis. Third column shows the number of PreviousSNPs that were
dropped in the process of creating the final joined files; SNPs were droped for a
variety of reasons, including not having a phenotype measured in all phenotypes
analyzed, having a MAF equal to zero, having non-matching reference alleles across
phenotypes, and not passing the study’s original univariate GWAS p-value signif-
icance threshold. The final column shows the number of PreviousSNPs that were
dropped for this last mentioned reason, not passing the univariate GWAS p-value
threshold. This indicates there were PreviousSNPs originally reported by the study
that were identified by the inclusion of data beyond the publicly relased discovery
set; this column is also displayed in Main Table 4.3.
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Chr BP Marker MAF A1l unistat_loglOpVal mvstat_loglOpVal logBFWeightedAvg
1 27102620 rs12739698  0.08 G 6.46 8.53 7.20
1 149225460  rs267733 014 G 7.19 7.09 4.74
2 118295555 1s10490632 0.08 G 7.14 6.48 5.13
3 52507158 1s13326165  0.21 G 6.25 6.15 4.74
4 3411809 rs762861 026 G 6.04 6.73 5.24
6 29550680  rs2746150  0.09 C 3.78 6.47 5.28
6 43865874 15998584 0.49 C 6.39 6.16 4.46
7 1024719  rs6951245  0.16 G 7.22 6.79 5.41
7 25958351  1rs4722551  0.18 C 6.00 9.38 7.52
10 5237098  rsl17134533 0.15 G 6.06 7.29 6.04
10 17300296 rs10904908 043 G 6.06 6.26 4.62
10 45333283  1s970548 0.25 C 6.81 6.77 5.44
10 101902184 rs1408579 047 C 4.07 6.52 4.83
11 51368666 rs11246602  0.13 C 7.16 6.34 5.31
11 54886216 rs11229252  0.09 C 6.17 6.10 4.95
11 55776161 rs11227638 0.12 T 6.30 5.83 4.79
11 75132669  1rs499974 017 C 4.40 6.15 4.46
13 31861707  1rs4942505 048 C 7.01 7.48 5.81
19 57011927 rs10422101 027 G 7.20 6.95 5.61

Table 4.8: GlobalLipids2010 NewSNPs — Summary statistics of new genome-wide significant SNPs (NewS-
NPs) identified from the bmass analysis of GlobalLipids2010. All phenotype ZScores are oriented towards
the HDL minor allele (A1). Nmin is the minimum number of samples across all phenotypes for that variant.
unistat_logl0pVal & mvstat_loglOpVal are the negative logl0 p-values of the naive univariate and multi-
variate statistics used to determine the subset of SNPs brought forward for the final analysis (see Online
Methods). logBFWeightedAvg is the final summary statistic from bmass, representing the weighted, average
Bayes Factor across all models analyzed for each variant.
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Chr BP Marker MAF A1l unistat_loglOpVal myvstat loglOpVal logBFWeightedAvg

2 19831424  rs7601531  0.35 C 6.36 5.81 4.45
3 159289653 rs6441170  0.35 C 6.31 7.21 5.14
4 122989416 rs6824258  0.27 C 6.01 5.49 4.11
5 33374424 rs10040888  0.23 T 7.81 6.40 5.74
5 72179760 rs34651 0.10 C 6.60 9.25 4.64
6 33736840 rs12204421 0.22 G 8.11 6.77 6.05
6 81012926  1s648831 0.50 T 9.01 7.45 6.84
7 20348901  1s2390312 044 G 6.42 6.87 5.01
7 46374788  rs12534698  0.04 A 6.76 5.38 4.73
8 76778217  1s4735692 044 G 6.50 6.24 4.41
9 98201332  1s2025151  0.18 G 11.01 9.85 8.84
12 88755516 rs17783015  0.22 T 7.70 6.73 5.68
12 120979191 1rs11835818  0.44 C 5.45 7.14 5.32
12 123367178 1s1809889 024 T 8.71 7.15 6.59
16 4385327  1s3747579  0.27 C 5.79 6.45 4.60

Table 4.9: GIANT2010 NewSNPs — Summary statistics of NewSNPs identified from the bmass analysis
of GIANT2010. All phenotype ZScores are oriented towards the Height minor allele (A1l). Descriptions
otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal myvstat loglOpVal logBFWeightedAvg
1 25508784  1sh92372 042 G 5.98 6.97 5.56
1 26631360  rs6656196  0.21 A 7.53 7.35 6.30
4 88243762  1rs3755985  0.25 G 6.70 7.29 5.92
6 17082682  1s9297025  0.19 G 3.02 6.65 5.43
6 27145059 rs13194491 0.08 T 14.60 16.80 14.70
6 28893064  rs3118362  0.09 C 12.25 11.95 10.56
6 31382500  1rs9264943 0.12 A 6.62 7.05 5.91
6 111387025 1rs9374225  0.08 C 2.15 6.56 5.37
10 44715845  rs7909074  0.41 G 13.45 13.46 13.23
11 73912984 rs12797812 0.03 T 3.51 8.48 6.27
12 55432336  1rs2277339  0.11 G 4.80 7.14 5.36
12 111390798 rs11066320 0.35 A 12.00 10.92 9.26
12 113874813 1rs12314403 0.09 G 5.94 7.90 6.32
17 70980029 rs6416847 0.18 G 3.69 7.51 5.76
19 48940718  rs346532 028 G 6.40 6.95 5.75

Table 4.10: HaemgenRBC2012 NewSNPs — Summary statistics of NewSNPs identified from the bmass
analysis of HaemgenRBC2012. All phenotype ZScores are oriented towards the RBC minor allele (Al).
Descriptions otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal mvstat loglOpVal logBFWeightedAvg

2 19630595  rs1522484  0.30 T 5.03 7.20 5.88
7 2285786  rs2969070  0.35 G 8.59 6.90 6.30
12 111054406 1rs17630235  0.42 A 11.53 9.76 9.11

Table 4.11: ICBP2011 NewSNPs — Summary statistics of NewSNPs identified from the bmass analysis of
ICBP2011. All phenotype ZScores are oriented towards the SBP minor allele (A1). Descriptions otherwise
the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l wunistat_loglOpVal mvstat_ loglOpVal logBFWeightedAvg

2 42291949 rs7560852 0.18 G 0.87 8.47 6.42
2 68997153 rs10196674 0.29 G 6.61 7.99 5.52
4 88750703 rs35481967 0.24 T 7.22 7.41 5.97
6 21391282 rs10946458 0.34 C 7.44 7.05 5.66
6 127144683  1s13194508 0.20 C 7.89 8.47 6.43
7 2394991 rs11551167 0.25 T 235.84 296.84 292.43
7 99130834  chr7:99130834  0.03 T 7.03 7.58 5.58
10 28478492 rs11006914 027 T 6.37 8.57 6.90
10 124088725 rs927427 0.45 C 6.41 6.81 5.33
11 16756873 rs11024028 0.15 G 7.84 8.93 7.61
11 86881464 rs570716 037 T 5.86 7.54 5.37
12 53664015 rs3741663 037 G 9.55 9.21 7.58
15 67414911 rs4776341 0.46 T 2.97 7.22 5.12
17 2048713 rs7209460 0.29 C 8.87 7.62 6.25
20 60990162 rs62196317 0.11 A 8.65 8.31 7.00

Table 4.12: GEFOS2015 NewSNPs — Summary statistics of NewSNPs identified from the bmass analysis
of GEFOS2015. All phenotype ZScores are oriented towards the FA minor allele (A1). Descriptions otherwise
the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l wunistat loglOpVal mvstat_loglOpVal logBFWeightedAvg

6 27145059 1s13194491  0.08 T 70.27 99.09 98.39
6 27694209 1rs13217599  0.08 C 66.29 90.73 90.10
6 28893064 1s3118362  0.09 C 48.33 67.70 66.89
6 29618609  rs362538 0.08 C 36.54 45.89 44.85
6 30819784 1s3094124  0.09 C 17.28 22.25 20.58

Table 4.13: GIS2014 NewSNPs — Summary statistics of NewSNPs identified from the bmass analysis of
GIS2014. All phenotype ZScores are oriented towards the Iron minor allele (A1). Descriptions otherwise the
same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat loglOpVal mvstat loglOpVal logBFWeightedAvg
4 67806344 1s1969002 0.12 A 5.77 7.43 5.49

Table 4.14: SSGAC2016 NewSNPs — Summary statistics of NewSNPs identified from the bmass analysis
of SSGAC2016. All phenotype ZScores are oriented towards the NEB_Pooled minor allele (A1). Descriptions
otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l wunistat loglOpVal mvstat_loglOpVal logBFWeightedAvg

1 15717784  rs4233535  0.22 C 6.72 5.67 4.89

15780453 rs6431731  0.06 C 6.49 4.20 4.53
11 30705666  rs963837 0.47 C 7.28 5.09 5.30
12 15223609 1s2193172  0.11 C 5.77 6.24 4.26
17 19382628 1s2453583  0.43 T 6.24 4.17 4.29
17 34919080 1rs12936996  0.24 G 6.55 4.66 4.63

Table 4.15: CKDGen2010_1 NewSNPs — Summary statistics of NewSNPs identified from the bmass anal-
ysis of CKDGen2010_1. All phenotype ZScores are oriented towards the Crea minor allele (A1). Descriptions
otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal mvstat_loglOpVal logBFWeightedAvg
17 44837217 1s199529 024 C 6.78 8.39 8.34

Table 4.16: EMERGE22015 NewSNPs — Summary statistics of NewSNPs identified from the bmass anal-
ysis of EMERGE22015. All phenotype ZScores are oriented towards the ICV minor allele (A1). Descriptions
otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal mvstat loglOpVal logBFWeightedAvg
1 11797044  1rs17367504  0.15 G 9.68 8.28 6.79
3 170583588  rs419076 0.47 T 8.52 7.13 6.10
3 170668995 1s1343040  0.43 A 8.65 7.01 6.15
4 81515724  1rs13149993  0.32 A 10.48 10.99 9.57
4 81521902  rs1458038  0.28 T 12.10 11.55 10.61
5 32825609  rs1173756  0.46 T 7.39 6.15 5.35
6 26199158  1rs1799945  0.15 G 7.32 6.17 5.24
6 26215442  rs198846 0.14 A 7.42 6.31 5.32
7 106005809 rs17477177  0.21 C 9.92 8.08 7.23
10 18747454  1s1813353  0.32 C 9.77 7.78 7.17
10 18767965 1s12258967  0.33 G 9.86 7.89 7.26
10 63137559  1rs4590817  0.16 C 10.53 9.15 7.98
10 104585839 1s3824755  0.10 C 9.16 10.57 9.34
10 104836168 1s11191548  0.09 C 9.30 9.61 8.60
10 104929205 1s11191593  0.09 C 9.27 10.12 8.85
11 16858844  rs381815 0.26 T 8.61 9.11 8.08
11 129778440 1s11222084  0.35 T 10.07 9.08 8.44
12 88563054 1rs17249754  0.16 A 12.01 11.42 9.78
12 110347328 1rs3184504  0.48 T 13.63 11.63 10.86
12 110470476  1s653178 0.48 C 13.78 11.87 10.99
15 72864420 1rs1378942  0.35 C 11.46 10.17 8.88
17 42368270 rs17608766  0.15 C 10.29 9.34 8.38

Table 4.17: ICBP2011 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs (Pre-
viousSNPs) used for the bmass analysis of ICBP2011. All phenotype ZScores are oriented towards the SBP
minor allele (A1). Descriptions otherwise the same as previously detailed in GlobalLipids2010 NewSNPs
(4.8).



Chr BP Marker MAF A1l unistat_loglOpVal mvstat loglOpVal logBFWeightedAvg

2 27594741  1s780094 0.39 T 11.60 11.37 10.31
2 169471394  rs560887 0.33 T 74.34 80.58 80.23
3 124548468 1s11708067 0.23 A 8.06 7.07 6.90
7 15030834  1rs2191349 047 T 16.11 17.94 16.84
7 44202193  1rs4607517  0.20 A 35.34 33.28 32.73
8 118254914 1s11558471 0.25 A 10.58 10.43 10.27
10 113032083 1rs10885122  0.10 T 10.07 9.99 9.74
10 114746031 rs4506565  0.30 A 7.91 9.49 8.76
11 45829667 1s11605924 0.46 A 8.82 8.78 7.87
11 47292896  rs7944584 029 A 8.83 8.15 8.04
11 61328054  rs174550 037 T 7.83 7.57 7.21
11 92348358 1s10830963  0.30 C 67.90 71.01 70.34

Table 4.18: MAGIC2010 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs
co  (PreviousSNPs) used for the bmass analysis of MAGIC2010. All phenotype ZScores are oriented towards
i> the Fstlns minor allele (A1). Descriptions otherwise the same as previously detailed in GlobalLipids2010

NewSNPs (4.8).
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Chr BP Marker MAF A1l wunistat loglOpVal mvstat_loglOpVal logBFWeightedAvg
2 190086995 rs744653  0.16 C 12.92 15.21 13.95
3 134960391 rs8177240 0.36 G 308.43 320.63 321.59
3 197311602 1rs9990333  0.42 T 10.52 10.78 9.42
6 26199158 1s1799945 0.13 G 59.53 58.21 56.98
6 26201120 1s1800562 0.04 A 177.82 241.64 241.35
8 18316746  rs4921915  0.25 G 10.76 9.32 8.50
11 61361390  rs174577  0.34 A 9.72 7.53 7.04
22 35792882 rs855791 039 A 79.46 79.94 78.48

Table 4.19: GIS2014 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs (Previ-
ousSNPs) used for the bmass analysis of GIS2014. All phenotype ZScores are oriented towards the Iron minor
allele (A1). Descriptions otherwise the same as previously detailed in GlobalLipids2010 NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal myvstat loglOpVal logBFWeightedAvg

1 153753725 1rs10908474  0.28 A 7.72 11.10 9.00
1 153927052 rs10908557 0.23 G 8.76 10.88 8.79
2 100832218 rs1160544 039 A 8.22 8.17 6.40
3 49898000  rs2777888  0.45 A 14.42 14.23 12.29
5 45094503  rs6885307  0.18 C 9.65 8.83 7.47
6 152229850 rs2347867 030 G 8.83 10.85 8.77
7 114313218 1s10953766 0.42 A 9.78 8.87 7.57
20 31097877 1s293566 0.25 C 7.50 6.67 5.43
22 34503059  1s242997 044 G 8.37 7.64 6.26

Table 4.20: SSGAC2016 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs
(PreviousSNPs) used for the bmass analysis of SSGAC2016. All phenotype ZScores are oriented towards the

NEB_Pooled minor allele (A1). Descriptions otherwise the same as previously detailed in GlobalLipids2010
NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal myvstat loglOpVal logBFWeightedAvg
1 109801361 1s1933182  0.32 A 7.89 6.40 5.94
1 149218101  rs267734 0.26 C 8.28 7.13 6.24
2 5825331  1s16864170 0.07 C 7.35 5.55 4.10
2 27584444  rs1260326 040 T 9.89 9.54 7.95
2 73721836 rs13538 0.21 G 7.59 7.68 5.96
2 211248752 rs7422339 028 A 8.62 8.20 6.79
3 143289827  rs347685 0.25 C 8.15 6.40 6.19
4 77587871 rs17319721 046 A 18.96 24.64 22.70
5 39432889 rs11959928 0.43 A 10.74 9.88 8.66
5 176750242 1rs6420094 042 G 11.42 9.66 9.29
6 43914587  1s881858 029 G 10.66 9.31 8.70
6 160588379 1s2279463 0.08 G 9.06 6.74 6.93
7 77254375 16465825  0.49 C 8.46 6.30 6.43
7 151038734 rs7805747  0.11 A 10.29 10.54 8.60
8 23807096 rs10109414 046 T 8.00 7.86 6.34
9 70624527  rs4744712 039 A 9.14 7.28 7.11
10 1146165  rs10794720 0.06 T 7.68 6.29 5.63
11 65263398  1rs4014195  0.31 G 7.48 7.05 5.52
12 219559  rs10774021  0.33 C 8.17 6.84 6.23
12 110492139  rs653178 0.41 C 7.42 5.43 4.30
13 71245697  rs626277 0.44 C 9.54 7.34 7.45
15 43428517  1rs2453533  0.29 A 21.34 19.89 18.85
15 51733885  rs491567 0.20 C 7.89 5.34 5.89
15 73946038 rs1394125 035 A 9.43 8.42 7.46
16 20275191 rs12917707 0.15 T 19.92 22.93 21.26
17 56811371  1rs9895661  0.16 C 7.85 6.18 5.85
19 38048731 rs12460876  0.42 C 8.26 6.28 6.26
20 23560737  rs911119 0.26 C 137.64 136.79 138.40

Table 4.21: CKDGen2010_1 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs
(PreviousSNPs) used for the bmass analysis of CKDGen2010-1. All phenotype ZScores are oriented towards
the Crea minor allele (A1l). Descriptions otherwise the same as previously detailed in GlobalLipids2010
NewSNPs (4.8).
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Chr BP Marker MAF A1l unistat_loglOpVal mvstat loglOpVal logBFWeightedAvg

12 65832468 1s61921502 0.14 G 9.53 8.41 8.48
12 117323367 1rs77956314  0.08 C 10.03 9.08 9.55
17 43906828 1s17689882 0.23 A 8.54 9.64 9.97
18 50818827 1s62097986 0.39 A 10.32 9.60 10.64
20 30306724  rs6087771  0.33 C 8.62 7.84 7.48

Table 4.22: EMERGE22015 PreviousSNPs — Summary statistics of the previous univariate GWAS SNPs
(PreviousSNPs) used for the bmass analysis of EMERGE22015. All phenotype ZScores are oriented towards

the ICV minor allele (Al). Descriptions otherwise the same as previously detailed in GlobalLipids2010
NewSNPs (4.8).



HDL LDL. TG_TC n MeanPosterior OriginalPrior

NewSNPs
1112 18 0.557 0.381
1.2.12 1 0.335 0.08
PreviousSNPs
1.1.1.2 56 0.595 0.381
2221 7 0.576 0.046
1.2.22 6 0.324 0.036
1.2.02 5 0.372 0.034
2110 5 0.654 0.046

Table 4.23: GlobalLipids2010 Top Multivariate Models — List of top multivari-
ate models per NewSNPs and PreviousSNPs from GlobalLipids2010 analysis. See
GlobalLipids2013 (4.5) for full description.
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Height BMI_WHRadjBMI n MeanPosterior OriginalPrior

NewSNPs
120 10 0.424 0.289
1.1.0 3 0.811 0.173
1.0.1 2 0.503 0.101
PreviousSNPs
120 81 0.43 0.289
1.1.0 19 0.633 0.173
1.0.1 16 0.482 0.101
2.12 8 0.605 0.056
111 4 0.487 0.037

Table 4.24: GIANT2010 Top Multivariate Models — List of top multivariate
models per NewSNPs and PreviousSNPs from GIANT2010 analysis. See Global-
Lipids2013 (4.5) for full description.
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Height BMI WHRadjBMI n MeanPosterior OriginalPrior

NewSNPs
120 88 0.423 0.318
111 21 0.656 0.161
1.1.0 12 0.518 0.094
121 1 0.336 0.037
PreviousSNPs
120 495 0.441 0.318
111 114 0.68 0.161
1.1.0 76 0.48 0.094
121 14 0.391 0.037
122 11 0.373 0.257

Table 4.25: GIANT2014_5 Top Multivariate Models — List of top multivariate
models per NewSNPs and PreviousSNPs from GIANT2014_5 analysis. See Global-
Lipids2013 (4.5) for full description.
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RBC_MCV_PCV n MeanPosterior OriginalPrior
MCH_Hb_MCHC

NewSNPs
210121 5 0.499 0.116
212111 4 0.733 0.16
112222 2 0.475 0.074
221210 1 0.287 0.012
112121 1 0.515 0.081
PreviousSNPs
212111 9 0.708 0.16
210121 9 0.567 0.116
112222 8 0.417 0.074
2.1.0.2.0.0 5 0.308 0.038
222211 5 0.481 0.044

Table 4.26: HaemgenRBC2012 Top Multivariate Models — List of top multi-
variate models per NewSNPs and PreviousSNPs from HaemgenRBC2012 analysis.
See GlobalLipids2013 (4.5) for full description.
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RBC_MCV_PCV n MeanPosterior OriginalPrior
MCH_Hb_MCHC

NewSNPs
212211 28 0.486 0.203
2.1.1.2.2.2 16 0.463 0.17
2.1.0.2.2_1 9 0.415 0.117
2.2.2.1.0.2 2 0.386 0.023
211221 2 0.353 0.155
PreviousSNPs
211222 161 0.471 0.17
212211 131 0.471 0.203
2.1.0221 96 0.506 0.117
211221 49 0.569 0.155
2.0.1.2.2.2 31 0.412 0.038

Table 4.27: HaemgenRBC2016 Top Multivariate Models — List of top multi-
variate models per NewSNPs and PreviousSNPs from HaemgenRBC2016 analysis.
See GlobalLipids2013 (4.5) for full description.
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SBP DBP MAP PP n MeanPosterior OriginalPrior

NewSNPs
2121 3 0.999 0.773
PreviousSNPs
2121 17 0.967 0.773
2212 5 0.859 0.21

Table 4.28: ICBP2011 Top Multivariate Models — List of top multivariate mod-
els per NewSNPs and PreviousSNPs from ICBP2011 analysis. See GlobalLipids2013
(4.5) for full description.
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FstIns FstGlu n MeanPosterior OriginalPrior
HOMA _B_HOMA _IR

PreviousSNPs
2120 8 0.795 0.588
0.1.2.2 2 0.834 0.236
2.1.0.2 1 0.541 0.045
2112 1 0.519 0.131

Table 4.29: MAGIC2010 Top Multivariate Models — List of top multivariate
models per PreviousSNPs from MAGIC2010 analysis. See GlobalLipids2013 (4.5)
for full description.
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FA_FN_ LS n MeanPosterior OriginalPrior

NewSNPs
211 8 0.782 0.425
111 7 0.872 0.481
PreviousSNPs
111 17 0.773 0.481
211 14 0.783 0.425
121 3 0.885 0.094

Table 4.30: GEFOS2015 Top Multivariate Models — List of top multivariate
models per NewSNPs and PreviousSNPs from GEFOS2015 analysis. See Global-
Lipids2013 (4.5) for full description.
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Iron_Sat_TrnsFrn Logl0Frtn n MeanPosterior OriginalPrior

NewSNPs
2.1.12 5 0.995 0.257
PreviousSNPs
2112 2 0.978 0.257
0212 1 0.759 0.14
1122 1 0.977 0.125
0211 1 0.999 0.164
1111 1 1 0.129

Table 4.31: GIS2014 Top Multivariate Models — List of top multivariate models
per NewSNPs and PreviousSNPs from GIS2014 analysis. See GlobalLipids2013 (4.5)
for full description.
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NEB Pooled _AFB Pooled n MeanPosterior OriginalPrior

NewSNPs
1.1 1 0.983 .558
PreviousSNPs
11 5 0.827 0.558
21 4 0.778 0.442

Table 4.32: SSGAC2016 Top Multivariate Models — List of top multivariate
models per NewSNPs and PreviousSNPs from SSGAC2016 analysis. See Global-
Lipids2013 (4.5) for full description.
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Crea_Cys_ CKD_UACR_MA n MeanPosterior OriginalPrior

NewSNPs
12220 6 0.6 0.473
PreviousSNPs
12220 20 0.625 0.473
11221 3 0.61 0.108
1.1.1.0.0 2 0.536 0.057
1.1.2.02 1 0.446 0.056
01220 1 0.999 0.038

Table 4.33: CKDGen2010_1 Top Multivariate Models — List of top multivari-
ate models per NewSNPs and PreviousSNPs from CKDGen2010_1 analysis. See
GlobalLipids2013 (4.5) for full description.
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8CE

ICV_Accumbens_Amygdala_Caudate n MeanPosterior OriginalPrior
Hippocampus_Pallidum_Putamen_Thalamus

NewSNPs
1.0.0.0.0.0_1_1 1 0.692 0.148
PreviousSNPs
0.0.0.0.1.0.00 1 0.841 0.169
02221102 1 0.903 0.182
10000011 1 0.701 0.148
00200212 1 0.893 0.179
02.0.1.0212 1 0.997 0.208

Table 4.34: EMERGE22015 Top Multivariate Models — List of top multivariate models per NewSNPs
and PreviousSNPs from EMERGE22015 analysis. See GlobalLipids2013 (4.5) for full description.



CHAPTER 5

CONCLUSIONS

A major goal of human genetics research is to connect naturally occurring geno-
typing and phenotypic variation. With limitations on the types of experimental
procedures human geneticists can conduct, finding associations between DNA mark-
ers and phenotypic outcomes of interest is a long-standing theme in the research
we conduct. Recent advances in both genotyping and sequencing technologies have
made it significantly more affordable to collect appreciable amounts of genetic in-
formation from large cohorts of individuals. But with these new technologies and
increasing amounts of data come new challenges. Oftentimes researchers are quick
to try and answer these challenges by simply collecting more data and/or improving
technologies. While these are reasonable approaches, they should be complementary
to efforts focused on better understanding the data we already have. Developing
improved models to explain biological phenomenon and methods to parse the data
we have is just as important to face the challenges these new technological advance-
ments contain. Here we present three projects that aim to overcome pre-existing
challenges in human genetics by using data beyond just an initial first-pass analysis.
In particular, all three projects use summary information to either repurpose existing

data or better inform follow-up analyses.

In Chapter 2 we investigated whether recent demographic changes in human history

have differentially impacted the deleterious mutational load in two human popula-
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tions. With the advent of more affordable sequencing technologies, recent large-scale
investigations of the human genome have revealed a substantial excess of rare vari-
ants in many human populations[34, 148, 68, 112, 158, 215]. This is thought to
be due to the recent explosive population growth humans have experienced. These
studies also observed greater proportions of rare variants in European and Asian pop-
ulations compared to African populations, possibly due to the ancient out-of-Africa
bottleneck the former populations experienced[233, 229, 113, 84, 215]. Therefore we
explored whether these varying demographic histories, and their apparent impacts
on rare variants, would produce observable difference in the deleterious mutational
load between human populations. First, we used simulations and theoretical pre-
dictions to show that for most biological scenarios (e.g. different levels of selection
and dominance) we do not expect to see a difference in the mutational load between
populations. We also showed theoretically that for most ranges of selection we do not
expect rare variants to substantially affect the genetic variation of complex traits.
Second, we used allele frequency summary information from two datasets (the Exome
Sequencing Project[68] and 1000Genomes|217]) to directly calculate the observed
deleterious mutational load in both European-Americans and African-Americans.
Using functional prediction algorithms[6, 121, 32, 191] to designate whether vari-
ants were deleterious or not, we found that on both the population-level as well as
on the individual-level, the deleterious mutational load does not significantly differ
between populations. Therefore overall we showed that despite differences in the
recent demographic histories of human populations, a) we should not expect to see

major differences in the mutational burden between these populations, and b) in-
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deed that is what we observe using real exome data from European-Americans and

African-Americans from two different datasets.

One interesting result from this project pertains to the affects of newer technolo-
gies on population genetics analyses. As mentioned, the questions being addressed
here are not novel; previous studies have attempted to answer these questions, but
had access either to fewer genomic regions[34, 158] or smaller sample sizes[113, 139].
But with the availability of whole-exome data, we were able to address this ques-
tion using both all genes present in the genome as well as larger sample sizes. It
is possible that some of the discrepancies presented here between our results and
earlier work are due to changes in technologies (such as having an agnostic vs. tar-
geted collection of loci). In fact recent work in the field of human de novo mutation
rates has addressed this very concern. Historically the yearly human germline mu-
tation rate has been estimated as 1.0x10™ per bp, but since the rise and analysis of
whole-genome sequencing, this yearly rate has now been revised to .5x10 per bp
(reviewed and discussed by Moorjani et al. 2016[154]). Therefore using newer tech-
nologies can sometimes reveal important changes to long-standing assumptions, and
our study here provides the most technologically up-to-date (at the time) analysis of
the human deleterious mutation load. Additionally, previous work in this field has
often addressed the impact of rare variation on complex traits through the use of
the functional prediction algorithms; studies would imply that an abundance of rare,
deleterious mutations in the exomes of genes should affect complex traits. However
in our study we provide direct modeling of complex trait architecture in an attempt

to answer this question more thoroughly.

331



In Chapter 3 we presented the first stage results of a two-phase HIV candidate-gene
exome sequencing study. Infection with HIV is an ongoing world-wide epidemic,
affecting more than 30 million individuals currently[160, 142, 1]. Past human ge-
netics research has identified many promising candidate genes[94, 9, 192], but after
a number of initial GWAS few regions outside HLA achieved significant levels of
association using various HIV-related phenotypes (e.g. presence o absence of HIV,
levels of CD4™T cell counts) [57, 24, 58, 169, 151]. In response to these ambiguous
results, a group of researchers — the HIV Immune Network Team (HINT) — aimed to
develop a more targeted approach for identifying human genes functionally related to
HIV, as well as to explore the impact of rare variation on HIV-susceptibility. Using
a number of in-house and publicly available experiments, HINT researchers created
a list of ~1,700 genes that appeared to have strong a prior: evidence for being re-
lated to HIV. They then created custom arrays to target the exomes of these genes
and subsequently sequenced them in a subset of individuals from a commonly-used
HIV cohort (Multicenter AIDS Cohort Study, MACS[110]). Here, we show the re-
sults from our bioinformatics pipeline to process this raw sequencing data as well as
the analytical results from conducting gene-level association analyses. Specifically,
we discovered 149,063 high-quality variants across ~1,300 genes that include 8,842
non-synonymous SNPs. We then conducted gene-level analyses using SKAT-O, a
second-generation rare-variant test, to identify whether any genes were significantly
associated with HIV-Acquisition (HIV seronegative vs. HIV seropositive individuals)
or AIDS progression (very rapid + rapid vs. very slow + slow AIDS progressors). To

test genes, we used all the discovered non-synonymous variants for a given locus. We
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found an enrichment of marginally significant associations in HIV-acquisition when
comparing our results to test statistics from 1,000 permutations of the data. We then
used these results to help inform and design a custom follow-up genotyping array,
which will soon be run on the full MACS cohort. Over 29,000 variants have been
included on this follow-up genotyping array, which included all the non-synonymous
variants we discovered as well as variants in top genes from external resources such
as ExAC[131] and GTEX][33]. Overall, we showed the initial association results from
the first stage of this candidate gene-exome study, and the steps being taken to move

this project into its second phase.

One important question still being addressed by this study is the impact of rare
variation on HIV-related phenotypes. As previously mentioned, the initial GWAS
conducted in HIV were mainly inconclusive, thus suggesting common variation may
not play an important role in HIV-susceptibility. Since HIV is a relatively recent in-
fectious disease, it may make sense that rare variation, alternatively, is of particular
importance; HIV may have evolved by hijacking newly arisen mutations fluctuat-
ing in human populations. Recent work has suggested much of the human genome
has already faced selective pressures from past viruses[50], perhaps indicating that
newer viruses may find more novel host-vulnerabilities among rare, recent mutations
instead. And indeed our current results suggest rare variation may play a role in
HIV-susceptibility; our SKAT-O analyses produce an excess of marginally significant
associations between genes and HIV-acquisition. However, no single gene reaches
genome-wide significance; this could be due to our modest sample size (<1000) or

because rare variation does in fact have a limited impact on HIV-acquisition. Ex-
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panding our analysis to the full MACS cohort should differentiate between these two

scenarios and provide a clearer answer for the human genetics community.

Additionally, another open question our study deals with is how best to design
a rare-variant association study. As newer technologies such as whole-exome and
whole-genome sequencing become more affordable, it is fair to ask whether targeted
approaches as done here are still applicable. Presumably targeted approaches should
still be more cost effective and in turn allow a larger number of samples processed
per project budget. Additionally for traits where rare variation plays a greater role,
it may be particularly important to sequence a larger number of individuals — with
each new individual, another previously undiscovered rare variant might be captured.
However, this strategy is only as powerful as your prior evidence for choosing loci.
Perhaps doing an initial round of whole-exome or whole-genome sequencing will ulti-
mately become a universally better choice, and targeted analysis will be more suitable
as a follow-up sequencing or genotyping role. Therefore with the second stage of this
study we aim to provide the community with answers regarding not only the biology

of HIV-infection but also the efficacy of our design strategy.

In Chapter 4 we presented the results from applying a Bayesian multivariate GWAS
method (bmass) on 13 publicly available datasets, providing both many new results
as well as the phenotypic patterns driving these results. It is well appreciated by this
point that using multivariate methods in GWAS can increase the power to detect
signals of association[105, 247, 196, 244, 72]. However, despite this, multivariate

GWAS methods are not frequently used, even when published studies contain mul-
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tiple phenotypes. Here, we extended a previously published Bayesian multivariate
framework[207] by making it into a readily usable R package. Bayesian multivari-
ate analysis of summary statistics, or bmass, runs on univariate GWAS summary
statistics, can quickly analyze datasets containing up to 8 phenotypes, and returns
both new significant associations as well as the top multivariate patterns found in
the data. We analyzed a diverse set of publicly available studies, containing a range
of sample sizes genotyped and phenotypes measured. For a number of the datasets
included we found many new associations, including over 50 novel loci for multiple
studies. For all datasets analyzed we also provided the top multivariate models for
each new association as well as the broad phenotypic patterns seen across entire
datasets. We also showed how you can use differing phenotypic patterns to better
refine association signals between nearby SNPs. Lastly, we highlighted particularly
interesting signals of association, such as rs11708067 and ADCY5 — a locus that has
been connected to both hereditary motor function dysregulation disorders[31, 30] as
well as metabolic traits[48, 188, 179, 91] — being significantly associated with both

Height and BMI.

Overall through this project we have provided the human genetics community with
multiple examples of multivariate GWAS analysis as well as software to efficiently
conduct multivariate GWAS. Specifically we provide one of the most phenotypically
complex examples of multivariate GWAS to date. Previously Pickrell et. al 2016
represented one of the most expansive studies of multivariate analysis in GWAS;
however while their work provided many examples of pleiotropic SNPs across a wide

range of phenotypes, they were limited to only analyzing bivariate models of as-
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sociation. Because we are able to analyze up to 8 phenotypes through bmass, we
provide a more extensive analysis of the multivariate space for a given SNP asso-
ciation. Additionally, we provide the community with software that a) explicitly
tests every possible model and b) presents results as Bayes Factors. Unlike other
multivariate GWAS programs that explore either more restricted or ambiguous sets
of models[147, 115, 62, 162, 224], bmass allows for better interpretation of results by

providing the full context of the multivariate space.

We also attempt to provide the community with a multivariate model that distin-
guishes between direct associations and indirect associations. Interestingly, we find
that properly assigning indirect associations to be a challenge. At times there ap-
pears to be an excess of phenotypes falling into the indirect category across SNP
associations; we believe this partially may be due to the indirect category being a
‘default’ category of sorts. If a phenotype does not fit into the U or D categories
for a given SNP (which leads to an extra degree of freedom being included in the
test for association), it may be ‘easier’ for the phenotype to be assigned to the I
category (which effectively removes the phenotype from being included in the test
for association, thus incurring no additional penalty). We think this may be due to
noisy beta estimates (larger standard errors) being treated equally to more precise
beta estimates (smaller standard errors) — this extra noise may be obscuring a phe-
notype’s proper assignment to either U or D. One way to deal with this issue may
be to shrink these poor estimates and lessen their impact on model assignment, and

recent work in the Stephens Lab has focused on this issue.
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Specifically, the Stephens Lab has been developing a framework known as Adaptive
SHrinkage (‘ash’) [208]. ash attempts to accomplish this aforementioned shrinkage
through one key advancement: using two summary statistics instead of one. In lieu
of the typical single summary statistic that most GWAS-correction methods use (i.e.
Z-scores or p-values), ash utilizes from a given association analysis both the beta
estimates and their respective standard errors. By using two summary statistics
versus one, there is a greater ability to estimate variance in measurement precision,
which in turns allows for more accurate shrinkage of imprecise estimates. Addition-
ally, by using two summary statistics, it is possible to calculate a ‘local false sign
rate’ per beta estimate — confidence intervals for the sign of an effect size and not
just whether it is non-zero. This ‘local false sign rate’ has multiple benefits, includ-
ing more fine-grained evaluation of individual results and robustness to modeling
assumptions. The Stephens Lab has been actively applying ash to multiple research
directions, including the analysis of multiple traits in association studies[220]. The
current application of ash to multivariate GWAS however lacks the phenotypic mod-
eling presented here, i.e. the {U, D, I} designations. Therefore future work for this
project includes combining ash with the bmass-modeling framework; doing so may
then allow us to better assign phenotypes to their true multivariate categories, such

as direct versus indirection associations.
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5.1 Concluding Remarks

In this dissertation, we aimed to show working with data beyond first-pass analyses
can produce more interesting and beneficial results. The field of human genetics
is at an exciting time with the growing spectrum of datasets, technologies, and
intermediate phenotypes that are now available. The work presented here is not
meant to downplay the importance of these developments or dismiss the potential
resources such as BioBanks and technologies such as single-cell sequencing contain.
However, there are limits to what adding more data or using newer technology can
accomplish. If for example epistatic interactions are essential to understanding all
genetic mechanisms, it will not matter how many more genomes we have access to
if we do not properly develop models and methods to accurately identify epistatic
interactions. Ultimately, adding new resources should be one of multiple efforts
being equally pursued to solve ongoing challenges in human genetics. While some of
the problems laid out by “The Missing Heritability” papers[144, 200, 145, 249] have
evolved and changed since their publications, one of the core messages remains the
same: we should take the time to think more deeply about the data and results we

have currently generated, and how best to utilize them.
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