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Understanding the genetic causes of human diseases and traits has long been of interest in the
scientific community. However, the large majority of research in this area has been conducted
in European populations. This dissertation focuses on developing statistical methods for ge-
netic studies in admixed populations, such as African Americans and Hispanics/Latinos, that
have been historically underrepresented in genetics research. The diverse, mixed ancestry of
admixed populations presents unique opportunities for statistical inference, many of which
are explored in this work. Here, we focus in particular on two important tasks: inferring
genetic ancestry from genotype and sequence data, and identifying genetic variants associ-
ated with complex traits and diseases. We propose and evaluate methods for inferring local
ancestry on chromosome X, correcting for multiple testing in genome-wide admixture map-
ping studies, and controlling for confounding by global ancestry in admixture mapping and
genome-wide association studies in admixed populations. We motivate our proposed methods
with theoretical results, simulation studies, and applications to genotype and whole genome
sequence data from large studies of African American and Hispanic/Latino individuals. Our
work provides solutions to a number of the statistical challenges posed by genetic studies in
admixed populations, and we hope that our results will help guide future studies in these

populations.
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Chapter 1
INTRODUCTION

1.1 Statistical Inference in Admixed Populations

Understanding the genetic causes of human diseases and traits has long been of interest in the
scientific community. However, most of the research in this area has been conducted in popu-
lations of European descent. In 2009, an analysis by Need and Goldstein [1] found that 96% of
participants in genome-wide association studies (GWAS)—one of the most widely employed
approaches for looking for genetic variants associated with diseases/traits of interest—were
of European descent. In recent years, there has been a growing international effort to increase
the diversity of genetic studies, with modest improvements. In 2016, Popejoy and Fullerton
2] found that the proportion of non-European GWAS participants had risen to 19%. The
majority of the improvements from 2009 to 2016 were seen with respect to representation of
individuals of Asian ancestry, increasing from 3% of GWAS participants in 2009 to 14% in
2016. However, fewer than 4% of GWAS participants were from African, Hispanic/Latino,
native/indigenous, or mixed ancestral backgrounds as of 2016, and when this analysis was
repeated in 2019 [3], that proportion remained unchanged. Genetic studies in these histori-
cally underrepresented populations are imperative, not only to ensure that genomic medicine
benefits more than just “a privileged few” [4], but to ensure a broader understanding of which
genetic variants play a role in human disease and traits, including those variants that are
more frequent or even exclusively present in non-European populations [5].

Populations with mixed ancestry, known as admized populations, are historically under-
represented in genetic studies, yet their mixed and diverse ancestry presents unique oppor-

tunities for detecting genetic variants associated with complex traits and diseases. Admixed



populations are formed when two or more previously separated ancestral populations come
together and form a new population with mixed genetic ancestry. Examples of admixed
populations in the United States include African Americans and Hispanics/Latinos. The
mixed ancestry of admixed populations leads to increased variability of genetic material and
provides an opportunity to find genetic variants that would not be identifiable otherwise.
Due to the processes involved in the inheritance of genetic material, the genomes of in-
dividuals in admixed populations are a mosaic of segments with different ancestral origins
(Figure 1.1). We refer to the ancestral origin of each of these segments as local ancestry,
while global ancestry quantifies the overall proportion of genetic material inherited from each
ancestral population. In an admixed population with K ancestral populations, we charac-
terize local ancestry for individual ¢ at locus j via the vector a;; = <aij1 . ain> T) where
Zszl a;jr = 2 and a;;;, denotes the number of alleles inherited by individual ¢ from ancestral
population k£ at locus j. We characterize global ancestry via the vector of admixture pro-
portions T; = (7Ti1 ceeom K>T, where Zfil mir = 1 and 7, is the genome-wide proportion

s
om j=1 Qijk,

of genetic material inherited by individual 7 from population &k (i.e., my =
where m is the total number of loci across the genome). Note that these definitions of local
and global ancestry are restricted to consideration of the autosomes (chromosomes 1-22 in
humans) and do not apply to the X or Y chromosomes.

Local and global ancestry are not features that can be directly observed; instead, they
are inferred from genotype or sequence data. Various methods have been developed to
infer global [6, 7, 8] and local [9, 10, 11] ancestry from genetic data, and companies such
as Ancestry.com and 23andMe now offer direct-to-consumer ancestry inference, converting
a saliva sample into an ancestry report in a matter of weeks. Many of these methods
are supervised, requiring reference panels (i.e., genotype or sequence data for samples from
relevant ancestral populations) in order to perform ancestry inference. Methods for local and
global ancestry inference are described in further detail in Chapters 2 and 4, respectively.

Besides holding intrinsic scientific interest, ancestry inference in admixed populations is

also useful for a number of applications, including mapping the genetic causes of diseases,



Generation O:
2 Ancestral
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(orange, blue)
Generation 1 I I I I I I I I

Generation 2

Generation 3 I I

Figure 1.1: Inheritance of genetic material in an admixed population with two ancestral
populations.

Each individual possesses a pair of chromosomes, one inherited from their mother and one from their
father. In this figure, we track the ancestral origin of genetic material across a single chromosome by
“painting” the chromosomes orange and blue according to their ancestral origin (orange = Ancestral
Population 1, blue = Ancestral Population 2). In Generation 0, two previously separated ancestral
populations come together and start mixing. In successive generations, genetic material is passed
from parents to offspring, with crossover events resulting in inherited chromosomes with a mixture
of genetic material from the maternal and paternal chromosomes, and, as a result, a mixture of
ancestral origins. Over time these blocks of ancestry continue to be broken up by crossover events.
The goal of local ancestry inference is to recover the chromosome painting, or infer the ancestral
origin of each segment of the chromosome. Global ancestry inference, on the other hand, seeks to
quantify the overall proportion of ancestry from each source. Admizture mapping looks for genetic
variants associated with a disease or trait of interest by scanning the genome for associations with
local ancestry, while GWAS looks for associations with the underlying genotypes (not depicted
here).



adjusting for population structure in association testing, and making demographic infer-
ences. Admixture mapping in populations with mixed ancestry is a powerful approach for
identifying genetic variants associated with complex traits and diseases [12, 13, 14], and al-
though the concepts behind admixture mapping have been around for many years, it has not
been implemented or studied to the same extent as other approaches such as genome-wide
association studies (GWAS) [15, 16, 17]. Like GWAS, the goal of admixture mapping is
to determine whether any genetic variant is associated with a trait of interest. However,
admixture mapping differs from GWAS in the approach it takes to find those causal vari-
ants, scanning the genome for associations between the trait and local ancestry, rather than
between the trait and the genotype at each locus. We often observe differences among an-
cestral groups in disease prevalence and trait values—including asthma [18], prostate cancer
[19], blood pressure [20], and kidney disease [21, 22]—which could result from a combina-
tion of genetic and environmental causes. By looking for associations between a trait and
local ancestry, admixture mapping studies seek to identify the genetic variants that differ in

frequency across ancestral groups and drive these observed phenotypic differences.

Early methods for admixture mapping were based on a small number of ancestry-informative
markers [23, 14], but thanks to technological advances and growing international effort to
increase the diversity of genetic studies, genome-wide admixture mapping studies are be-
coming more popular. Now, a common approach to admixture mapping utilizes marginal
regression, regressing the trait of interest on inferred local ancestry at each measured locus
across the genome [24, 25]. To perform admixture mapping, we regress the trait, y, on each
component (k= 1,..., K) of the local ancestry vector at each locus (j = 1,...,m), using the

marginal regression model

Ey; | aiji, Wi = a + Bjraijr + YW, (1.1)

where w; is a vector of additional covariates. We test for association between the trait and

local ancestry by testing the null hypotheses Hy : B;, = 0 Vj, k. This is very similar to the



marginal regression framework used in GWAS:
Eyi | ayn, wi] = a + Bjgij + ywi, (1.2)

where the trait is regressed instead on g;;, the genotype for individual ¢ at locus j, which
is typically quantified as the number of copies of some pre-specified allele (e.g., the minor
allele) carried by individual ¢ at locus j. Admixture mapping and GWAS are complementary
techniques, and each can be more powerful in different situations [26, 27, 28]. In many studies,
both admixture mapping and GWAS are performed (e.g., [29, 30]); others have suggested
methods for combining the two [31, 32].

A typical genetic association study, whether GWAS or admixture mapping, involves
conducting hundred of thousands or millions of hypothesis tests. Multiple testing correction
procedures are needed to control the overall type I error rate of these association studies.
The p-value threshold 5 x 1078 has become quite widely accepted as a control for multiple
testing in GWAS [33, 34]—although recent work has suggested that more stringent thresholds
should be used for association studies in whole genome sequence data [35]—but there is no
such “established” significance threshold for admixture mapping studies. The correlation
structure of test statistics is considerably different in admixture mapping than in GWAS.
In particular, admixture mapping test statistics tend to be more highly correlated, implying
that a less stringent significance threshold will be required to control for multiple testing
in admixture mapping studies. However, modeling the complex correlation structure of
admixture mapping test statistics and incorporating this knowledge into multiple testing
correction procedures is a challenging task.

An additional challenge posed by genetic association studies in admixed populations
relates to controlling for population structure. It has been widely documented that population
structure, or heterogeneity in ancestral composition across a population of interest, can
induce spurious associations in GWAS [36, 37]. In response, a number of approaches have
been developed to control for population structure in genetic association studies. Among the

most widely-implemented approaches are those that infer global ancestry and then adjust



for it as a potential confounder in association studies. There are two methods for inferring
global ancestry that are often used. One option is to estimate admixture proportions 7r;
using global ancestry inference programs (e.g., [6, 7]) or, if local ancestry was inferred,
using the genome-wide average local ancestry (e.g., [38]). The other, perhaps more widely-
implemented, approach involves running principal component analysis (PCA) on sample
genotypes and including the first few principal components (PCs) in the regression model
[37]. It has been shown that the top PCs typically capture global ancestry [39, 40], but
choosing the number of PCs to include in a regression model and ensuring that the PCs
actually capture global ancestry can be challenging. The consequences of adjusting for

extraneous PCs or PCs that capture effects other than ancestry are not fully understood.

1.2 Dissertation Aims

In this dissertation, we aim to address the following open research questions related to

statistical inference in admixed populations:

1. What are the best practices for inferring local ancestry on chromosome X, particularly
when using supervised local ancestry inference programs such as RFMix [10] that require

diploid individuals?

2. How can we estimate study-specific significance thresholds for admixture mapping stud-
ies that appropriately account for the correlation structure of test statistics in admixed

populations with potentially complex population structure?

3. When do we need to control for population structure, or heterogeneity in global ances-
try across a population, in genetic association studies (admixture mapping and GWAS)

in admixed populations?

4. How should we control for population structure in genetic association studies in ad-
mixed populations? Is it better to adjust for estimated admixture proportions from

model-based approaches or principal components in our regression models?



The first question is addressed in Chapter 2, the second is addressed in Chapter 3, and
Chapter 4 addresses the remaining two questions. Finally, in Chapter 5 we apply the lessons
learned from earlier chapters to a large-scale analysis of whole genome sequence data for
African American and Hispanic/Latino subjects from the Trans-Omics for Precision Medicine
(TOPMed) Whole Genome Sequencing Project. The following sections provide brief outlines

of each of these chapters.

1.2.1 Chapter 2: Local ancestry inference on chromosome X

Over the past several years, a number of methods for inferring local ancestry from genotype
data have been proposed [9, 10, 11]. RFMix [10] is particularly widely used for local ancestry
inference (LAI) in admixed populations, such as Hispanics/Latinos, that have three or more
ancestral populations. However, like many genetics software tools, RFMix seems to have been
designed only for inference on the autosomes (chromosomes 1-22). Techniques for applying
the program to chromosome X are not discussed in the original paper or in the user manual.

The X chromosome differs from the autosomes in that males have only a single copy of X,
while females have two. This poses challenges for programs such as RFMix which require that
all individuals be diploid. Naively coding male haplotypes as homozygous diploid on X (i.e.,
duplicating their X chromosome so they have two identical copies of the chromosome), as is
often suggested for other analyses on chromosome X [41, 42, 43, 44], could pose problems for
LAI, especially for supervised programs such as RFMix that rely on reference panels for model
training. In particular, this homozygous diploid coding will make observed male haplotypes
in the reference panel look twice as frequent as they really are, which could impact model
training and, as a result, LAI accuracy.

Further complicating the application of RFMix to chromosome X is the fact that it requires
that haplotypes be phased. Since males have only a single copy of X, they are already
perfectly phased. However, females are diploid on X and their haplotypes will need to be
phased using statistical methods (e.g., [41]). Existing techniques for statistically inferring

phase are largely accurate, but not perfect, and any phasing errors could pose problems for



LAI To account for possible phase uncertainty, RFMix can perform re-phasing of admixed
haplotypes along with inferring local ancestry. On chromosome X, this re-phasing will likely
be helpful for female haplotypes, but unnecessary for males.

In this chapter, we propose and evaluate four techniques for applying RFMix to chro-
mosome X. These techniques consider different choices of coding schemes for admixed and
reference panel male haplotypes, as well as whether to allow RFMix to perform re-phasing of
admixed haplotypes. We compare the performance of these approaches in a large cohort of
Hispanic/Latino individuals from the Hispanic Community Health Study/Study of Latinos
[45, 46]. Based on our findings, we provide suggestions regarding which coding schemes and
phasing options should be used when inferring local ancestry on chromosome X using RFMix.
This work will prove useful for a wide range of downstream applications, including study-
ing sex-biased patterns of admixture [47, 48] and conducting genetic association studies on
chromosome X [44, 49].

This work is published, along with other HCHS/SOL local ancestry results, in G3: Genes,
Genomes, Genetics [50]. If you wish to cite the work contained in this chapter, please cite

our published paper rather than this dissertation.

1.2.2  Chapter 3: Genome-wide significance thresholds for admizture mapping

Admixture mapping studies have become more widely implemented in recent years, due in
part to technological advances and growing international efforts to increase the diversity of
genetic studies. However, many open questions remain about appropriate implementation of
admixture mapping studies, including how best to control for multiple testing, particularly
in the presence of population structure.

A handful of existing multiple testing correction techniques have been applied to the
context of admixture mapping studies. Perhaps the best known approach is a Bonferroni
correction on the total number of tests conducted (m x K). Although easy to implement
(and widely used), this approach does not take into account the complex correlation structure

of admixture mapping studies and consequently yields conservative significance thresholds.



Related approaches involve a Bonferroni correction on the estimated effective number of
independent tests [51, 52, 32]; however, it has been shown that these approaches do not
always guarantee family-wise error rate control [53, 54, 55]. Permutation and simulation-
based multiple testing correction procedures [31, 28, 30, 26], which are often considered to be
the gold standard for controlling for multiple testing in genetic association studies, can yield
more appropriate significance thresholds but are often very computationally intensive. In
practice, many admixture mapping studies will avoid the issue of estimating a study-specific
significance threshold altogether and simply use a threshold proposed in another study, even
if that study considered a different admixed population [29, 56, 57].

In this chapter, we develop an analytic approach for controlling for multiple testing in
admixed populations with any number of ancestral populations or distribution of admix-
ture proportions. First, we derive the correlation of local ancestry and admixture mapping
test statistics in admixed populations with arbitrary population structure. Based on this
theoretical framework, we develop two approaches for estimating genome-wide significance
thresholds for admixture mapping studies. In the case of admixed populations with two
ancestral populations, we show that an analytic approximation to the family-wise error rate
proposed by Siegmund and Yakir [58] can be used to estimate admixture mapping signifi-
cance thresholds, even in the presence of heterogeneous admixture proportions, as long as
the admixture mapping regression model adjusts for admixture proportions as a potential
confounder (i.e., by including estimates 7r; in the vector of covariates w; in Model 1.1). For
admixed populations with more than two ancestral populations, we propose an approach
based on simulating admixture mapping test statistics from their derived asymptotic joint
distribution using a fast, recursive, low memory algorithm. We implement both approaches
in an R package named STEAM: Significance Threshold Estimation for Admixture Mapping.

We validate our theoretical work and multiple testing correction procedures via analy-
sis of simulated traits with real genotype data for 8,064 unrelated African American and
3,425 Hispanic/Latina women from the Women’s Health Initiative SNP Health Association

Resource (WHI SHARe). Compared to other commonly used multiple testing correction
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procedures, our method is fast, easy to implement, and controls the family-wise error rate
even in structured populations. Furthermore, our work demonstrates that the appropriate
admixture mapping significance threshold depends on the number of ancestral populations,
generations since admixture, and population structure of the sample; as a result, significance
thresholds are not, in general, transferable across studies.

This work is published in The American Journal of Human Genetics [59] and our R pack-
age STEAM is publicly available on my GitHub page: https://github.com/kegrinde/STEAM.
If you wish to cite the work contained in this chapter, please cite our published paper rather

than this dissertation.

1.2.83  Chapter 4: Controlling for ancestral heterogeneity in genetic association studies in

admized populations

It is well-established that differences in global ancestry within a sample, often referred to
as population structure, can lead to spurious associations in genome-wide association studies
(36, 37]. It is generally understood that these spurious associations arise due to the fact
that global ancestry can confound the association between genotypes and a phenotype of
interest, particularly when single nucleotide variants (SNVs) have different allele frequencies
across ancestral populations and global ancestry has a direct effect on the trait through
environmental differences between ancestral groups. The issue of population structure has
not been studied as extensively in the context of admixture mapping, and it is unclear
whether the same approaches that we use to detect and control for population structure
in GWAS can also be applied to admixture mapping. Some studies have suggested the
importance of adjusting for global ancestry in admixture mapping studies [13, 24]; however,
these suggestions are not universally implemented.

A number of approaches for detecting and controlling for population structure in genetic
association studies have been proposed. Early approaches included genomic control [36],
using family-based study designs [60], and restricting—or attempting to restrict—analyses to

ancestrally homogeneous populations [61]. Although these approaches are still implemented
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today, newer approaches are now generally preferred: using mixed models to control for both
distant and close relationships [62, 63, 64] or adjusting for inferred global ancestry as a fixed

effect in marginal regression models [65, 37, 24].

Methods for inferring global ancestry fall primarily into two classes: model-based ap-
proaches and unsupervised dimension reduction techniques such as principal component
analysis (PCA). Model-based approaches such as ADMIXTURE [7] model the probability of
observed genotypes given admixture proportions and allele frequencies in each ancestral
population. Depending on the program, ancestry-specific allele frequencies can be estimated
along with admixture proportions, or pre-estimated/trained based on reference panel data.
The primary disadvantages of model-based approaches are that they typically perform an-
cestry inference at a continental level (e.g., African versus European, rather than South
European versus North European; see £ineSTRUCTURE [8] for an exception), the number of
ancestral populations of interest (K) must be pre-specified, and reference panels are often
required. Inferring global ancestry via principal component analysis, on the other hand, is an
unsupervised approach that does not require reference panel data or pre-specification of the
number of ancestral populations of interest, and it is capable of capturing sub-continental
structure (e.g., [66]). It has been widely shown that, after running PCA on sample genotypes,
the top principal components (PCs) typically reflect global ancestry [40, 39]. Although PCA
does offer the advantages mentioned above, choosing the number of PCs necessary to cap-
ture global ancestry can be very challenging, and the PCs themselves are less interpretable
than estimated admixture proportions. Furthermore, PCs can sometimes reflect features
other than global ancestry, including relatedness across samples [67, 40], data quality issues
[37, 68], and /or small regions of the genome with unusual patterns of linkage disequilibrium
(LD) [69, 70].

In this chapter, we investigate the impact of heterogeneity of global ancestry on genome-
wide association and admixture mapping studies in admixed populations. First, we present
analytic results that provide insight into when genetic association studies must adjust for

global ancestry. Second, we demonstrate that adjusting for global ancestry using PCs can
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actually induce spurious associations in both GWAS and admixture mapping studies. We
show that these spurious associations arise, due to the phenomenon known as collider bias
[71], when PCs capture multiple small regions of the genome rather than global ancestry. We
show that careful pre-processing of genotypes prior to running PCA (e.g., LD pruning) can
help reduce the occurrence of these spurious associations, and that, at least in the applications
we consider, problems can be avoided altogether by adjusting instead for estimated admixture
proportions from model-based global ancestry inference approaches. Based on our results,
we provide suggestions regarding best practices for appropriately controlling for population
structure in genetic association studies in admixed populations. We anticipate that this
work will have great impact, particularly given the wide-spread use of principal component
analysis in our field.

We plan to submit the work in this chapter as two separate manuscripts, one devoted to

genome-wide association studies and the other focused on admixture mapping.

1.2.4  Chapter 5: Local ancestry inference and genetic association testing in the TOPMed

Whole Genome Sequencing Project

Reduced kidney function has serious, sometimes deadly, implications for human health. Cur-
rent reports estimate that as many as 37 million people across the United States struggle
with chronic kidney disease [72], with a higher prevalence of the disease among African
Americans and Hispanics/Latinos [21, 22]. This difference in prevalence across ancestral
groups makes chronic kidney disease an ideal trait for admixture mapping studies. Previous
studies [73, 22, 25] have been successful in identifying genetic variants associated with kidney
function that differ in frequency across these ancestral groups, and could help explain some
of the observed differences in disease prevalence.

In this chapter, we build on this prior work and conduct genetic association studies of
kidney traits in admixed populations using data from the Trans-Omics for Precision Medicine
(TOPMed) Whole Genome Sequencing Project. Until recently, the majority of genetic as-

sociation studies were conducted using genotype data from single nucleotide polymorphism



13

(SNP) arrays/chips rather than whole genome sequences, due largely to the initially pre-
cipitous costs of whole genome sequencing technology. However, in recent years the cost of
sequencing studies has dropped drastically, and whole genome sequence data is starting to
become more readily accessible. In studying whole genome sequences, we hope to capture
important rare or population-specific genetic variation that may have been missed in prior
studies based on genotype data.

Using whole genome sequence data for 20,048 African American and Hispanic/Latino
subjects from the TOPMed sequencing project, we apply the lessons learned from Chapters
2—4 to search for and characterize rare and common genetic variation that may play a role in
human kidney function. First, we infer autosomal local ancestry for each admixed individual
using RFMix [10]. Next, we use this inferred local ancestry to estimate admixture proportions.
Then, we conduct genome-wide admixture mapping and association studies of kidney traits
(estimated glomerular filtration rate (eGFR), serum creatinine, and a binary indicator of
chronic kidney disease), adjusting for admixture proportions as covariates in our marginal
regression models as suggested by Chapter 4. For our admixture mapping studies, we use
STEAM (Chapter 3) to estimate genome-wide significance thresholds. Finally, we use our
local ancestry calls to estimate African, European, and Native American allele frequencies
for candidate variants of interest from a concurrent study [Bridget Lin and Nora Franceschini,
personal communication]; these ancestry-specific allele frequency estimates provide valuable
insight into GWAS findings and guide replication studies.

Our work in this chapter highlights the potential for success, as well as the existing
challenges, for local ancestry inference and genetic association studies in admixed populations
using whole genome sequence data. Furthermore, the local ancestry calls produced for this
analysis provide a valuable resource for the large community of investigators interested in
using the TOPMed whole genome sequence data to study other phenotypes.

This work will soon be submitted for publication along with results from an association
study of all admixed, European, and Asian American TOPMed samples with available kidney
phenotype data.
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Chapter 2

LOCAL ANCESTRY INFERENCE ON CHROMOSOME X
2.1 Introduction

Due to the processes involved in the inheritance of genetic material, the genomes of ad-
mixed individuals are a mosaic of segments with different ancestral origins (Figure 1.1).
This mosaic nature of admixed genomes proves useful for a number of tasks. In particular,
local ancestry—the ancestral origin of genetic material at each location along an admixed
genome—is used in applications including admixture mapping [12, 13, 14], interpreting the
results of genetic association studies [74, 27], adjusting for population structure in genome-
wide association studies [75, 76|, estimating recombination rates along the genome [77, 78],
and making demographic inferences [79, 80, 81]. In order to perform these tasks, we must
first infer local ancestry from genotype or sequence data.

Over the past few years, a number of local ancestry inference methods have been pro-
posed. These methods can primarily be divided into two classes. First, there are methods
that use classification tools such as random forests and support vector machines to iden-
tify the population to which a haplotype is most similar within a given window (Figure
2.1) [10, 82, 76]. Second, there are methods that explicitly model biological processes such
as recombination and mutation using Hidden Markov Models or extensions of the Li and
Stephens [83] population genetic model [84, 9, 8 85, 11]. The vast majority of these meth-
ods are supervised, requiring reference haplotypes from ancestral populations of interest (e.g,
Africans, Europeans, and Native Americans for a Hispanic/Latino population), and only a
few are applicable to admixed populations such as Hispanics/Latinos with more than two
ancestral populations.

RFMix [10] is a widely-used approach for local ancestry inference in admixed populations
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Population 1 Haplotypes:

.......110011010100000100700...........

cereenr.11110110001000001107(00...........

Admixed Haplotypes: <eren.1000100001000001001(00...........
...100011000101000100d00...........

Population 2 Haplotypes:

[ ]
[ |

.......011111000011001011410...........
........001111000011101011400...........
........011111000011001011400...........

....0211111010011001011100...........

Figure 2.1: Local ancestry inference in an admixed population with two ancestral popula-
tions.

The genomes of admixed individuals are split into windows. Within each window, we infer the
ancestral origin of an admixed haplotype by comparing the pattern of genetic mutations in that
window to the mutations carried by reference haplotypes from the ancestral populations of interest
(or close proxies). In this example, the highlighted admixed haplotype is most similar to the
haplotypes in Population 2, so local ancestry is assigned to that population.
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with two or more ancestral populations. The method models the conditional probability of
ancestry given the observed haplotype sequences using a Conditional Random Field (CRF).
This CRF is parameterized by random forests trained on reference panels from each of the
ancestral populations. When datasets are not too large, RFMix can use the ancestry infor-
mation contained in the admixed samples themselves to augment small reference panels via
an expectation-maximization (EM) approach; this is particularly useful when reference hap-
lotypes that are well-representative of the ancestral population are unavailable or otherwise
difficult to find. In large datasets, however, this EM option may not be computationally fea-
sible [50]. An additional advantageous feature of RFMix is its ability to jointly model phase
and ancestry, resulting in both improved phasing (when admixed haplotypes are statistically

phased) and local ancestry inference.

Despite its many advantages, RFMix does not provide a specific X chromosome setting.
This poses challenges for inferring local ancestry on X, which may be of interest for applica-
tions such as studying sex-biased admixture [47, 48, 86] or association testing on chromosome
X [44, 49]. To use RFMix, the input admixed and reference haplotypes must first be phased
and missing genotypes imputed. In the nonpseudoautosomal regions of X, males are hap-
loid and thus already perfectly phased; females, on the other hand, are diploid and their
phase will need to be inferred using statistical methods [87, 41, 88]. Missing data must be
imputed for both males and females, and many imputation programs (e.g., [41, 42]) require
that males be coded as homozygous diploid on X, such that they have two identical copies
of their chromosome. This coding is common in many standard file formats [43], as well as
other applications such as association testing on X [44]. However, we hypothesize that this
coding could be problematic for inferring local ancestry on chromosome X. In particular,
coding reference panel males as homozygous diploid on X will make the observed male ref-
erence haplotypes look twice as frequent as they really are, which will impact the training
of the random forests on which the RFMix CRF is based.

In this chapter, we investigate this hypothesis and suggest alternative approaches for

coding male haplotypes when performing local ancestry inference on chromosome X using
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RFMix. We use these proposed strategies to infer local ancestry on X for 12,775 Hispan-
ics/Latinos from the Hispanic Community Health Study/Study of Latinos (HCHS/SOL),
and compare the performance of each approach. To conclude, we offer suggestions for re-
searchers who hope to conduct local ancestry inference on X chromosome data using RFMix

or other local ancestry inference programs that do not explicitly handle X.
2.2 Methods

2.2.1 Local Ancestry Inference on X with RFMix

To perform local ancestry inference on chromosome X using RFMix, we must make the
following decisions: (1) how to phase female haplotypes and impute missing values for both

males and females, (2) how to code male haplotypes, and (3) which version of RFMix to run.

Phasing and Imputation

Before running RFMix, haplotypes must be phased and sporadic missing genotypes imputed.
As mentioned above, males are haploid on X (in the nonpseudoautosomal regions) and thus
already perfect phased. However, females are diploid and their haplotypes will need to be
statistically phased using one of many existing programs. Both males and females may
have missing genotypes, so imputation of these sporadic missing genotypes will need to be
performed on all samples. Programs such as Beagle [41] can be easily used to perform both

steps. To run Beagle on chromosome X, males should be coded as homozygous diploids.

Male Coding Options

There are three options which we will consider for coding of males on chromosome X: haploid,
homozygous diploid, and paired diploid (Figure 2.2). The haploid coding represents each
male as a single haplotype, which is the truth for chromosome X, but, depending on the
task and software, may not be allowed. The homozygous diploid coding duplicates each male

haplotype so that each male becomes diploid with two identical copies of their X chromosome.
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Haploid (Truth) Homozygous Diploid Paired Diploid
Male 1 Male 1 Male 1
000110100011 1000110100011 | 1000110100011 |
1000110100011 | 1010100000101 |
Male 2 Male 2
010100000101 1010100000101 |

1010100000101 |

Figure 2.2: Haplotype coding options for males on chromosome X.

Each haplotype is represented by a sequence of zeros and ones, often with 1 representing the minor
allele and 0 the major allele at each position. The haploid coding option represents the truth for
males in the nonpseudoautosomal regions of chromosome X, but may not be allowed by all software.

This option is common in many file formats and suggested by software such as Beagle [41] for
phasing and imputation. The final coding option, paired diploid, creates artificial, perfectly-
phased diploid individuals by pairing male haplotypes. When diploid individuals are required
by software but haplotypes are treated independently, this option is equivalent to the haploid
coding (modulo a single haplotype that will need to be discarded if there is an odd number

of males).

REMix Versions

RFMix is implemented as two separate programs: RFMix_PopPhased and RFMix_TrioPhased.
The PopPhased version jointly models phase and ancestry, accounting for uncertainty in the
initial phasing of haplotypes. This option is recommended when admixed haplotypes are sta-
tistically phased using a program such as Beagle [41], but requires that all samples be diploid.
The TrioPhased version of REMix assumes that phase is known (or very accurately inferred,

e.g., via trio phasing) and does not attempt to re-phase admixed haplotypes. Provided that
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the EM option is not used, local ancestry is inferred independently for each haplotype. Given
that re-phasing is not attempted with the TrioPhased option, it is considerably faster than
PopPhased.

Running RFMiz on Chromosome X

We consider the following combinations of male haplotype coding and RFMix versions for
local ancestry inference on chromosome X. A priori, we anticipate that Options 1 and 2 will
have superior performance; this will be discussed further in the Results and Discussion. Note
that this is not an exhaustive list of all possible approaches: other options are either essen-
tially equivalent to those considered here or are anticipated to have inferior performance (e.g.,
running PopPhased with paired diploid coding of admixed males, as any re-phasing would

introduce errors) so are not considered. Table 2.1 summarizes the four options considered.

Option 1: Use the paired diploid coding for males in the reference panels (pairing males
within ancestral populations and discarding the final male if the ancestral group has an odd
number of males) and the haploid coding for admixed males. Run RFMix on the male and
female admixed samples in parallel, using the TrioPhased option on the perfectly phased
haploid males, the PopPhased option on the statistically phased diploid females, and the

same reference panel for both analyses.

Option 2: Use the paired diploid coding for reference panel males and homozygous
diploid coding for admixed males. Run PopPhased on the male and female admixed samples
in a single analysis.

Option 3: Use the homozygous diploid coding for both reference panel and admixed

males. Run PopPhased on the male and female admixed samples in a single analysis.

Option 4: Use the paired diploid coding for reference panel males and haploid coding
for admixed males. Run TrioPhased on the male and female admixed samples in a single

analysis.
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Table 2.1: Summary of four approaches considered for local ancestry inference on chromo-
some X using RFMix.

Option | Refpanel Male Coding Admixed Male Coding RFMix Version
1 Paired diploid Haploid TrioPhased (M) + PopPhased (F)
2 Paired diploid Homozygous diploid PopPhased (all)
3 Homozygous diploid Homozygous diploid PopPhased (all)
4 Paired diploid Haploid TrioPhased (all)

2.2.2  Application to the Hispanic Community Health Study/Study of Latinos
The HCHS/SOL Data

The Hispanic Community Health Study/Study of Latinos (HCHS/SOL) is a community-
based cohort study of 16,415 self-identified Hispanic/Latino participants aged 18-74 years
old [45, 46]. Participants were recruited in four US field centers (Chicago, IL; Miami, FL;
Bronx, NY; San Diego, CA) using a two-stage sampling scheme, with community block units
sampled first, followed by households within the block units. Initial visits occurred between
2008 and 2011, and yearly telephone follow-up assessment lasted at least three years. Self-
identified background groups vary across participants, with the largest groups being Mexican
(n = 6,471), Puerto Rican (n = 2,728), Cuban (n = 2,348), Central American (n = 1, 730),
Dominican (n = 1,460), and South American (n = 1,068). The HCHS/SOL study was
approved by institutional review boards at participating institutions, and written informed
consent was obtained from all participants. More information about the study is available
at https://www2.cscc.unc.edu/hchs/.

In total, 12,803 participants consented to genetic studies. Individuals were genotyped on
an [llumina Omni 2.5M array with additional custom content, and the genotype and pheno-
type data are posted on dbGaP (accession numbers phs000880.v1.p1l and phs000810.v1.pl).

After quality control and removal of 19 outlier individuals with significant Asian ancestry
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[89] and 14 individuals with large amounts of missing data on chromosome X, our analyses

included 12,775 individuals, 41% of whom are male (Table 2.2).

Reference Panel

To perform local ancestry inference using RFMix, a reference panel representing the ancestral
populations of interest is required. We created a reference panel by combining individuals
of Amerindian, European, and West African descent from the publicly available Human
Genome Diversity Project (HGDP) [90] and 1000 Genomes Project (1000G) [91]. We ran an
unsupervised ADMIXTURE analysis [7] on these individuals and kept those with at least
90% estimated ancestry from one of the inferred ancestral populations. After additionally
excluding three individuals with large amounts of missing data on X, we were left with 63
Amerindians (from Peru, Mexico, Ecuador, Brazil, and Colombia), 524 Europeans (from
Spain, Italy, the British Isles, France, and Utah), and 195 West Africans (from Nigeria,
Senegal, and Barbados). The breakdown of males and females in this reference panel is pre-
sented in Table 2.2. The HGDP individuals were genotyped on the [llumina HumanHap650Y
array and the 1000G individuals were genotyped on the Illumina Omni 2.5M array. After
intersection with the HCHS/SOL variants and exclusion of single nucleotide polymorphisms
(SNPs) with minor allele frequency smaller than 0.5%, a total of 9,081 SNPs remained on

chromosome X for this analysis.

We also constructed a reference panel using data published in [92], combined with samples
from 1000G. This reference panel has a larger number of individuals (154 Amerindians, 516
Europeans, and 198 West Africans) but a smaller number of SNPs that overlap with the
HCHS/SOL data (236,736 versus 419,645 genome-wide). In a separate analysis, we found
that using this reference panel for local ancestry inference on the autosomes led to slightly
inferior performance compared to using the reference panel described above [50], so for the

remainder of this chapter we will only present results using the reference panel constructed

from HGDP and 1000G individuals.
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Table 2.2: Sample sizes for inferring local ancestry on chromosome X in HCHS/SOL.
Numbers of admixed (HCHS/SOL) and reference panel individuals included in our analysis.

Reference Panel

Admixed | African Amerindian European

Males 5231 104 24 266
Females 7544 91 39 258
Total 12775 195 63 524

Local Ancestry Inference and Pre-Processing

Before running RFMix, we used Beagle 4.0 [41] to phase the HCHS/SOL and reference panel
data and impute sporadic missing genotypes on chromosome X. The HCHS/SOL data in-
clude individuals with known relatedness, but we did not use the pedigree information in
our phasing. All males (reference panel and admixed) were coded as homozygous diploid for
these pre-processing steps. The phased and imputed haplotype data were then converted
from VCF format into the specific RFMix input format described in the RFMix manual
(available online: https://sites.google.com /site/rfmixlocalancestryinference/). For local an-
cestry inference, we used RFMix version 1.5.4. We performed analyses using the four options

for male coding and RFMix version summarized in Table 2.1.

Assessing Performance of Local Ancestry Inference Approaches

We could not directly compare the accuracy of local ancestry inference approaches on the
HCHS/SOL data because we do not know the true local ancestry for HCHS/SOL individuals.
However, we do have known pedigree information for many of these individuals, and thanks
to the household-based sampling design of the HCHS/SOL study there are large numbers
of parent-offspring pairs (n = 174) and trios (n = 203). We used this pedigree information
to compare the Mendelian inconsistency rates of each method, as has been done previously

[11, 93]. Females inherit one X chromosome from their mother and one from their father,



23

while males inherit their single X chromosome from their mother; the inferred local ancestry
should reflect these inheritance patterns. An inconsistency arises, for example, if a female
is called as having two alleles of European origin at a position but her mother is called as
having one African allele and one Amerindian allele. An additional example of inconsistent
local ancestry calls is a position where a male is called as having one allele of Furopean origin
while his mother is called as having two Amerindian alleles. At every SNP along the genome,
we classified a parent-offspring pair or mother-father-child trio as Mendelian inconsistent if
their ancestry calls at the position were inconsistent with the laws of Mendelian inheritance,
as in the examples mentioned above. We compared the rates of Mendelian inconsistencies
across chromosome X for each of the four analysis options considered.

We also compared the posterior probabilities generated by RFMix for each approach.
RFMix uses a forward-backward algorithm that produces posterior probabilities of each
ancestry given the observed haplotype, and the ancestry with the largest posterior probability
is the one that is ultimately called at that position [10]. In our analysis of the HCHS/SOL
data, three posterior probabilities (for Amerindian, European, and West African ancestry)
were generated for each haplotype at each position. We recorded the largest of these three
probabilities, corresponding to the posterior probability for the called ancestry, and compared
their averages across chromosome X. Ultimately, comparing these posterior probabilities
allows us to compare how confident the RFMix algorithm was about the calls that it made.

Finally, we also compared the consistency of the local ancestry calls generated by the four
approaches across chromosome X. In particular, for each pair of approaches we compared

the proportion of calls, across all positions and haplotypes, that were identical.

2.3 Results

2.3.1 Mendelian Inconsistencies in HCHS/SOL

The Mendelian inconsistency rates for chromosome X are summarized in Figure 2.3 In gen-

eral, Mendelian inconsistency rates were low for all four approaches. Inconsistency rates were
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mother-daughter | | mother-son | | father-daughter | | mother-father-daughter

0.009 1

0.006 1

0.003 1

Average Mendelian Inconsistency Rate

b o b}

2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
Analysis Option

0.000 -
1

Figure 2.3: Mendelian inconsistency rates on chromosome X in HCHS/SOL.
For each chromosome X analysis option we present the average Mendelian inconsistency rate (with
approximate 95% confidence interval) across HCHS/SOL parent-offspring pairs and trios.

lower in parent-offspring pairs than in trios due to the fact that errors in ancestry calls are
more difficult to detect when data are missing for one parent. Note that mother-father-son
trios are comparable to mother-son pairs since fathers do not contribute an X chromosome to
their sons, so we combined these two groups into a single mother-son category. The approach
with the highest Mendelian inconsistency rates was Option 4, which did not allow RFMix to
correct potential phasing errors in the statistically phased admixed females. Among the re-
maining approaches, all of which allowed for re-phasing of females, the approaches that used
paired diploid coding for reference panel males (Options 1 and 2) performed very similarly to
one another and tended to slightly, but not significantly, outperform the approach that used
homozygous diploid coding for reference panel males (Option 3). We note that the chromo-
some X mother-daughter Mendelian inconsistency rates for Options 1-3 are comparable to

the rates observed for parent-offspring pairs on the autosomes [50].
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Table 2.3: RFMix posterior probabilities on chromosome X in HCHS/SOL females.
Average maximum posterior probability for each analysis option considered.

Description Posterior Probabilities
Option | Ref. Males Adm. Males RFMix Overall African Amerindian FEuropean
1 Paired diploid Haploid Pop + Trio | 0.9929  0.9937 0.9927 0.9924
2 Paired diploid Hom. diploid Pop 0.9930  0.9937 0.9927 0.9925
3 Hom. diploid Hom. diploid Pop 0.9931  0.9939 0.9927 0.9928
4 Paired diploid Haploid Trio 0.9872  0.9885 0.9866 0.9866

2.8.2  RFMiz Posterior Probabilities in HCHS/SOL

On chromosome X, admixed males are not directly comparable across the four analysis op-
tions considered due to the different diploid and haploid coding schemes, so we only present
posterior probability results for females (Table 2.3). We present overall results, as well as re-
sults broken down by ancestral population. Across all approaches and ancestral populations,
the average maximum posterior probabilities were close to 1. Posterior probabilities were
slightly higher on average among positions assigned to African origin, suggesting that RFMix
was slightly more confident in calling African ancestry than European or Amerindian ances-
try. On average, the lowest posterior probabilities were observed with the approach that did
not allow for re-phasing of females (Option 4). Options 1-3 treated admixed females identi-
cally and had more similar posterior probabilities, with slightly larger posterior probabilities
observed, on average, for Option 3 (which used homozygous diploid coding for reference panel
males). This pattern could be explained by the fact that the duplication of male haplotypes
in the reference panel under Option 3 leads the RFMix program to think that it has a larger
number of reference haplotypes and then, as a result, it is (inappropriately) more confident
in its calls. We note that posterior probabilities may be miscalibrated; this is a pitfall of

using posterior probabilities to assess accuracy.
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Table 2.4: Comparison of local ancestry calls generated by four chromosome X analysis
options in HCHS/SOL.

Percent of identical local ancestry calls across all haplotypes and loci considered.

Option 1 Option 2 Option 3 Option 4
Option 1 | 1.0000 0.9980 0.9960 0.9864

Option 2 1.0000 0.9961 0.9865
Option 3 1.0000 0.9851
Option 4 1.0000

2.3.8  Consistency of Calls in HCHS/SOL

Across chromosome X, the four approaches yielded largely similar local ancestry calls. For
any two pairs of approaches, the local ancestry calls were identical for at least 98.5% of loci
and haplotypes (Table 2.4). Options 1 and 2, which treated admixed females identically and
used the same paired diploid coding for reference panel males, yielded the most consistent
local ancestry calls with one another (99.8% identical) and provided similarly consistent
calls with Option 3 (99.6% identical). Option 4—the only approach that did not allow for

re-phasing of admixed females—was least similar to the other three approaches.

2.4 Discussion

Like many genetics software tools, RFMix was designed only for autosomal data. We investi-
gated four approaches to analyzing the X chromosome with RFMix. We assessed the results
using Mendelian inconsistency rates, and also compared RFMix posterior probabilities and
the consistency of local ancestry calls generated by the four approaches. The two best ap-
proaches involved pairing haploid males into pseudodiploid individuals in the reference panel
in order to avoid the double-counting that would occur if these individuals were coded as
homozygous diploid. However, we found that coding reference males as homozygous diploids

resulted in only a small loss of accuracy. Larger losses in accuracy were observed when we
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did not allow RFMix to correct for potential phasing errors in the statistically phased female
haplotypes.

Our comparisons are limited by the fact that we do not know the true local ancestry for
the HCHS/SOL participants. However, we were able to compare accuracy using Mendelian
inconsistency rates, which provides valuable insight into the accuracy of competing local an-
cestry inference approaches provided that the pedigree information used was correct. Future
work might explore the performance of these approaches using simulated data where the
underlying true local ancestry is known. In particular, it would be interesting to investigate
the impact of reference panel male coding on the training of the random forests which pa-
rameterize the RFMix conditional random field. Furthermore, given the size of our dataset,
we were unable to use the EM option for RFMix; whether our findings extend to the setting
where RFMix is used with the EM option remains to be shown.

Our results clearly demonstrate the advantages posed by the joint modeling of phase
and ancestry, and confirm that the PopPhased option should be used for haplotypes that
are statistically phased (e.g., females on chromosome X). As hypothesized, our results also
suggest that coding males as homozygous diploids in the reference panel could lead to losses
in accuracy, although we did not observe as dramatic of a loss as initially anticipated. In
terms of the treatment of admixed male haplotypes, our results are less conclusive: we did
not see any practically significant differences in accuracy when haploid males were analyzed
separately from females using the TrioPhased version of RFMix versus when homozygous
diploid males were analyzed with females using PopPhased. However, there are some practical
differences between these approaches in terms of the speed of computation (using 7rioPhased
on males and analyzing males and females in parallel was faster than running PopPhased
on all samples) and ease of use (running a single PopPhased analysis with the standard
homozygous diploid coding of admixed males was slightly easier to implement). The decision
about which of these approaches to use may be left to personal preference.

The issue of extending existing software for the analysis of chromosome X is not unique

to local ancestry inference with RFMix. As we have seen in this chapter, the standard ho-
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mozygous diploid coding of male haplotypes may not always be appropriate. Instead, careful
consideration should be given to both the application and the underlying algorithm of the
software being used before proceeding with analysis of chromosome X. In the case of super-
vised local ancestry inference, particular care should be taken to avoid over-representation
of male haplotypes in the reference panel. Two approaches that address this concern have

been proposed here.
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Chapter 3

GENOME-WIDE SIGNIFICANCE THRESHOLDS FOR
ADMIXTURE MAPPING STUDIES

3.1 Introduction

Due to the processes involved in the inheritance of genetic material, the genomes of admixed
individuals are a mosaic of segments with different ancestral origins (Figure 1.1). This mosaic
pattern of locus-specific ancestry, or local ancestry, varies considerably across individuals
within an admixed population and proves useful for identifying causal genetic variants via
admixture mapping. Admixture mapping studies scan the genomes of admixed individuals
for associations between local ancestry and a trait of interest [12, 13, 14]. Disease prevalence
and trait values often differ across ancestral groups (e.g., asthma [18], prostate cancer [19],
blood pressure [20]), due to a combination of genetic and environmental causes. By looking
for associations between a trait and local ancestry, admixture mapping seeks to identify
the genetic variants that differ in frequency across these ancestral groups and drive the
observed phenotypic differences. In recent years, admixture mapping has become more
widely used and has proven to be a powerful approach for localizing causal genetic variants
(19, 25, 27, 29, 56, 94, 95, 96, 97].

A single genome-wide admixture mapping study will typically involve hundreds of thou-
sands or millions of hypothesis tests, and multiple testing correction procedures are needed
to control the overall type I error rate. Perhaps the best-known multiple testing correc-
tion procedure is the Bonferroni correction. In the context of admixture mapping, we can
perform a Bonferroni correction based on the total number of loci tested, or on the (often
considerably smaller) number of unique blocks of local ancestry [26, 98]. Although easy to

implement, this approach is widely criticized for yielding conservative significance thresh-
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olds in the presence of correlated tests. To address the issue of correlated hypothesis tests,
various authors have proposed using a Bonferroni correction instead on the estimated ef-
fective number of independent tests [52, 99, 51, 32]; however, it has been shown that these
approaches do not always guarantee family-wise error rate control in genome-wide associ-
aiton studies [54, 55, 53]. Permutation- and simulation-based multiple testing correction
procedures [100, 101, 31, 28, 30, 33, 26] are often considered to be the gold standard for
genetic association studies, but can be very computationally intensive. Alternatives to these
procedures, based on the multivariate normal distribution, have been suggested to speed up

computation time [53, 102, 103].

A promising alternative to the above-mentioned approaches involves an analytic multiple
testing correction [31, 104, 58]. In particular, Siegmund and Yakir [58] derived the correlation
of admixture mapping test statistics and used that theoretical result to provide an analytic
approximation to the appropriate significance threshold for admixture mapping studies in
admixed populations with two ancestral populations and equal admixture proportions across
individuals. However, many admixed populations have more than two ancestral populations
(e.g., Hispanics/Latinos) and/or unequal admixture proportions across individuals in the
population [47, 105, 89, 106, 107], the latter being a consequence of population structure
48].

In this chapter, we develop a theoretical framework that applies to admixed popula-
tions with any number of ancestral populations or distribution of admixture proportions,
and then use that theoretical framework to develop multiple testing correction procedures
for admixture mapping studies in admixed populations with population structure. We ap-
ply our proposed procedures to genotype data for individuals of African American and His-
panic/Latina ancestry from the Women’s Health Initiative SNP Health Association Resource
(WHI SHARe). Finally, we perform a simulation study using these WHI SHARe genotype
data and simulated traits to validate our theoretical work and evaluate the performance of

our approach relative to other commonly used multiple testing correction procedures.
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3.2 DMethods

3.2.1 Admixture Mapping Model

Following previous studies [14, 26, 24], we use marginal regression to perform admixture map-
ping in samples with unrelated individuals, regressing the trait of interest on inferred local
ancestry at each observed locus across the genome. At each locus, we quantify local ancestry
as the number of alleles (0, 1, or 2) inherited from each ancestral population at that locus. In
an admixed population with K ancestral populations, we characterize the local ancestry for
admixed individual ¢ at locus j via the vector a;; = (aijl . ain>T7 where Zszl Qijr, = 2
and the kth component of this vector, a;;r, denotes the number of alleles inherited by in-
dividual ¢ from ancestral population k at locus j. Similarly, we represent the admixture
proportions (global ancestry) for each individual via the vector m; = (7'(“ 7TZ-K>T,
where Zszl mir = 1 and the components of this vector represent the overall (genome-wide)
proportion of genetic material inherited by individual ¢ from each ancestral population. To

perform admixture mapping, we regress the trait of interest, y, on each component of the lo-

cal ancestry vector (k =1,..., K) at each locus (j = 1,...,m) using the marginal regression
model
Ey; | aije, ™3] = o + Bjraije + Y™k, (3.1)
T
where m, _x = <7r2-,1 ceom K_1> includes the first K — 1 components of the vector of

admixture proportions. We fit separate regression models for each ancestral group in order
to investigate which ancestral population(s) drive the association between the trait and local
ancestry at each locus, and we adjust for estimated admixture proportions in all models to
account for potential population structure [13, 24]. We test for association between the trait
and local ancestry using a Wald test, where the test statistic is the ratio of the estimated

regression coefficient for the local ancestry term and its standard error (ij = s%’fé’“ )>, with
ik

one test statistic per locus and ancestral component.
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3.2.2  Theoretical Framework: Joint Distribution of Admixture Mapping Test Statistics

Our goal is to derive a significance threshold that controls the family-wise error rate, or the
probability of making at least one type I error, for a genome-wide admixture mapping study.
In other words, we wish to find the genome-wide test statistic threshold Z* such that

Pr( max | Z| > Z* |ﬂjk:OVj,k) =a’,

1<j<m1<k<K

for some pre-specified level a* (e.g., 0.05). To derive this threshold, we must understand the
asymptotic joint distribution of our admixture mapping test statistics Zi1, ..., Znk.

The first step is to characterize the correlation of local ancestry vectors at pairs of loci
across the genome. For an admixed population with any number of ancestral populations,
generations since admixture, or distribution of admixture proportions across the population,
we can show that the correlation of local ancestry vectors (a;,a;) at two loci (j, ') depends
on the recombination fraction between the loci (), the number of generations since admixture

(9), and the population mean, variance, and covariance of the admixture proportions.

Lemma 1. Consider an admized population with K ancestral populations, g generations
since admizture, and global ancestry proportions distributed according to w ~ F, where F
has finite first and second moments. Then, the correlation of local ancestry vectors at two
loci j, 5" separated by recombination fraction 0 is given by:

(1-6)?+[1—(1—6) Dl ifk=¥

Ep(mg)—E% (m1)+ Ve (1))

Corr(ajg, ajy) =

QCOUF(Wk,ﬂk/)f(lfe)g[Covp(ﬂ'k,ﬂ'k/)+EF(Wk)EF(Wk./)] ka % k:/.
v/ [Er (k) — B3 (i) + Ve (k)| [Er ()~ B (mi )+ Vi ()

A proof of Lemma 1 is available in Appendix A.1.1. Note that if all individuals in the
population have the same admixture proportions (i.e., ; = 7 Vi) then the local ancestry
correlation simplifies to (1 — #)? when k = £/, as had been shown previously in the context

of admixed populations with two ancestral populations [58].
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Using Lemma 1, combined with the central limit theorem, it is straightforward to derive
an approximation to the asymptotic joint distribution of our collection of admixture map-
ping test statistics Z = (le e I K>T. For an admixed population with any number
of ancestral populations, generations since admixture, or distribution of admixture propor-
tions across the population, we can show that the asymptotic joint distribution of the test
statistics Z can be approximated by a mean zero Gaussian process with a convenient covari-

ance/correlation structure.

Theorem 1. Consider an admized population with K ancestral populations, g generations
since admixture, and global ancestry proportions distributed according to ™ ~ F', where F
has finite first and second moments. For loci j € {1,...,m} and ancestry components k €
{1, ..., K}, define test statistics Z;j, = @fél;k) based on Model (3.1). Then, under the universal
null hypothesis (B, = 0 Vj, k), the collection of test statistics Z = (Zyy - - ZmK)T has an

asymptotic multivariate normal distribution with mean 0 and covariance (and correlation)

given by

(1-— (9)9 if k=Fk
COU(ij, Zj’k’) =
. (1 . 9)9 Ep(mi) Ep(my,/) ifk# K

V Er () [1=Ep (m1)| Ep (7)) [1— Ep (73]

where 6 is the recombination fraction between loci 7, 7'

A proof of Theorem 1 is available in Appendix A.1.2. Note that the covariance of test
statistics simplifies conveniently when the admixed population has only two ancestral pop-
ulations (K = 2):

(1 —0)7 ~ exp(—0.01g0) if k=K
Cov(Zjk, Zyw) =

—(1—-60)9 = —exp(—0.01g0) if k # K/,
where 0 is the genetic distance in centimorgans (¢cM) between those loci. It follows that the
distribution of admixture mapping test statistics can then be approximated by an Ornstein-

Uhlenbeck process, as has been shown previously by Siegmund and Yakir in the context of
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admixed populations with two ancestral populations and constant admixture proportions
[58]. Our result in Theorem 1 generalizes the results from Siegmund and Yakir to admixed
populations with any number of ancestral populations or distribution of admixture propor-

tions.

3.2.83  Multiple Testing Correction Procedures

We propose two multiple testing correction procedures that use the asymptotic joint distri-
bution of admixture mapping test statistics provided by Theorem 1 to derive a genome-wide
significance threshold that will control the family-wise error rate in admixture mapping
studies. Both approaches are implemented in our R package STEAM (Significance Threshold
Estimation for Admixture Mapping).

Simulation-Based Approach

To estimate the appropriate genome-wide test statistic threshold for an admixture map-
ping study, we simulate test statistics from their asymptotic joint distribution (Theorem 1)
and choose the threshold that controls the empirical family-wise error rate at the desired
level. This approach differs from traditional simulation-based multiple testing approaches in
that we simulate test statistics directly, rather than simulating traits and re-calculating test
statistics at each locus for each simulation replicate. By simulating test statistics directly,
computation time for our multiple testing correction procedure is considerably reduced and,
importantly, is independent of sample size. We have developed a fast algorithm for simu-
lating admixture mapping test statistics from this distribution which takes advantage of its
convenient covariance structure (see Appendix A.2). As input, we only require the genetic
distances between consecutive loci, the estimated admixture proportions for individuals in
the sample, and an estimate of the number of generations since admixture (g). We suggest

that g be estimated using our non-linear least squares approach described in Section 3.2.4.
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Analytic Approzimation Approach

An alternative approach for deriving genome-wide significance thresholds in the special case
of admixed populations with two ancestral populations (K = 2) was developed previously.
Siegmund and Yakir [58] showed that, under some assumptions, the asymptotic joint distri-
bution of admixture mapping test statistics can be approximated by an Ornstein-Uhlenbeck
process, and then used that result to provide an analytic approximation to the family-wise

error rate:

Pr (ngxk | Zji| > z) ~ 1 —exp{—2C[1 — ®(2)] — 28Lz¢(2)v(2/20A)}, (3.2)
7.]7m7
where C' is the number of chromosomes analyzed, having total genetic length L c¢M; A is

the marker density; ® and ¢ are the cumulative distribution and density functions, respec-

tively, of the standard normal distribution; g = 0.01g; and the function v is an infinite

(2/y)[®(y/2)—0.5]
(y/2)2(y/2)+6(y/2)

proximation was initially proposed for admixture mapping studies in populations with equal

sum which can be approximated by v(y) ~ Although this analytic ap-
admixture proportions across individuals [58], our work (i.e., Theorem 1) shows that it is
also applicable to populations with heterogeneous admixture proportions, provided that the
admixture proportions are included as covariates in the regression analysis. As a result, we
can use this analytic approximation to find the admixture mapping test statistic threshold
that will control the family-wise error rate at the desired level (a*) in an admixed population
with two ancestral populations and any distribution of admixture proportions: we simply
find the value z that sets the right hand side of Equation 3.2 equal to o*. This involves an
optimization step that can be quickly solved using existing tools (e.g., uniroot in R [108]).
Simulation is not required for this approach, so the significance threshold can be derived in

a matter of seconds.

3.2.4  Estimating the Number of Generations since Admixture

Both the analytic approximation and simulation-based multiple testing correction approaches

rely on the number of generations since admixture. We can estimate the number of gener-
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ations since admixture (g) using the observed pattern of local ancestry correlation in our

sample. From Lemma 1 we know that g determines the rate of decay of this correlation:

a*+(1—a*)(1—-6)¢ when k=F,
Corr(ajy, aj) = (3.3)
26" — (b* 4+ ¢*)(1 —0)Y when k =F/,
where a*,b*, and ¢* are scalars that depend on Fp(w) and Covp(mw). We propose an ap-
proach, similar in spirit to that of Hellenthal et al. [81], that uses this result, combined
with non-linear least squares (NLS) estimation, to estimate the number of generations since
admixture that provides the best fit (i.e., minimizes the sum of squared residuals) to the
observed local ancestry correlation curves.

We consider two variations of this NLS approach. The unconstrained approach ignores the
known form of a*,b*, ¢* given by Lemma 1 and instead allows these scalars to be estimated
via NLS along with g. The constrained approach, on the other hand, utilizes the known
relationship between a*,b*,c¢* and the population mean and covariance of the admixture
proportions 7r. First, we estimate a*, b*, ¢* by replacing Er(7), Covp(r) with their sample

A 2}7(7?1@) A )
E(fy)—E2(f)+V (7%) 7

equivalents (e.g., a* = Then, we constrain the values of a*,b*, and ¢*
in Equation (A.2) to be equal to these estimates, and use NLS to find the value of g that

provides the best fit to the equations

_ a4+ (1—a*)(1—6)¢ when k=F,
Corr(a, ajr) =
20" — (b*+¢)(1—0)9 when k =k,
where now ¢ is the only unknown parameter. More details are available in Appendix A.3.
Both constrained and unconstrained non-linear least squares approaches are implemented

in our R package STEAM, along with our multiple testing correction procedures. We compare

the constrained and unconstrained approaches in Section 3.3.2

3.2.5  Analysis of WHI SHARe Data

We applied our multiple testing correction procedures to two cohorts of admixed individuals

with African American and Hispanic/Latina ancestry from the Women’s Health Initiative
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SNP Health Association Resource (WHI SHARe), and also used these data to perform
simulation studies comparing the performance of our proposed multiple testing correction

procedures to competing approaches.

The Data

The WHI is a long-term health study of postmenopausal women in the United States. A
total of 161,808 postmenopausal women aged 50-79 years old were recruited, including 12,151
self-identified African Americans (AA) and 5,469 self-identified Hispanic Americans (HA)
who had consented to genetic research. Study design details and cohort characteristics are
described elsewhere [109]. A subsample of these women were selected for genotyping, using
the Affymetrix Genome-Wide Human SNP Array 6.0 that contains 906,000 single nucleotide
polymorphisms (SNPs) and more than 946,000 probes for the detection of copy number
variants. In these analyses, we focus only on the SNPs. The genotype data were processed for
quality control, including call rate, concordance rates for blinded and unblinded duplicates,
and sex discrepancy, leaving 871,309 unflagged SNPs with a genotyping rate of 99.8% and
12,008 (8,421 AA and 3,587 HA) women used in the current analysis [29].

Local Ancestry Inference

To implement and evaluate our proposed multiple testing correction procedures in the WHI
SHARe data, we first needed to infer local ancestry. This process involved multiple steps.
First, we formed reference panels for local ancestry inference using individuals of European,
African, and Native American descent from the International HapMap Project (HapMap)
[110] and the Human Genome Diversity Project (HGDP) [111]. In particular, the refer-
ence panels for both the AA and HA cohorts included 165 individuals of European descent
(HapMap CEU, Utah residents with Northern and Western European ancestry) and 203 in-
dividuals of African descent (HapMap YRI, Yoruba in Nigeria), and the HA reference panel
additionally included 63 individuals of Native American descent from HGDP. We identified
a set of 551,025 and 536,374 SNPs common to the reference panels and the WHI AA and
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HA samples, respectively. Second, we used an iterative procedure suggested by Conomos
et al. [112] to identify sets of 8,064 and 3,425 mutually unrelated AA and HA individuals,
respectively. To classify unrelated individuals, we used a kinship threshold of 0.044; this
threshold corresponds to excluding first, second, and third degree relatives [112]. Third, we
performed phasing and imputation of sporadic missing genotypes using Beagle version 3 [41].
Genetic distances were estimated using the publicly available HapMap genetic map [113].
After these pre-processing steps, we performed local ancestry inference using RFMix [10] to
estimate the number of alleles inherited from each ancestral population at each locus across

the genome.

Application of Multiple Testing Correction Procedures

We implemented the analytic approximation approach in the AA cohort and our test statistic
simulation-based approach (with 10,000 replications) in both the AA and HA cohorts. Both
approaches require the number of generations since admixture, which we estimated from the
observed pattern of local ancestry correlation in these samples using our non-linear least
squares approach described above. Our simulation-based approach additionally requires ad-
mixture proportions, which we estimated for each individual using the genome-wide average

inferred local ancestry.

Simulation Study Using WHI SHARe Genotypes

To evaluate the performance of our proposed methods, we simulated 10,000 sets of traits
for each individual according to the model y; ~;q N(0,1). We used PLINK v1.9 [114] to
perform admixture mapping in each cohort, adjusting for estimated admixture proportions
(Model 3.1). We calculated the observed correlation of these test statistics across simulation
replicates to compare to our theoretical result (Theorem 1) and evaluated the empirical
family-wise error rate of our multiple testing correction methods across the 10,000 simulation

replicates.
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We compared our approaches to three competing methods: the trait simulation approach
with 10,000 replicates and a Bonferroni correction based on either the total number of hy-
pothesis tests (the number of loci multiplied by the number of tests performed per locus:
naa = 551,025, nga = 1,609, 122) or the number of unique hypothesis tests performed (the
number of local ancestry blocks multiplied by the number of tests performed at each block:
naa = 14,795, nya = 44,145). Note that the Bonferroni correction based on local ancestry
blocks may not always be relevant, depending on the choice of software used for local an-
cestry inference. Some programs, including RFMix, perform local ancestry inference within
small windows (the default window length for RFMix is 0.2 ¢cM) and produce identical local
ancestry calls for every locus within the windows. As a result, all admixture mapping test
statistics will be identical within each window and we can reduce the number of hypothesis
tests performed by simply testing one locus per window.

For the two simulation-based multiple testing correction approaches (our test statistic
simulation approach and the trait simulation approach), we also calculated a 95% bootstrap
confidence interval for the genome-wide significance threshold. Specifically, we bootstrapped
the vector of the largest (in absolute value) test statistics from each of the 10,000 simulation
replicates and used the percentiles of the bootstrapped test statistics to generate a 95%

confidence interval.

3.3 Results

3.3.1 Population Structure and Validation of Theoretical Results in WHI SHARe

The WHI SHARe African American (AA) and Hispanic American (HA) cohorts exhibit
considerable heterogeneity in estimated admixture proportions (Figure 3.1), indicating that
the theoretical work of previous authors [58] would not be applicable to these samples, even
in the case of the AA cohort with just two ancestral populations. However, we do observe
that the patterns of local ancestry and test statistic correlation in the WHI SHARe samples

are consistent with our new theoretical results (Figure 3.2).
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Figure 3.1: Estimated admixture proportions in WHI SHARe.

(A) Estimated proportions of genetic material inherited from African (AFR) and European (EUR)
ancestral populations for the African American samples.

(B) Estimated proportions of Native American (NAM), African (AFR), and European (EUR)
ancestry for the Hispanic American samples.
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Figure 3.2: Correlation of local ancestry and test statistics in WHI SHARe.

(A) Comparison of the observed and expected (theoretical) correlation of the European component
of local ancestry vectors in the Hispanic American cohort, averaging across pairs of markers falling
into bins defined by their distance apart. The expected correlation comes from Lemma 1, with
g =9.6.

(B) Comparison of the observed and expected (theoretical) correlation of admixture mapping test
statistics in the African American cohort, with expected correlation corresponding to Theorem 1,
using g = 5.9.
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3.3.2  Estimating the Generations since Admizture

Based on the observed patterns of local ancestry correlation in these data, our unconstrained
non-linear least squares (NLS) regression approach yields estimates of 5.9 and 9.6 genera-
tions since admixture for the African American and Hispanic American cohorts, respectively.
These estimates are consistent with previously published studies [48, 23, 115, 116, 9]. Us-
ing these estimated admixture times, we see a nice correspondence between the observed
local ancestry and test statistic correlation and the expected correlation based on Lemma
1 and Theorem 1 (Figure 3.2). The constrained NLS approach yields similar estimates of
the number of generations since admixture (gaa = 6.2, gua = 9.2). We see slightly better
correspondence between the observed and fitted local ancestry correlation curves using the
unconstrained approach (see Appendix A.3), and this approach provides the additional ad-
vantage of not depending on the estimated admixture proportions, so we used the estimates

g from the unconstrained approach for our multiple testing correction.

3.8.8  Comparison of Multiple Testing Correction Procedures in WHI SHARe

In the African American cohort, our multiple testing correction procedures yield genome-
wide p-value thresholds of 2.1 x 107 and 2.0 x 107° for the test statistic simulation and
analytic approximation approaches, respectively. Both thresholds are consistent with the
threshold given by the trait simulation approach (see Table 3.1), and are orders of magni-
tude less stringent than the Bonferroni thresholds. The empirical family-wise error rate for
each approach from a simulation study using simulated traits is reported in Table 3.2. By
design, the trait simulation approach controls the empirical family-wise error rate exactly
at the nominal level 0.05. Our proposed test statistic simulation and analytic approxima-
tion procedures also control family-wise error rate at the nominal level, while the Bonferroni
corrections, as expected, are conservative.

The derived significance thresholds for the Hispanic American cohort are more stringent

than those in the African American cohort. Our test statistic simulation procedure yields a
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p-value threshold of 4.5 x 1079, which is again consistent with the trait simulation threshold
(Table 3.1) and controls the empirical family-wise error rate at the nominal level (Table 3.2).
As in the African American cohort, the Bonferroni correction based on the total number of
loci tested yields a significance threshold that is orders of magnitude too conservative, and
the Bonferroni correction based on unique ancestry blocks is somewhat less stringent, but
still conservative.

The difference between the estimated genome-wide p-value thresholds for the African
American and Hispanic American cohorts reflect the differences between the two cohorts in
terms of the number of ancestral populations (K = 2 vs K = 3), number of generations since
admixture (§ = 5.9 vs § = 9.6), and distribution of admixture proportions. The difference in
significance thresholds appears to be primarily driven by the different number of ancestral
populations being considered in the two populations, since we consistently estimate a p-value
threshold that is one order of magnitude more stringent in the Hispanic American cohort
even if we use the same value of g for both groups. That said, the number of generations
since admixture and variability of admixture proportions in the population do also impact

the estimated significance threshold.

3.8.4  Computation Time

Computation time differs considerably across the five approaches. The Bonferroni correction
can be used to compute the significance threshold nearly instantaneously. The analytic
approximation approach is also very quick, taking under half a second on a 12-core 2.4 GHz
computer with Intel Xeon E5-2630Lv2 processors and 128 GB of memory. The slowest is
the trait simulation approach: for our WHI SHARe analyses, each replicate (which involved
running a genome-wide admixture mapping study) took approximately five minutes on the
same computer, for a total of more than 800 hours of computation time to run all 10,000
replicates. In comparison, our test statistic simulation approach took only a fraction of a
second per replicate, amounting to less than ten minutes to run all 10,000 replicates in the

African American and Hispanic American cohorts.
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Table 3.1: Comparison of p-value thresholds from five multiple testing correction procedures
in WHI SHARe African American (AA) and Hispanic American (HA) samples.

For simulation-based approaches, we also provide a 95% bootstrap confidence interval. Both
simulation-based approaches used 10,000 replications. The nominal genome-wide type I error rate
(a*) is 0.05. From left to right, the five procedures being compared are a Bonferroni correction
based on the total number of loci (No. Loci), Bonferroni based on the number of unique ancestry
blocks (No. Blocks), the trait simulation approach (Traits), our test statistic simulation approach
(Test Stats), and our analytic approximation approach (Analytic Approx.).

Bonferroni Simulation
No. Loci  No. Blocks Traits Test Stats Analytic Approx.
AA 9.1 x107% 34x107°6 2.1 x 1075 2.1 x 1073 2.0 x 1075
(1.9,2.3) x 1075 (1.9,2.2) x 107
HA |31x10°% 11x10%  4.3x10°¢ 4.5 x 1076 n/a
(4.0,4.6) x 107%  (3.9,4.9) x 107°

Table 3.2: Empirical family-wise error rate of five multiple testing correction procedures in
simulation studies using WHI SHARe African American (AA) and Hispanic American (HA)
genotype data.

Empirical family-wise error rate was calculated across 10,000 replications of a simulated null trait.
The nominal genome-wide type I error rate (a*) is 0.05. From left to right, the five procedures being
compared are a Bonferroni correction based on the total number of loci (No. Loci), Bonferroni based
on the number of unique ancestry blocks (No. Blocks), the trait simulation approach (Traits), our
test statistic simulation approach (Test Stats), and our analytic approximation approach (Analytic
Approz.).

Bonferroni Simulation
No. Loci No. Blocks Traits Test Stats Analytic Approx.

AA | 5 x 1074 0.010 0.050 0.050 0.048
HA | 8 x 1074 0.014 0.050 0.052 n/a
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3.4 Discussion

We have developed a theoretical framework to characterize the correlation of local ancestry
vectors and admixture mapping test statistics in admixed populations with any number of
ancestral populations and distribution of admixture proportions. Our application to data
from the Women’s Health Initiative SNP Health Association Resource highlights the im-
portance of this extension, as both the African American and Hispanic American samples
display considerable heterogeneity in admixture proportions (Figure 3.1). Based on these
new theoretical results, we show that an existing analytic approximation [58] can be used to
derive significance thresholds for admixture mapping studies in admixed populations with
two ancestral populations, even in the presence of population structure, as long as the ad-
mixture mapping model adjusts for admixture proportions. For admixed populations with
any number of ancestral populations, we propose an approach that simulates test statistics
directly from their asymptotic joint distribution, saving considerable computation time rela-
tive to the trait simulation approach, while still yielding an appropriate significance threshold

that controls the family-wise error rate.

Our multiple testing correction procedures are based on theoretical work that explicitly
models the correlation of admixture mapping test statistics, so are not conservative like the
commonly used Bonferroni correction; this will translate to gains in power in genome-wide
admixture mapping studies. Compared to the trait simulation approach, our correction
procedures yield comparably appropriate significance thresholds but are far less computa-
tionally intensive, and we provide an R package for easy implementation. Furthermore, by
simulating test statistics directly from their asymptotic distribution, the computation time
of our simulation-based multiple testing approach does not increase with sample size, which
will prove useful as future studies are able to recruit larger and larger numbers of individu-
als. We believe that our approaches provide an attractive alternative for researchers looking
to control for multiple testing in genome-wide admixture mapping studies, particularly in

admixed populations with population structure.
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In this chapter, our theoretical work and data analyses have focused on genome-wide
admixture mapping studies with quantitative traits and unrelated individuals. However,
preliminary analyses indicate that our theoretical work extends easily to binary traits (see
Appendix A.4). In the case of quantitative traits that are heavily skewed (or otherwise depart
considerably from normality) larger sample sizes may be needed for asymptotic normality
of the test statistics to be achieved; to address this problem, transformations such as rank-
normalization [117, 118] could be considered. The presence of relatedness, accounted for by
use of a mixed model [62], should not change the marginal distribution of admixture mapping
test statistics, but would likely change their correlation structure. We expect that this will
not have a large impact on the appropriate significance threshold, but further investigation
is needed to confirm this hypothesis. The application of our approach to data with complex

relatedness and population structure is considered in Chapter 5.

Our multiple testing correction procedures require estimates of the admixture proportions
for each admixed individual, the number of generations since admixture, and the genetic dis-
tance between consecutive loci. To assess sensitivity to the choice of genetic map used to pro-
duce these pairwise genetic distances, we implemented STEAM in the WHI African American
cohort using both the HapMap genetic map and an African American-specific genetic map
[78]. Although these maps are quite different in some regions of the genome, we found that
they still produce similar estimates of the number of generations since admixture (HapMap:
5.9, African American map: 5.7) and the genome-wide p-value threshold (HapMap: 2.1x107°
(95% CI: 1.9 x 107°,2.2 x 107°); African American map: 2.0 x 107°, (1.8 x 107°,2.3 x 107?)).
Our estimates of the number of generations since admixture (g) may be sensitive to assor-
tative mating or departures from the assumption of a single instantaneous admixture event.
Assortative mating can lead to increased variability in admixture proportions across a popu-
lation [48, 119], which our approach accounts for by allowing these proportions to vary, and
may additionally change the pattern of local ancestry correlation in the sample [119], which
will impact our estimate of the number of generations since admixture. However, in applica-

tion to real admixed populations (e.g., WHI SHARe) where departures from the assumption
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of a single instantaneous admixture event and/or random mating (e.g., due to geographic
constraints) are likely, we find that our approach still works well. In estimating the param-
eter g from observed data using our proposed method, we are able to appropriately capture
the correlation structure of admixture mapping test statistics in the sample, which is what
is important for estimating an appropriate genome-wide significance threshold. Extending
our theoretical work to explicitly model assortative mating, multiple admixture times, or
continuous admixture is an interesting area for future work.

The p-value threshold 5 x 10~® has become quite widely adopted as a control for multiple
testing in genome-wide association studies [33, 120, 121, 34], but there is no such “estab-
lished” threshold for admixture mapping studies. Even in the specific context of the WHI
SHARe genotype data, at least four different genome-wide p-value thresholds have been used
in published admixture mapping analyses in the African American cohort (including 7x 107¢
29, 56], 1 x 107° [57], 1.5 x 107° [122], and 1.82 x 107° [100]), demonstrating the lack of
consensus up to this point—even across analyses of the same dataset—on how best to de-
rive significance thresholds for genome-wide admixture mapping studies. In practice, many
admixture mapping studies cite the work of other studies (e.g., Tang et al. [31]) as the basis
for their chosen significance threshold. However, our theoretical work and analysis of the
African American and Hispanic American WHI SHARe cohorts demonstrate that admixture
mapping significance thresholds are not necessarily transferable across studies. In particular,
the appropriate significance threshold depends on the number of ancestral populations, gen-
erations since admixture (to which it is particularly sensitive), population structure (through
the distribution of admixture proportions), and density of markers tested, all of which of-
ten differ from one study to another. We encourage investigators to take this important
point into consideration when choosing a significance threshold for their own genome-wide

admixture mapping study.
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Chapter 4

CONTROLLING FOR ANCESTRAL HETEROGENEITY IN
GENETIC ASSOCIATION STUDIES IN ADMIXED
POPULATIONS

4.1 Introduction

Admixed populations have historically been vastly underrepresented in genetic studies [1,
4, 2,123, 3, 124]. Although this underrepresentation has many causes, some authors have
cited the statistical challenges posed by ancestrally heterogeneous populations as a possible
contributing factor [1, 4, 2]. Heterogeneous ancestry is an example of population structure,
which is known to pose challenges for genetic association studies. Population structure arises
as a consequence of non-random mating—due to factors such as geographical separation or
assortative mating based on physical traits (e.g., height), social factors (e.g., educational
attainment), or ancestry [119, 125, 126]—and leads to increased variability of global ancestry
within populations [119]. In this chapter, we consider the impact of variable global ancestry,

or ancestral heterogeneity, on genetic association studies in admixed populations.

Considerable variability of inferred global ancestry—the genome-wide proportion of ge-
netic material inherited from each ancestral population—has been observed in many studies
of African American and Hispanic/Latino populations [106, 105, 47, 107, 89]. This ances-
tral heterogeneity must be addressed when performing genetic association studies in those
populations. It has been widely documented that heterogeneous global ancestry can lead to
spurious associations in genome-wide association studies (GWAS) [36, 37, 127, 128]. It is
generally understood that these spurious associations arise due to the fact that global ances-
try can confound the association between genotypes and a phenotype of interest, particularly

when genetic variants are more frequent in some ancestral populations than in others and
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Figure 4.1: Global ancestry is a potential confounder in GWAS.

global ancestry has a direct effect on the trait through, for example, environmental differ-
ences across ancestral groups (Figure 4.1). This issue has not been studied as extensively
in the context of admixture mapping, although some authors have suggested that ancestral
heterogeneity can also induce spurious associations in admixture mapping studies [13, 24].

A number of methods for detecting and controlling for ancestral heterogeneity in genetic
association studies have been proposed. Early approaches included restricting analyses to
subsets of ancestrally homogeneous individuals [61], performing a genome-wide correction
for test statistic inflation due to ancestral heterogeneity via genomic control [36], and using
family-based study designs [60]. More recently, approaches based on mixed models have been
proposed (e.g., [62, 63, 64]). These mixed model approaches use random effects to control
for both close (e.g., due to family-based sampling) and distant (e.g., due to shared ancestry)
relatedness across individuals. However, when studies do not include closely related individ-
uals, a simpler approach is to include inferred global ancestry as a fixed effect in marginal
regression models [65, 37, 24]. This fixed effects adjustment for global ancestry is currently
used extensively throughout the literature, with global ancestry inferred using either model-
based ancestry inference methods (e.g., ADMIXTURE [7]) or unsupervised dimension reduction
techniques (e.g, principal component analysis (PCA) [37]).

Model-based approaches for global ancestry inference model the probability of observed

genotypes given unobserved ancestry and allele frequencies in each ancestral population
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(84, 6, 7, 8]. Most often, these approaches are used to estimate admizture proportions 7; =
<7%i1 ST K) ! for individualsz = 1,...,n, where 7;;, is the estimated proportion of genetic
material inherited by individual ¢ from ancestral population k. Once estimated, 7 can then
easily be included as a covariate in GWAS or admixture mapping models to adjust for
ancestral heterogeneity. One of the challenges of using these model-based approaches to
infer global ancestry is that the number of ancestral populations, K, usually needs to be
pre-specified. In addition, some of these model-based approaches are supervised, requiring
reference panel data from each ancestral population of interest to estimate allele frequencies.
Furthermore, ancestry inference is typically conducted at a continental level (e.g., African
versus European, rather than South European versus North European), so finer levels of
population structure could be missed; recent efforts have consider global ancestry inference

on a sub-continental scale [8, 82].

Principal component analysis (PCA), on the other hand, is a widely-implemented unsu-
pervised approach for inferring global ancestry that does not require reference panel data or
pre-specification of the number of ancestral populations of interest and is capable of captur-
ing sub-continental structure (e.g., [66]). To infer global ancestry using PCA, we perform
an eigenvalue decomposition of the genetic relationship matrix (GRM) U= %SST, where
S is the n x m matrix of standardized genotypes for n individuals at m single nucleotide
variants (SNVs). The top eigenvectors, or principal components (PCs), of ¥ tend to reflect
global ancestry [40, 39], so adjusting for PCs can be an effective approach for controlling for
ancestral heterogeneity in genetic association studies [37]. In practice, however, determin-
ing the number of PCs needed to capture global ancestry can be difficult. Furthermore, it
has been shown that PCs can sometimes capture features other than global ancestry, such
as relatedness across samples [67, 40], data quality issues [37, 68], and/or small regions of
the genome with unusual patterns of linkage disequilibrium (LD) [69, 70]. To address this
last issue, some authors have suggested running PCA on a reduced subset of SNVs, after
first removing regions of the genome that are known to have high or long-range LD [70]

and/or performing LD pruning [129, 130]; however, these suggestions are not universally
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implemented, and the downstream implications of adjusting for PCs that capture features
other than global ancestry are not fully understood.

In this chapter, we investigate the impact of ancestral heterogeneity on genome-wide
association and admixture mapping studies in admixed populations. Through both sim-
ulation studies and analytic results, we provide new insight into when genetic association
studies must adjust for global ancestry. In addition, we compare two approaches for adjust-
ing for global ancestry, using model-based estimates of admixture proportions or principal
components, and show that using PCs can induce spurious associations in both GWAS and
admixture mapping studies. To conclude, we provide suggestions regarding best practices for
appropriately controlling for ancestral heterogeneity in genetic association studies in admixed

populations.

4.2 DMethods

4.2.1 Regression models for genetic association studies

To perform genetic association studies in samples of unrelated admixed individuals, we use
marginal regression models. In genome-wide association studies (GWAS), we regress the
trait of interest on the genotypes at each observed locus across the genome. For admixture
mapping studies, we instead regress the trait on inferred local ancestry.

At a given locus j, we quantify genotype g¢;; as the number of copies (0, 1, or 2) of
some pre-specified allele (e.g., the minor allele) carried by individual ¢ at that locus. Local
ancestry is quantified by the vector a;; = (am o ain>T, where Zszl a;j; = 2 and the
kth component of this vector, a;j;, denotes the number of alleles (0, 1, or 2) inherited by
individual ¢ from ancestral population k at locus j. Considering a quantitative trait y;, we

can then represent GWAS and admixture mapping regression models via the general form
Ely; | zij, wi] = Bo + Bjxij + By, Wi

If we are conducting a GWAS, then z;; = g;;; for admixture mapping studies, z;; = a;jx, for

some ancestral population of interest k. In both cases, w; is a vector of additional covariates
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(e.g., precision variables, potential confounders) that we want to include in the model. We
fit these models at every locus j = 1,...,m across the genome and test for an association

between the trait and genotype or local ancestry by testing the null hypothesis Hy : 8; = 0.

4.2.2  Adjusting for ancestral heterogeneity in genetic association studies

We compare two methods for adjusting for ancestral heterogeneity in genetic association
studies. The first approach uses model-based ancestry inference techniques to estimate ad-
mixture proportions 7r;. This could involve estimating admixture proportions directly using
a program such as ADMIXTURE [7], or by calculating the genome-wide average local ances-
try (ie., g = = > i1 @ijr), where local ancestry was first inferred using a program such
as RFMix [10]. To adjust for ancestral heterogeneity, we include these estimated admixture

proportions as covariates in our GWAS and admixture mapping regression models:

Ely; | mij, ;) = Bo + Bjxij + BreaTin + -« Brk—17i k-1 (4.1)

The second approach runs PCA on sample genotypes to generate the principal components
V= (Vl . -Vn>' We choose some number of principal components, P, needed to capture
global ancestry (1 < P < n). A number of techniques have been proposed for selecting
P, including formal significance tests based on Tracy-Widom theory [40, 37], examining the
proportion of variance explained by each PC [131], comparing PCs to self-reported ancestry
[89], and/or keeping PCs that are significantly associated with the trait [29, 132]. Once P is
selected, we adjust for ancestral heterogeneity by including the top P principal components

as covariates in our GWAS and admixture mapping regression models:
Elyi | @i, vi1, ..., vip] = Bo + Bjwig + Buiva + ... Bupvip. (4.2)

We will also compare these approaches to models that do not make any adjustment for

ancestral heterogeneity:

Ely; | 5] = Bo + Bjws. (4.3)
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4.2.3  Genome-wide simulation study using WHI SHARe African American genotype data

We compared the performance of Models (4.1), (4.2), and (4.3) using genotype data and
simulated traits for 8,064 unrelated African American individuals from the Women’s Health

Initiative SNP Health Association Resource (WHI SHARe).

The Women’s Health Initiative genotype data

The WHI is a long-term health study of postmenopausal women in the United States. A total
of 161,808 postmenopausal women aged 50-79 years old were recruited, including 12,151 self-
identified African Americans who had consented to genetic research. Study design details
and cohort characteristics are described elsewhere [109]. A subsample of these women were
selected for genotyping, using the Affymetrix Genome-Wide Human SNP Array 6.0 that
contains 906,000 single nucleotide polymorphisms (SNPs) and more than 946,000 probes for

the detection of copy number variants. In these analyses, we focus only on the SNPs.

Quality control and local ancestry inference

The genotype data were processed for quality control, including call rate, concordance rates
for blinded and unblinded duplicates, and sex discrepancy, leaving 871,309 unflagged SNPs
with a genotyping rate of 99.8% and 8,421 African American women [29]. We used an
iterative procedure suggested by Conomos et al. [112] to identify a subset of 8,064 mutually
unrelated individuals, using a kinship threshold of 0.044 (i.e., excluding first, second, and
third degree relatives [112]).

For local ancestry inference, we formed a reference panel using genotype data from the
International HapMap Project (HapMap) [110]. In particular, the reference panel included
165 individuals of European descent (HapMap CEU, Utah residents with Northern and
Western European ancestry) and 203 individuals of African descent (HapMap YRI, Yoruba
in Nigeria). A total of 551,025 SNPs were present in both the reference panel and admixed

genotype data. We performed phasing and imputation of sporadic missing genotypes using
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Beagle version 3 [41] and estimated genetic positions for each SNP using the publicly available
HapMap genetic map [113]. After these pre-processing steps, we performed local ancestry
inference using RFMix [10] to estimate the number of alleles inherited from each ancestral

population at each locus across the genome.

Global ancestry inference

To estimate admixture proportions 7r; for each WHI individual, we calculated the genome-
wide average local ancestry using local ancestry calls from RFMix. We also ran supervised and
unsupervised ADMIXTURE analyses with two ancestral populations (K = 2). We found that the
estimated admixture proportions from ADMIXTURE were highly correlated with those based on
average local ancestry (Pearson correlation = 0.9984 for both supervised and unsupervised
analyses), so we decided to use only the local ancestry based admixture proportion estimates

for the remainder of our analyses.

We ran PCA on the WHI SHARe genotype data using SNPRelate [133]. First, we applied
PCA to the set of all 551,025 SNPs with available genotypes. We refer to these PCs as the
naively generated PCs. We also applied PCA to subsets of SNPs based on the following
filtering criteria: excluding SNPs falling into regions of the genome that have been cited in
the literature as being potentially problematic for PCA (Table 4.1), LD pruning with an 72
threshold of 0.1 and window size of 0.5 mega basepairs (Mb), or both Table 4.1 exclusions
and LD pruning. After these filtering steps, a total of 536,668 (exclusions only), 49,723
(pruning only), and 48,794 (both exclusions and pruning) SNPs remained.

The regions in Table 4.1 have all been shown to have extended, high LD. Long-range LD
can arise as a consequence of selection, as well as other factors such as inversions [70]. It has
been previously demonstrated that PCA is sensitive to LD [136, 69, 70], so it is fairly common
that researchers will exclude some subset of this list of high LD regions prior to running PCA

[70, 129, 134, 89, 135]. However, these exclusions are not universally implemented.



Table 4.1: Regions of the genome with unusual patterns of linkage disequilibrium (LD).

54

This list of regions was generated on the basis of an extensive literature review conducted in June
2017. Start and end physical (base pair) positions are provided with respect to genome build 36.

Chr Start (bp) End (bp) References

1 48000000 52060567 [129, 70]

2 85941853 100500000 [129, 70]

2 134382738 138000000 [70, 134, 89]
2 182882739 190000000 [129, 70]

3 47500000 50000000 [129, 70]

3 83500000 87000000 [129, 70]

3 89000000 97500000 [70]

) 44000000 51500000 [129, 70, 135]
) 98000000 100500000 [70]

5 129000000 132000000 [129, 70]

5 135500000 138500000 [70 ]

6 24999925 33500000 [129, 70, 135, 134, 89]
6 57000000 64000000 [129, 70]

6 140000000 142500000 [129, 70]

7 55000000 66193285 [129, 70|

8 8000000 12000000 [129, 70, 135, 134, 89]
8 43000000 50000000 [129, 70]

8 112000000 115000000 [129, 70]

10 37000000 43000000 [129, 70]

11 45000000 57000000 [70, 135]

11 87500000 90500000 [129, 70]

12 33000000 40000000 [129, 70]

12 109500000 112021663 [70]

17 40000000 43000000 [89]

20 32000000 34500000 [129, 70]
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Sitmulating quantitative traits

Traits for unrelated individuals ¢ = 1, ..., 8064 were simulated such that they depended only

on genotype g;; at a single causal SNP with effect size §;:
iid
Yi = Bigij + €, € ~ N(0,1).

We considered 7 choices of effect sizes (8; = 0,0.25,0.5,1,2,4,8) and 473 choices for the
position j of the causal SNP, varying the position of this causal SNP across all 22 chromo-
somes. To choose causal SNPs, we calculated the difference in observed allele frequencies
for each SNP in HapMap CEU and YRI, as well as the SNP loadings—the contribution of
a SNP to each PC [136]—for the first four naively generated PCs. Based on these calcula-
tions, we selected 473 SNPs with positions spread across the genome, high or low influence
on the naively generated PCs, and large or small ancestral allele frequency differences. We
first identified the 10 SNPs on each chromosome with the highest absolute SNP loadings
for each of the top four PCs. In total, 373 unique SNPs were selected according to this
procedure. For comparison, we also selected 100 SNPs across the autosomes with low SNP
loadings (|loading| < 0.0008) for all of the first four PCs, with 85 of these SNPs selected such
that they had different allele frequencies in the African and European ancestral populations
(Ipcev — Pyrr| > 0.6), and 15 SNPs with similar allele frequencies in the two ancestral

populations (|ﬁCEU - ﬁy}g[’ < 0005)

FEvaluating ancestral heterogeneity adjustment approaches

For each simulated trait, we ran GWAS and admixture mapping studies using Models (4.1)—
(4.3). For the principal component adjustment approach (Model 4.2), we considered four sets
of PCs based on different filtering criteria (none, exclusions only, pruning only, exclusions
and pruning) and two choices for the number of PCs included in the model: P =1 or P = 4.

To evaluate these ancestral heterogeneity adjustment approaches, we compared the num-
ber of spurious associations that appeared when we used each model. We quantified spurious

associations by counting the number of chromosomes, not including the chromosome on which
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the causal SNP was located, with at least one p-value below the genome-wide significance
threshold. For GWAS, the p-value threshold was set equal to the 5.0 x 10~® threshold that
is used extensively throughout the GWAS literature [33, 34]. For admixture mapping, we
used a p-value threshold of 2.0 x 107°, which was estimated using our program STEAM [59]
(see also: Chapter 3).

4.2.4  Software

All methods described above were implemented using freely available software: Beagle (phas-
ing and imputation) [41], RFMix (local ancestry inference) [10], ADMIXTURE (global ancestry
inference) [7], SNPRelate (LD pruning and PCA) [133], PLINK (GWAS and admixture map-

ping) [114], and STEAM (estimating admixture mapping significance thresholds) [59].

4.3 Results

4.3.1 Genetic association studies must adjust for global ancestry

Failing to adjust for ancestral heterogeneity can cause spurious associations in genetic asso-
ciation studies, even if global ancestry does not have a direct effect on the trait. In the WHI
SHARe data, we simulated a trait depending only on genotype at the SNP rs2056153 on
chromosome 4 and conducted GWAS and admixture mapping studies using this simulated
trait. Manhattan plots from these analyses are provided in Figures 4.2 and 4.3. Since only
rs2036153 is truly associated with the trait, we would like to see a single peak in the Man-
hattan plots on chromosome 4. However, if we use a GWAS or admixture mapping model
that does not adjust for global ancestry, we observe statistically significant associations on
every chromosome (Figures 4.2A, 4.3A). In stark contrast, models that adjust for estimated
admixture proportions show a single genome-wide significant signal on chromosome 4, as
desired (Figures 4.2D, 4.3D). This pattern of results is not unique to this simulation set-
ting: when we repeat this analysis, moving the location of the causal SNP, we see that the

unadjusted GWAS and admixture mapping models have severely inflated rates of spurious
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Figure 4.2: Manhattan plots from GWAS in WHI SHARe African Americans using six
different approaches to adjust for ancestral heterogeneity.

GWAS in a sample of 8,064 unrelated African Americans, analyzing a simulated trait that depends
only on genotype at a single SNP on chromosome 4: y; ~ N(gi rs2036153, 1). Panels present results
based on different adjustment approaches: (A) = no adjustment, (B) = one PC, with PCs cal-
culated using all SNPs, (C) = four PCs, with PCs calculated using all SNPs, (D) = estimated
admixture proportions, (E) = one PC, with PCs calculated after LD pruning (r? = 0.1, window
= 0.5 Mb) and Table 4.1 exclusions, and (E) = four PCs, with PCs calculated after LD pruning
(r? = 0.1, window = 0.5 Mb) and Table 4.1 exclusions.

associations relative to models that adjust for global ancestry, except when the causal SNP
has the same allele frequency in the two ancestral populations (Figure 4.4).

To better understand these patterns, we derived the expected effect size estimates from
GWAS and admixture mapping models in admixed populations with two ancestral pop-
ulations and potentially heterogeneous admixture proportions. We assume that the trait
depends on genotypes only at a single causal SNP, as in our WHI simulations, and we
compare the behavior of different models at this causal SNP, as well as a SNP on another
chromosome that is not associated with the trait. At the causal locus (SNP 1) and the un-

linked neutral locus (SNP 2), the expected effect size estimates from GWAS and admixture
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Figure 4.3: Manhattan plots from admixture mapping studies in WHI SHARe African Amer-
icans using 6 different approaches to adjust for ancestral heterogeneity.

Admixture mapping in a sample of 8,064 unrelated African Americans, analyzing a simulated trait
that depends only on genotype at a single SNP on chromosome 4: y; ~ N(g;rs2036153,1). Panels
present results based on different adjustment approaches: (A) = no adjustment, (B) = one PC,
with PCs calculated using all SNPs, (C) = four PCs, with PCs calculated using all SNPs, (D) =
estimated admixture proportions, (E) = one PC, with PCs calculated after LD pruning (r? = 0.1,
window = 0.5 Mb) and Table 4.1 exclusions, and (E) = four PCs, with PCs calculated after LD
pruning (r? = 0.1, window = 0.5 Mb) and Table 4.1 exclusions.
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Figure 4.4: Comparison of the average number of spurious associations by ancestral hetero-
geneity adjustment technique and characteristics of the causal SNP.

For each simulation replicate, we count the number of spurious associations that arise in each
genetic association study. Panels separate results by the type of genetic association study (top
row = admixture mapping, bottom row = GWAS) and the characteristics of the causal SNP (left
= causal SNP was highly correlated with the naively generated PCs, middle = causal SNP was
uncorrelated with the naively generated PCs but had different allele frequencies in Africans and
Furopeans, right = causal SNP was uncorrelated with the PCs and had similar allele frequencies
in Africans and Europeans). We compare the number of spurious associations from Model 4.1
(purple), Model 4.2 with P = 1 (green), Model 4.2 with P = 4 (orange), and Model 4.3 (pink).
PCs were generated with (lit) or without (none) exclusion of regions from Table 4.1 and with (12 =
0.1, window = 0.5 Mb) or without (none) LD pruning.
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mapping (AMAP) models that condition on the true admixture proportions (i.e., Model 4.1
with 7; = m;) are

/

. o5t (GWAS with Model 4.1)

\51 (p11 — plo) (AMAP with Model 4.1)

(

R 0 (GWAS with Model 4.1)

0 (AMAP with Model 4.1),

0
where [, is the true effect size of the causal SNP (SNP 1), 83 = 0 is the true effect size
of the neutral SNP (SNP 2), and pi1, p1o are the allele frequencies of SNP 1 in the two
ancestral populations. First, we note that these results support the observation by other
authors that the power of admixture mapping studies depends on the difference in ancestral
allele frequencies [137, 27, 138]. Second, it is clear from these analytic results that models
that perfectly adjust for global ancestry will yield unbiased estimates of the effect size at the
causal and unlinked neutral loci. As a result, models adjusting for global ancestry will control
the rate of spurious associations. In comparison, GWAS and admixture mapping models that
do not adjust for ancestral heterogeneity will yield the following estimated effect sizes at the

causal and neutral SNPs:

.
(P11—p10) Ve Bre :

E[Bl] _ Bl + p1o(1—p10)+(p11—p10)(1—p11—p10) Ex+(p11—p10)% (Ve + Ex —E2) (GWAS with Model 43)
kﬁl (P11 — p1o) + V,TJ:/E—?:E%; (AMAP with Model 4.3)
.

(P21 —p20) Va {Br+261 (p11—p10)} :
E[BQ] _ 0+ pzo(l—pzo)-i-(pm—23120)(210—:021—pzo)Elw-l-l(;zlicl)?Qo)z(Vrr-i-Eﬂ—E?T) <GWAS with Model 4'3)
V7T s 2 - .

[0+ 1t 26 lpug ol (AMAP with Model 4.3),

where F, and V, are the population mean and variance of the admixture proportions, [, is
the direct effect of admixture proportions on the trait, and ps1, pog are the ancestral allele
frequencies at SNP 2. From these results, we see that the unadjusted model will in general
yield biased estimates of the effect size at both the causal and neutral SNPs, unless there is no

ancestral heterogeneity (i.e., V; = 0). Furthermore, the unadjusted model will yield biased
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Figure 4.5: Conditions for confounding by global ancestry in GWAS.

(A) Global ancestry confounds the association at the causal locus (locus 1) if there is ancestral
heterogeneity in the population (Vi > 0), the causal locus has different allele frequencies in the
ancestral populations (p11 # p1o), and global ancestry has a direct effect on the trait (5, # 0).
(B) Global ancestry can confound the association at an unlinked neutral locus (locus 2) even if
global ancestry does not have a direct effect on the trait, provided that there is ancestral hetero-
geneity and the causal locus has different allele frequencies in the ancestral populations.

estimates of the effect size at the unlinked neutral locus (SNP 2) even if global ancestry does
not have a direct effect on the trait (i.e., 8, = 0), unless the causal SNP (SNP 1) has the
same frequency in the two ancestral populations (i.e., p;1 = p1p). This bias away from zero
of effect size estimates at the neutral locus will translate into spurious associations as sample

sizes increase, as we saw in the WHI analyses (Figures 4.2A, 4.3A).

Proofs and simulations validating these analytic results are available in Appendix B.1.
Our results provide insight into the scenarios under which global ancestry confounds the
association between the trait and genotypes or local ancestry. These conditions can be
summarized by the direct acyclic graphs (DAGs) in Figure 4.5 (GWAS) and Figure 4.6
(admixture mapping). Note that fewer conditions are required for confounding by global
ancestry in admixture mapping studies compared to GWAS, and the magnitude of the bias
of unadjusted admixture mapping models can be more substantial, as is reflected by the ex-
treme inflation observed in the unadjusted WHI admixture mapping analysis (Figure 4.3A).

However, ancestral heterogeneity still poses a problem for GWAS.
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Figure 4.6: Conditions for confounding by global ancestry in admixture mapping.
(A) Global ancestry confounds the association at the causal locus (locus 1) if there is ancestral het-
erogeneity in the population (V; > 0) and global ancestry has a direct effect on the trait (8, # 0).
(B) Global ancestry can confound the association at an unlinked neutral locus (locus 2) even if
global ancestry does not have a direct effect on the trait, provided that there is ancestral hetero-
geneity and the causal locus has different allele frequencies in the ancestral populations.

4.3.2  Comparison of ancestral heterogeneity adjustment techniques

In Section 4.3.1 we demonstrated the need to adjust for global ancestry in genetic associa-
tion studies in ancestrally heterogeneous populations. In this section, we compare approaches
that adjust for ancestral heterogeneity using either model-based estimates of admixture pro-
portions (Model 4.1), one principal component (Model 4.2 with P = 1), or four principal
components (Model 4.2 with P = 4). PCs were naively generated using all SNPs; or based
on reduced subsets of SNPs after LD pruning and/or exclusion of potentially problematic

regions (e.g., Table 4.1).

Adjusting for a single PC or admizture proportions performs similarly

In genetic association studies in WHI SHARe, models adjusting for model-based estimated
admixture proportions performed nearly identically to models that adjusted for a single prin-
cipal component. In Figures 4.2 and 4.3, the Manhattan plots from GWAS and admixture
mapping models adjusting for admixture proportions (panel D) are indistinguishable from

the Manhattan plots based on adjusting for a single PC (panels B and E). Furthermore,
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the overall rates of spurious associations across all simulation studies are nearly identical
for these models (Figure 4.4). This similar performance is observed regardless of whether
PCs were generated using all SNPs or a reduced subset of SNPs. Comparing the estimated
admixture proportions to the principal components for each individual, we see very high
correlation between admixture proportions and the first PC (Figure 4.7), which explains the

similar performance of genetic association studies adjusting for these covariates.

Adjusting for extra PCs can induce spurious associations

In Figure 4.7 we see that only the first PC is highly correlated with estimated admixture
proportions in the WHI SHARe African American cohort. However, in practice it is very
common that investigators will include additional PCs in their regression models just to be
sure that they have fully captured global ancestry, recognizing that this may incur a small
loss in power [37] but should not otherwise cause any problems. In fact, in prior analyses
using these same WHI SHARe data, authors adjusted for two [139], four [29, 57|, or even
ten [52, 140] PCs in their genetic association studies.

Surprisingly, in our analysis of WHI SHARe data we see that adjusting for additional
PCs can actually induce spurious associations in genetic association studies. For example,
comparing GWAS and admixture mapping models that adjust for naively generated PCs
(i.e., PCs that were calculated using all SNPs), we see a spurious association that appears
on chromosome 6 when we include 4 PCs in the model (Figures 4.2C and 4.3C), but that
spurious signal disappears if we only adjust for the first PC (Figures 4.2B and 4.3B). Of
particular interest is the fact that both the true causal SNP (on chromosome 4) and the
spurious signal (on chromosome 6) are located in regions of the genome that are highly
correlated with the naively generated PCs (Figure 4.8, first column). This unusual behavior
is not unique to this simulation setting. From Figure 4.8 we see that there are in fact many
regions of the genome that are highly correlated with PCs 2-4, particularly when PCs are
naively generated using all available SNPs. When the causal SNP is located in one of these

regions, GWAS and admixture mapping models that adjust for naively generated PCs have
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Figure 4.7: Comparison of estimated admixture proportions and PCs in WHI SHARe African
Americans.

Each panel plots estimated admixture proportions (x-axis) versus principal components (y-axis).
Panels are stratified according to which PC is being plotted on the y-axis (1, 2, 3, or 4) and what
level of filtering was applied prior to running PCA: none (all SNPs), exclude (after excluding regions
in Table 4.1), prune (after LD pruning with 72 = 0.1 and window size = 0.5 Mb), or both (after
exclusions and LD pruning).
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considerably elevated rates of spurious associations when they include four PCs compared
to when they include only the first PC (Figure 4.4, first column). However, if the causal
SNP is located in a region of the genome that is not highly correlated with any of the PCs
included in our model, then there is little difference between models that adjust for one or
four PCs (Figure 4.4, second and third columns).

To understand this behavior, we derived the expected effect sizes from genetic association
studies adjusting for principal components in an admixed population with two ancestral
populations. We assume that only the first PC is needed to capture global ancestry in this
population (i.e., vi & 7r), but we also include a second principal component in our model.
Suppose that the second PC captures some feature other than global ancestry (i.e., vo = z
for some variable z) and the quantitative trait depends on genotype only at a single locus,
as in our WHI simulations. At the causal locus (SNP 1) and an unlinked neutral locus (SNP
2), we can show that the expected effect size estimates from GWAS and admixture mapping

models that include two principal components (i.e., Model 4.2 with P = 2) are

(

. B (GWAS)
A= B1Vr E{Cov(ai,z|m) }[E{Cov(z1,z[m) }—( )E{Cov(ai,z|m)}]
\ﬁl (pll _pl()) + ! ‘T;z(VwVal —1531,ﬂ)—VwC'gl,;—C'w,z(2161’211,:)521@—%10:@) (AMAP)
(
—Vz E{Cov(z1,z|m)} E{Cov(z2,z|7)}
Ef)] = ¢ 0+ 5 Vz(VnV:EQ*C'.%QJ)fVﬂCi’erC,r’z(20121012’2,‘/120”72) (GWAS)
9| =
—VxE{Cov(z1,z|7)} E{Cov(az,z|m)}
\0 + b Ve (VaVagy fcgw)—V,rqi7Z+O,r,z(20a2ica2,z7Va20w) (AMAP)

where V, = Var(a) and C,; = Cov(a,b). At the causal SNP, the estimated effect size will
always be unbiased using GWAS models that adjust for two PCs, but this is not in general
true for admixture mapping. Furthermore, the estimated effect sizes from both GWAS and
admixture mapping will be biased away from the zero at the unlinked neutral locus, unless
there is no ancestral heterogeneity (V,; = 0), the second PC is not correlated with genotype at
the causal SNP, or the second PC is not correlated with genotype (GWAS) or local ancestry
(admixture mapping) at the tested neutral SNP. In other words, these results indicate that
if a model adjusts for a PC that captures genotype at the causal SNP as well as a second

SNP that is not associated with the disease, then spurious associations will arise at that
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Figure 4.8: Correlation between PCs and genotypes in WHI SHARe African Americans.

Each panel plots the absolute value of the correlation (y-axis) between principal components and
genotypes at each position along the genome (x-axis). Panels are stratified according to which PC is
being investigated (1, 2, 3, or 4) and what level of filtering was applied prior to running PCA: none
(all SNPs), exclude (after excluding regions in Table 4.1), prune (after LD pruning with r2 = 0.1
and window size = 0.5 Mb), or both (after exclusions and LD pruning).
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neutral SNP in large enough samples. This is precisely what we observe in the WHI analyses
(Figures 4.2, 4.3). Furthermore, our analytic results demonstrate that if the extra PC does
not capture genotype at the causal SNP, then no spurious associations will arise in GWAS or
admixture mapping studies (as we saw in Figure 4.4, second and third columns), although
the estimated effect size at the causal SNP may still be biased in an admixture mapping

study. Proofs and simulations validating these analytic results are available in Appendix B.1

We have seen that spurious associations can be induced by including extra PCs in a
genetic association study, particularly when those extra PCs are driven by small regions
of the genome rather than global ancestry or other genome-wide features. This suggests,
then, that we could avoid some of these problems by pre-processing genotypes, prior to
running PCA, such that PCs will no longer be driven by small regions of the genome. Many
authors have previously suggested that PCA can be sensitive to LD among SNPs, and they
recommend that SNPs in high LD with one another be removed prior to running PCA
(141, 129, 68, 130, 131, 142]. This filtering could be accomplished via LD pruning and/or
by excluding regions of the genome that have been previously shown to have high or long-
range LD patterns (Table 4.1). In the WHI SHARe data, we see that simply excluding
SNPs failling into the regions listed in Table 4.1 does not address the problems that we are
seeing: PCs 2—4 are still strongly correlated with small regions of the genome (Figure 4.8,
second column) and models that adjust for four of these PCs have similar rates of spurious
associations to models adjusting for four naively generated PCs (Figure 4.4). However, if
we run PCA after first performing LD pruning with an r? threshold of 0.1 (which is stricter
than the default threshold for many software programs), then our top PCs no longer capture
small regions of the genome (Figure 4.8, third and fourth columns). Furthermore, if we use
these PCs generated after LD pruning in our genetic association studies, then the spurious
association observed on chromosome 6 disappears (Figure 4.2F, 4.3F) and the overall rate
of spurious associations across all simulation settings is dramatically reduced (Figure 4.4),

regardless of whether one or four PCs are included in the model.
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4.4 Discussion

In this chapter, we investigated the impact of ancestral heterogeneity on genetic associa-
tion studies in admixed populations. Through simulation studies and analytic results, we
demonstrated that we must adjust for ancestral heterogeneity in genetic association studies
in order to avoid spurious associations. In addition, we showed that adjusting for ancestral
heterogeneity using principal component analysis (PCA) can actually induce spurious asso-
ciations in genetic association studies. These results are particularly concerning given the
current wide-spread use of PCA to control for ancestral heterogeneity in genetic association

studies.

Although it is generally understood that adjusting for ancestral heterogeneity is im-
portant for GWAS, the conditions under which this adjustment is required are not fully
understood. It is often assumed that global ancestry is a confounding variable in GWAS
only when it has a direct effect on the trait (Figure 4.1). However, our analytic and simula-
tion results in Section 4.3.1 show that adjusting for global ancestry is necessary even when
it does not have a direct effect on the trait (e.g., through environmental differences across
ancestral groups), provided that there is a SNP that is truly associated with the trait that
has different allele frequencies across the ancestral populations of interest. This fact has
been recognized previously (e.g., [143]), but it seems that it has been forgotten by many, and
to our knowledge no other group has provided analytic results such as ours that explicitly
demonstrate the factors that impact the magnitude of the bias incurred by GWAS models
that fail to adjust for global ancestry. There has also been less attention paid in the literature
to the issues posed by ancestral heterogeneity to admixture mapping studies. Our results,
however, have shown that admixture mapping is just as sensitive as GWAS (if not more)
to ancestral heterogeneity. We hope that our results will serve as a reminder to researchers
of the various ways in which global ancestry can confound genetic association studies and
the care that needs to be taken to ensure that both GWAS and admixture mapping studies

appropriately adjust for ancestral heterogeneity.
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In Section 4.3.2, we show that when adjusting for ancestral heterogeneity using principal
components, it is crucial to ensure that only PCs that capture global ancestry are used. If
additional PCs that capture features other than global ancestry are included in the model,
this can induce spurious associations, particularly when the PCs are correlated with genotype
or local ancestry at a select number of SNPs. This phenomenon can be explained by the
concept of collider bias (Figure 4.9). Suppose that a PC captures genotypes or local ancestry
at two SNPs rather than global ancestry, and one of these SNPs (SNP 1) is associated with
the trait. Then, this PC is by definition a collider variable, and adjusting for the PC will
induce a spurious association between the trait and the neutral SNP (SNP 2) [71]. Prior work
has shown that adjusting for heritable covariates (e.g., height, body mass index) can induce
collider bias in GWAS [144, 145], and very recent work showed that principal components
can induce collider bias in gene expression studies [146], but the issues posed by PCs to

GWAS and admixture mapping studies have not been previously demonstrated.

In our analysis of genotype data from 8,064 unrelated WHI SHARe African Americans,
we found that all but the first principal component were largely driven by small regions
of the genome—and thus have the potential to be collider variables—unless careful pre-
processing of genotype data was preformed prior to running PCA. Previous studies have
found that PCs can capture small regions of the genome, and have suggested that these
regions be excluded (see Table 4.1) and/or that LD pruning be performed prior to running
PCA [141, 129, 68, 130, 131, 142]. However, the motivation for this LD-based filtering was
framed in terms of the ability of the principal components to capture global ancestry and
the computational complexity of running PCA, rather than the downstream implications
on association testing. Our work has shown that the downstream implications are of great
concern. Furthermore, we have found that excluding the regions listed in Table 4.1 does
not actually resolve any issues in the WHI SHARe data, that identifying and removing
potentially problematic regions based on our own data is tedious and does not provide any
benefit beyond LD pruning (see Appendix B.2), and that a stricter threshold (r? = 0.1) is

2

needed for LD pruning than is often suggested in the literature (r* = 0.2) (see Appendix
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Figure 4.9: Collider bias in genetic association studies adjusting for PCs.

Consider an ancestrally heterogeneous population, where admixture proportions 7 are associated
with genotype or local ancestry at two SNPs x1,x5. Suppose only the first SNP is causal, and
that the trait y may also be directly affected by admixture proportions. Let z represent a principal
component that captures genotypes/local ancestry at these SNPs rather than global ancestry. Then
z is a collider variable, and conditioning on z will induce a spurious association between the neutral
SNP (x2) and the trait.

B.2). The vast majority of previous recommendations were based on studies in European
populations, but LD patterns can be very different in admixed populations. In particular, LD
typically extends much further (even across chromosomes) in admixed populations [147, 148],
so it makes sense that stricter levels of LD-based filtering would be required in admixed
populations.

The patterns that we have observed in our analysis of genotype data from WHI SHARe
African Americans are not unique to these data. Results are not shown here, but we
have observed similar patterns in analysis of sequence data for African American and His-
panic/Latino individuals from the Trans-Omics for Precision Medicine (TOPMed) Whole
Genome Sequencing Project. Our work demonstrates the problems that can arise if princi-
pal component analysis is used to control for ancestral heterogeneity in admixed populations.
In analysis of the WHI SHARe data, we found that strict LD pruning could resolve these
issues, or that issues could be avoided altogether by simply adjusting for model-based es-
timates of admixture proportions rather than principal components. For populations such

as African Americans where we have a good idea of the number of ancestral populations of
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interest and relevant reference panel data is readily available, we suggest that genetic associ-
ation studies adjust for estimated admixture proportions rather than principal components.
If investigators feel strongly that PCA is needed to capture relevant levels of ancestral het-
erogeneity, then great care must be taken to address the issues discussed in this chapter. In
particular, we suggest careful pre-processing of data prior to running PCA, combined with
thorough diagnostics (e.g., by calculating and carefully examining the correlation between
PCs and genotypes via plots like Figure 4.8), to ensure that models do not include principal

components that could induce spurious associations.
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Chapter 5

ANCESTRY INFERENCE AND GENETIC ASSOCIATION
TESTING IN THE TRANS-OMICS FOR PRECISION
MEDICINE WHOLE GENOME SEQUENCING PROJECT

5.1 Introduction

The kidney plays a vital role in the human body. Chronic kidney disease (CKD), charac-
terized by low kidney function, is a precursor for end-stage renal disease and an important
risk factor for other diseases, including cardiovascular disease, as well as early death [21].
Recent reports estimate that as many as 15% of adults across the United States—37 mil-
lion people—have CKD [72], with higher prevalence of CKD among African Americans and
Hispanics/Latinos compared to individuals of European ancestry [21, 22]. The difference in
disease prevalence across these ancestral groups has been attributed to environmental dif-
ferences, as well as genetic factors such as the increased frequency of APOL1 risk variants

among individuals with African ancestry [22].

The observed difference in chronic kidney disease prevalence across ancestral groups
makes it an ideal candidate for admixture mapping studies. By looking for associations be-
tween the disease and local ancestry across the genome, admixture mapping studies search
for causal genetic variants that differ in frequency across ancestral groups and drive, at least
in part, the observed phenotypic differences across populations. Previous admixture map-
ping studies have been successful in identifying genetic variants that are more frequent in
admixed populations and putatively involved in kidney function and disease [25, 73]. Fur-
thermore, an ongoing genome-wide association study of kidney traits in a large multi-ethnic
cohort from the Trans-Omics for Precision Medicine (TOPMed) Whole Genome Sequencing

Project has also identified genome-wide significant variants that are more frequent among,
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or even exclusive to, admixed subjects [Lin and Franceschini, personal communication].

In this chapter, we build on this prior work and conduct admixture mapping studies of
kidney traits in whole genome sequence data, focusing our investigation on African Ameri-
can and Hispanic/Latino TOPMed subjects in hopes of gaining more insight into the genetic
architecture of kidney disease in these admixed populations. Whole genome sequences and
kidney phenotypes (quantitative levels of serum creatinine and estimated glomerular filtra-
tion rate (eGFR), as well as a binary indicator of chronic kidney disease) were available
for 9,479 admixed individuals through the TOPMed whole genome sequencing project. We
inferred autosomal local ancestry for these individuals using RFMix, and then used that
inferred local ancestry to conduct genome-wide admixture mapping studies, control for an-
cestral heterogeneity in association mapping, and estimate ancestry-specific allele frequencies
for candidate variants of interest. Our analyses highlight the potential for success, as well as
the existing challenges, for local ancestry inference and genetic association studies in admixed

populations using whole genome sequence data.

5.2 DMethods

5.2.1 The Trans-Omics for Precision Medicine (TOPMed) Data
TOPMed Whole Genome Sequencing Project

The Trans-Omics for Precision Medicine (TOPMed) whole genome sequencing project, spon-
sored by the National Heart, Lung, and Blood Institute (NHLBI), is an ongoing project work-
ing toward the collection of whole-genome sequences, other omics data, and rich phenotypic
information for over 100,000 individuals from diverse backgrounds. Samples and pheno-
typic data are contributed from a number of pre-existing NHLBI-funded studies, and whole
genome sequencing (WGS) of all samples is in progress. In TOPMed freeze 56, WGS data
are available for approximately 55,000 samples with European, African, Hispanic/Latino,

Asian, or other ancestry /ethnicity.
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Sequencing and quality control

High coverage WGS was performed by several sequencing centers—Baylor College of Medicine
Human Genome Sequencing Center, Broad Institute, Illumina, Macrogen Corp., McDon-
nell Genome Institute, New York Genome Center, and Northwest Genomics Center—using
DNA from blood, PCR-free library construction, and Illumina HiSeq X technology. The
average sequencing depth was 38X. Variant discovery and genotype calling for all samples
was performed by the Informatics Research Center using the GotCloud pipeline [149]. For
variant-level quality control (QC), a support vector machine filter was trained using known
variants (positive controls) and variants with Mendelian-inconsistencies (negative controls).
Sample-level QC was performed by the TOPMed data coordinating center and included ad-
ditional checks for pedigree errors, sex discrepancies, and genotype concordance. Phasing
was performed using Eagle 2.4 [150]. Additional details are reported in [151] and on the
TOPMed website: https://www.nhlbiwgs.org/data-sets.

After filtering, 438 million single nucleotide variants (SNVs) and 33 million insertions/deletions
remained. In freeze 5b of the TOPMed sequencing project, statistically phased whole genome
sequences were available for 54,035 individuals from 31 contributing studies. A subset of
20,048 of these individuals self-identify as African American, African Caribbean, or His-

panic/Latino.

Kidney function phenotypes and covariates

Demographic data and kidney phenotypes were collected from all studies using standardized
protocols. Demographic information included sex, age, and self-identified race/ethnicity.
Serum creatinine levels were collected from each study, along with information on the serum
creatinine assay and year of the assay to allow for calibration across studies. Based on serum
creatinine and demographic information, we calculated estimated glomerular filteration rate
(eGFR) using the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) equation
[152]. A binary indicator of chronic kidney disease (CKD) was generated by identifying sub-
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Table 5.1: Number of African American and Hispanic/Latino subjects in TOPMed freeze
5b.
Sample sizes are stratified by race/ethnic group and the name of the contributing study.
ARIC GeneSTAR GENOA HyperGEN JHS MESA WHI
African American 195 190 1010 1734 3005 960 1209

Hispanic/Latino 0 0 0 0 0 924 252

jects with eGFR < 60. After removing duplicate entries for subjects appearing in more than
one study, phenotypes were available for a total of 8,303 African Americans and 1,176 His-
panics/Latinos from seven studies: Atherosclerosis Risk in Communities (ARIC), Genetic
Study of Atherosclerosis Risk (GeneSTAR), Genetic Epidemiology Network of Ateriopa-
thy (GENOA), Hypertension Genetic Epidemiology Network (HyperGEN), Jackson Heart
Study (JHS), Multi-Ethnic Study of Atherosclerosis (MESA), and Women’s Health Initiative
(WHI). Table 5.1 summarizes the number of samples from each study. Additional details
about processing of phenotype data are available in Appendix C.1.

5.2.2  Statistical Methods
Inferring ancestry and genetic relatedness

We inferred local ancestry for all 20,048 TOPMed subjects who self-identified as African
American, African Caribbean, or Hispanic/Latino. The reference panel for local ancestry
inference included 37 African, 35 European, and 20 Native American individuals with phased
sequence data (for chromosomes 1-22) available from the Simons Genome Diversity Project
(SGDP) [153]. For a full list of SGDP populations included in our reference panel, see
Appendix C.2.1. We used 1ift0Over [154] to update the SGDP data to build 38 and identified
the set of bi-allelic variants present in both the reference panel and TOPMed. After removing
very low frequency variants (minor allele count < 2 in SGDP or < 5 in TOPMed), a total of

9,137,968 autosomal variants remained for this analysis. We used the HapMap genetic map
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[113], lifted over to build 38, to estimate genetic positions for each variant.

For each admixed TOPMed sample, we used RFMix version 1.5.4 [10] to infer the number
of alleles inherited from each ancestral population (African, European, and Native Ameri-
can) at each locus. We ran RFMix using the suggested input parameters, with the exception
of a smaller window size, 0.1 centimorgans (cM), to assist with computational costs of an-
alyzing this large dataset, and a choice of 6, 8, or 10 generations since admixture for the
African American, African Caribbean, and Hispanic/Latino samples, respectively, to reflect
estimates from previous studies [155, 59]. Example RFMix commands are available in Ap-
pendix C.2.2. To estimate admixture proportions for each individual, we calculated the
genome-wide average local ancestry.

We assessed the quality of our local ancestry calls by comparing our estimated admixture
proportions to those generated on the same data by another group, and by looking across
the genome for abnormal deviations in the proportion of local ancestry calls assigned to each
ancestral population, maximum posterior probabilities generated by RFMix, or location of
local ancestry segment breakpoints. We did not identify any notable quality issues. Details
are available in Appendix C.2.3.

We used the iterative procedure suggested by Conomos et al. [112] to estimate kinship
coefficients adjusted for population structure and admixture. In the final step of this pro-
cedure, we provided PC-Relate with estimated admixture proportions in place of principal
components (PCs) since we planned to adjust for admixture proportions rather than PCs in
our regression model. We used these estimated kinship coefficients to adjust for relatedness

in our admixture mapping and genome-wide association mapping analyses.

Association mapping of kidney traits in large multi-ethnic cohort

In a concurrent study, our collaborators have conducted a large whole genome sequence-based
analysis investigating the association between eGFR and genotypes among all TOPMed
subjects with available kidney phenotype information. This multi-ethnic cohort includes

9,479 admixed individuals, as well as an additional 13,983 subjects of European and East
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Asian ancestry. Detailed methods and results for this analysis will be reported elsewhere.

Estimating ancestry-specific allele frequencies

We used our local ancestry calls to estimate ancestry-specific allele frequencies for loci of
interest. In particular, we estimated European, African, and Native American allele fre-
quencies for four variants that were identified by our collaborators in their large multi-ethnic
association study [Lin and Franceschini, personal communication].

To estimate ancestry-specific allele frequencies, we first filled in missing local ancestry
calls at loci of interest. RFMix infers local ancestry only at bi-allelic variants that are present
in both the admixed sequence data and the reference panel, so inferred local ancestry may
not be available at all loci. However, given that local ancestry segments extend over multiple
loci and we inferred local ancestry within 0.1 ¢cM windows using RFMix, we were able to fill in
the missing local ancestry calls at loci of interest with reasonable confidence by looking at the
inferred local ancestry at neighboring loci. For a given locus, allele, and ancestral population
of interest, we then calculated the frequency of the allele among TOPMed haplotypes with
local ancestry assigned to that ancestral population at that locus. To account for uncertainty
in the phase of genotypes relative to the local ancestry calls (particularly at loci where local
ancestry was not inferred directly by RFMix), we used the expectation-maximization (EM)
algorithm approach implemented in ASAFE [74]. We ran ASAFE using all 20,048 admixed indi-
viduals in TOPMed with local ancestry calls, including the 9,479 subjects in our admixture
mapping and association mapping analyses, as well as additional African American, African
Caribbean, and Hispanic/Latino subjects that were excluded from these association studies

due to missing kidney phenotype data.

Genetic association studies of kidney traits in admixed subjects

We used GENESIS [156] to perform genome-wide admixture mapping studies using all 9,479
TOPMed admixed subjects with available kidney phenotype data. At each locus, we fit

linear mixed models investigating each ancestral group (African, European, and Native
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American) separately. In our primary analysis, the outcome variable was eGFR, and we ad-
justed for sex, age, a combined indicator of study and race/ethnic group (e.g., JHS African
Americans, MESA Hispanics/Latinos), and admixture proportions as fixed effects. To ac-
count for relatedness across samples, we included ancestry-adjusted kinship estimates as
a random effect, allowing for heterogeneous variance within groups defined by study and
race/ethnicity. We performed an inverse normal transformation of the trait [118] within
these same study/race groups. To account for multiple testing, we used the genome-wide
p-value threshold 5.4 x 107%. We estimated this significance threshold using the test statis-
tic simulation approach proposed in Chapter 3 and implemented in our R package STEAM
[59]. This multiple testing correction approach requires as input an estimate of the number
of generations since admixture. We used the non-linear least squares regression approach

implemented in STEAM to estimate this value. For more details, see Appendix C.3.

As secondary analyses, we also performed admixture mapping analyses separately in the
African American and Hispanic/Latino subjects, testing only the African ancestral compo-
nent in the African American cohort. Significance thresholds in the African American and
Hispanic/Latino subsets were estimated using STEAM to be 1.6 x 107 and 3.5 x 1075, respec-
tively. In addition to investigating eGFR, we also performed admixture mapping analyses
using serum creatinine or chronic kidney disease (CKD) as the outcome. We used the same
significance threshold for the serum creatinine and CKD analyses as we did for the eGFR
analysis. Finally, to complement our admixture mapping analyses, we also implemented a
genome-wide association study investigating eGFR in our reduced subset of admixed indi-
viduals. We performed association mapping using the same linear mixed model as in the
admixture mapping analyses described above, with the only difference being that we replaced

local ancestry with genotype as the predictor of interest.
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Figure 5.1: Barplots of estimated admixture proportions in admixed TOPMed samples.
(A) Estimated admixture proportions for African Americans included in kidney association studies.
(B) Estimated admixture proportions for Hispanics/Latinos included in kidney association studies.

5.3 Results

5.3.1 Characteristics of TOPMed admized subjects

Local ancestry calls and complete phenotype data were available for 9,479 admixed individu-
als. The majority of these subjects self-identified as African American (n = 8,303). Subject
characteristics are summarized in Table 5.2. Only 7% of subjects (n = 656) had low enough
eGFR to be classified as having chronic kidney disease. On average, subjects with CKD
tended to be older and had slightly more African ancestry and less European and Native

American ancestry.

5.3.2  Population structure and relatedness in TOPMed admixed samples

We observed considerable heterogeneity in the estimated admixture proportions across sam-
ples (Figure 5.1). We also observed close relationships between many of our samples (Figure
5.2). These findings confirm the need to adjust for both population structure and relatedness

in our admixture mapping and association mapping analyses.



Table 5.2: Characteristics of TOPMed admixed subjects.
Summaries are presented across all samples, as well as stratified by chronic kidney disease status
(eGFR less than or greater than 60). For categorical variables, we present the proportion of subjects
in each category. For continuous variables, we present the mean (standard deviation, minimum-—

maximum).

All (n = 9479)

eGFR < 60 (n = 656)

30

eGFR > 60 (n = 8823)

Admixture Prop.

African
FEuropean
Native American
Age (years)
Sex
Male
Female
Study & Race
African American
ARIC
GeneSTAR
GENOA
HyperGEN
JHS
MESA
WHI
Hispanic/Latino
MESA
WHI

0.72 (0.26, 0.00-1.00)
0.23 (0.18, 0.00-0.99)
0.05 (0.12, 0.00-1.00)

56.5 (12.4, 18-94)

33.1%
66.9%

2.1%

2.0%
10.7%
18.3 %
31.7%
10.1%
12.8%

9.7%
2.7%

0.76 (0.22, 0.00-0.98)
0.21 (0.17, 0.02-0.99)
0.03 (0.09, 0.00-0.71)

66.8 (9.6, 25.6-94)

30.8%
69.2%

1.1%
0.2%
17.2%
20.3%
29.7%
9.1%
13.9%

6.1%
2.4%

0.72 (0.26, 0.00-1.00)
0.23 (0.18, 0.00-0.99)
0.05 (0.13, 0.00-1.00)

55.7 (12.3, 18-91)

33.3%
66.7%

2.1%

2.1%
10.2%
18.1%
31.8%
10.2%
12.7%

10.0%
2.7%
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Figure 5.2: Inferred genetic relatedness in admixed TOPMed samples.

Scatterplot of estimated kinship coefficients versus estimated probabilities of sharing zero alleles
identical by descent (k0) for pairs of TOPMed admixed samples included in kidney association
studies. Expected coordinates for parent/offspring (P), full siblings (S), second degree relatives
(2) and third degree relatives (3) are included for reference. Pairs of samples inferred to be more
distantly related are excluded from this figure.
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5.8.8  Ancestry-specific allele frequency estimates for variants of interest from a large multi-

ethnic association study

In a concurrent association study, investigators identified a number of genetic variants that
are significantly associated with eGFR in a large sample of African American, East Asian,
European American, and Hispanic/Latino individuals from the TOPMed Whole Genome
Sequencing Project [Lin and Franceschini, personal communication]. Here, we focus on four
variants of interest from this multi-ethnic association study: rs539182790 on chromosome
19, rs190658489 on chromosome 6, 15149589493 on chromosome 11, and rs78902137 on
chromosome 17. The first of these variants was significantly associated with eGFR in single
variant tests; the remaining three were driving variants in top genes from gene-based testing
using SKAT [157]. All four variants are of particular interest for our work given that they have
been observed to be more frequent or exclusively present in TOPMed admixed populations,
as compared to TOPMed Europeans and Asians [Lin and Franceschini, personal communi-
cation]. We used our local ancestry calls to estimate ancestry-specific allele frequencies for
these variants of interest. These allele frequency estimates provide additional insight into
the association findings and help motivate replication studies. Results are summarized in

Table 5.3.

Of particular interest is rsb39182790, an indel on chromosome 19 that was identified as
genome-wide significant in single variant tests in the combined multi-ethnic TOPMed whole
genome sequence-based analysis. This variant is low frequency (alternate allele frequency =
0.02) in the 1000 Genomes Admixed Americans AMR population—individuals with Mex-
ican ancestry from Los Angeles USA, Puerto Ricans from Puerto Rico, Colombians from
Medellin, Colombia and Peruvians from Lima, Peru—and non-existent (i.e., monomorphic)
in the 1000 Genomes African, East Asian, European, and South Asian populations [158]. In
TOPMed, the variant is mostly present in Hispanics/Latinos [Lin and Franceschini, personal
communication]. Using our local ancestry calls, we estimated that this variant is low fre-

quency in the Native American ancestral population (alternate allele frequency = 0.026) but
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Table 5.3: Estimated ancestry-specific allele frequencies for variants identified in single vari-
ant or gene-based (SKAT [157]) tests in WGS analyses using all admixed, European Ameri-
can, and Asian American TOPMed samples.
List of variants of interest courtesy of Lin and Franceschini [personal communication]. Ancestry-
specific allele frequencies were estimated using ASAFE on all 20,048 admixed TOPMed samples.
Physical positions for each variant are based on build hg38.
Allele Frequencies
Chr:position  rsID Test African  European Native American
6:44376382 rs190658489 SKAT 0.0005 3.2x1078 1.1x107"
11:102593550 rs149589493 SKAT 0.0067 9.2x107* 2.3x10713
17:82056475  rs78902137  SKAT 0.0265 9.0x107* 2.2x10719

19:3799817 rsH39182790 Single 2.0x10~ ! 0.0004 0.0257

essentially non-existent in African and European populations. These findings suggest that
we might look for a Native American or a Hispanic/Latino population with larger amounts
of Native American ancestry for replicating this association finding.

Looking at the estimated ancestry-specific allele frequencies for the variants driving the
top gene-based test results (Table 5.3), we note that the three variants on chromosomes 6,
11, and 16 are low frequency (rs78902137) or rare (rs149589493, rs190658489) in the African
ancestral population but non-existent in European and Native American populations. Again,
these results are useful for planning replication studies, suggesting that we should look to

replicate these signals in either African or African American populations.

5.8.4  Admixture mapping and WGS association mapping in TOPMed admized subjects

For our primary analysis, we conducted a genome-wide admixture mapping study looking
for an association between eGFR and African, European, or Native American local ancestry
in a smaller subset of TOPMed admixed individuals. No regions of the genome reached
genome-wide significance (Figure 5.3).

In secondary analyses, we repeated this admixture mapping analysis using just the African
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Figure 5.3: Manhattan plots for eGFR admixture mapping analysis using 9,479 African
American and Hispanic/Latino individuals.
Admixture mapping p-values at each variant for eGFR versus African local ancestry (top panel;

A = 1.082), European local ancestry (middle panel; A = 0.992), and Native American local ancestry
(bottom panel; A = 0.954)
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American (Figure 5.4) or Hispanic/Latino (Figure 5.5) samples. Again, no genome-wide
significant results were found, although there is a peak on chromosome 10 that is approaching
genome-wide significance in the analysis of European local ancestry in the Hispanic/Latino
subjects. Finally, we conducted an admixture mapping study using all samples and serum
creatinine (Figure 5.6) and chronic kidney disease (Figure 5.7) as our trait. As with eGFR,
there are no significant findings to report. Serum creatinine and CKD are strongly related
to eGFR, and CKD has a low prevalance in our data, so it is not surprising that we also
failed to identify genome-wide significant associations in these secondary admixture mapping

analyses.

We also implemented a whole genome sequence-based association study of eGFR in
the same subset of admixed individuals (Figure 5.8). One locus on chromosome 6 reaches
genome-wide significance using a p-value threshold of 5x 107", This significance threshold has
been suggested for whole genome sequence-based association studies in samples of admixed
ancestry [35]. We note that this variant was not significantly associated with eGFR in the

larger multi-ethnic association study conducted by our collaborators [Lin and Franceschini,
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Figure 5.5: Manhattan plots for eGFR admixture mapping analysis using 1,176 His-
panic/Latino individuals.
Admixture mapping p-values at each variant for eGFR versus African local ancestry (top panel;

A = 1.143), European local ancestry (middle panel; A = 0.951), and Native American local ancestry
(bottom panel; A = 1.035)
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Figure 5.6: Manhattan plots for serum creatinine admixture mapping analysis using 9,479
African American and Hispanic/Latino individuals.
Admixture mapping p-values at each variant for serum creatinine versus African local ancestry (top
panel; A = 1.075), European local ancestry (middle panel; A = 1.009), and Native American local

ancestry (bottom panel; A = 0.999)
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Figure 5.7: Manhattan plots for chronic kidney disease admixture mapping analysis using
9,479 African American and Hispanic/Latino individuals.
Admixture mapping p-values at each variant for chronic kidney disease versus African local ancestry

(top panel; A = 0.906), European local ancestry (middle panel; A = 0.876), and Native American
local ancestry (bottom panel; A = 0.941)
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Figure 5.8: Manhattan plots for eGFR association mapping analysis using 9,479 African
American and Hispanic/Latino individuals.

Association mapping p-values at each variant for eGFR versus genotype (A = 1.015). Dashed lines
represent p-value thresholds of 5 x 1078,5 x 1072, and 1 x 1077.

personal communication].

Quantile-quantile (QQ) plots for all analyses are available in Appendix C.4. The corre-
sponding inflation factors A—defined as the ratio of the median observed test statistic to the
median expected test statistic under the (simplified) null hypothesis—are also provided in

the figure legends for the Manhattan plots in this section.

5.4 Discussion

We used whole genome sequence data from the Trans-Omics for Precision Medicine project
to investigate the genetic architecture of kidney disease in admixed populations. We inferred
local ancestry for over twenty thousand admixed individuals and used that inferred local
ancestry for ancestry-specific allele frequency estimation and genetic association studies of
kidney traits. Although no variants reached genome-wide significance in our admixture
mapping studies of eGFR, serum creatinine, or chronic kidney disease, we were still able

to use our local ancestry calls to provide insight into variants of interest identified through
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multi-ethnic whole genome sequence-based association mapping in a concurrent study [Lin
and Franceschini, personal communication]. Furthermore, this work provides a valuable
example of the application of local ancestry inference, admixture mapping, and the methods

developed in Chapters 2—4 to whole genome sequence data.

In a concurrent study investigating the genetic architecture of kidney disease in a larger
multi-ethnic cohort of TOPMed subjects, our collaborators identified a number of genetic
variants significantly associated with eGFR [Lin and Franceschini, personal communication].
However, in our admixture mapping analyses in a reduced subset of admixed individuals, we
did not identify any genetic variants significantly associated with eGFR, or related traits. In
TOPMed, four of the top variants from the larger multi-ethnic association study are more
common or exclusively present in admixed individuals compared to European or Asian Amer-
icans, making them seemingly good candidates for discovery via admixture mapping. Using
our local ancestry calls, we estimated ancestry-specific allele frequencies for these variants
to provide insight into the ancestral origin of these putatively causal genetic variants (Table
5.3). These estimated ancestry-specific allele frequencies could also provide insight into our
lack of genome-wide significant findings in our admixture mapping studies: although we see
a clear difference in allele frequencies across ancestral populations, the absolute magnitude
of these differences is quite small. The power of admixture mapping studies depends on the
difference in allele frequencies across ancestral populations [27] (see also: Chapter 4), so it
may be that our sample size was too small to be able to detect a variant such as rs539182790
using admixture mapping. Alternatively, it is possible that the association mapping results
from the larger multi-ethnic study are spurious. Further investigation is needed and in fact is
already underway, including replication studies investigating rs539182790 in populations with
larger amounts of Native American, as motivated by our ancestry-specific allele frequency

estimates.
A number of challenges were presented by the use of these whole genome sequence (WGS)
data. Currently, there are a limited number of publicly available whole genome sequences

that could be used to construct a reference panel for local ancestry inference in WGS data.



91

In this analysis, we used whole genome sequences from the Simons Genome Diversity Project
(SGDP) to form our reference panel. Using WGS data in the reference panel increased the
number of variants at which local ancestry inference could be performed. However, a smaller
number of samples are available in SGDP relative to other potential reference panel data
sources, such as the Human Genome Diversity Project (HGDP) genotype data [111] used in
Chapter 2. We decided to use the SGDP sequence data for this analysis because we found
previously that local ancestry inference accuracy improves when more variants are present in
the reference panel, even if fewer samples are included [50] (see also: Chapter 2). However,
the optimal trade-off between the number of reference panel samples and variants remains
an open question for local ancestry inference in WGS data. An additional challenge posed
by these WGS data was computational in nature. In particular, we found that local ancestry
inference was computationally challenging on a dataset of this size, likely due to the fact
that existing methods for local ancestry inference were not designed for WGS data. To use
RFMix on these data, we were required to split the admixed samples into very small subsets
(250-500 individuals) and perform local ancestry inference separately within each subset.
While this should not affect the accuracy of local ancestry inference using RFMix, it posed

practical challenges.

This study highlights the need for future work. As suggested by the previous paragraph,
there is a need for local ancestry inference methods that are computationally efficient in WGS
data. Furthermore, the genome-wide significance thresholds used in our admixture mapping
studies were estimated using STEAM, which was not designed for studies, such as this one, with
related individuals. Preliminary analyses showed that using STEAM to estimate the number
of generations since admixture yielded reasonable results in these data (see Appendix C.3),
but further work is needed to verify that this approach appropriately controls for multiple
testing in the presence of relatedness. Finally, this analysis has highlighted the need for a
better understanding of the factors that influence the power of admixture mapping studies,
as well as affirming the need to continue efforts in the recruitment of larger numbers of

diverse samples in genetic association studies. It will be interesting to re-run the admixture
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mapping analysis presented in this chapter when larger numbers of admixed samples are
available for analysis in later freezes of the TOPMed WGS data.

Our work in this chapter provides important insight and ground-work for future studies.
First, we have demonstrated the utility of local ancestry calls for tasks other than just admix-
ture mapping. We used our local ancestry calls to estimate admixture proportions, which we
included as fixed effects in our linear mixed model to adjust for population structure in asso-
ciation mapping. We also used local ancestry to estimate ancestry-specific allele frequencies
for candidate variants of interest; these allele frequency estimates are useful for understand-
ing disease etiology and for planning replication studies in independent datasets. Second,
the local ancestry calls produced for our analysis provide a valuable resource for TOPMed
investigators. We inferred local ancestry for all 20,048 admixed samples in TOPMed, in-
cluding the 9,479 African American and Hispanic/Latino individuals included in our kidney
association analyses, as well as additional African American, African Caribbean, and His-
panic/Latino samples who did not have available kidney phenotype data. The local ancestry
calls for all 20,048 admixed individuals are available to other TOPMed investigators for
studies of other phenotypes. Additional admixture mapping studies using our local ancestry

calls are already underway.
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Chapter 6

CONCLUSIONS AND FUTURE WORK

In this dissertation, we have proposed and evaluated statistical methods for ancestry
inference and genetic association studies in admixed populations. First, in Chapter 2 we
suggested approaches for extending existing local ancestry inference software to analysis
of chromosome X. Then, in Chapter 3 we developed two related methods for estimating
genome-wide significance thresholds for admixture mapping studies, motivated by a the-
oretical framework that is generally applicable to any admixed population, regardless of
the number of ancestral populations or distribution of admixture proportions across the
population. Chapter 4 investigated techniques for controlling for ancestral heterogeneity in
genome-wide association and admixture mapping studies, providing new insight into the sce-
narios under which global ancestry confounds genetic association studies and showing that
principal component analysis, a widely-used ancestral heterogeneity adjustment technique,
can induce spurious associations in genetic association studies. Finally, in Chapter 5, we
applied the lessons learned in earlier chapters to infer local and global ancestry and per-
form genetic association studies using whole genome sequence data from the Trans-Omics

for Precision Medicine (TOPMed) Whole Genome Sequencing Project.

Our work has highlighted a number of existing challenges that arise in genetic studies in
admixed populations. Local ancestry inference is limited by the availability of appropriate
reference panel data, particularly in application to whole genome sequence data. For exam-
ple, in our analysis of data from the TOPMed Whole Genome Sequencing Project in Chapter
5, the number of individuals included in our reference panel was small, and we were unable
to perform local ancestry inference on chromosome X due to the fact that phased X chromo-

some sequence data was not available from the Simons Genome Diversity Project (SGDP)
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[153] resource from which we formed our reference panel. The accuracy of local ancestry
inference should improve as larger collections of whole genome sequence data from diverse
populations become more readily available. New methods that are explicitly designed for
local ancestry inference in whole genome sequence data will also be greatly beneficial, as the
application of existing methods to sequence data is currently computationally cumbersome.

Another challenge highlighted by our work with TOPMed sequence data relates to the
availability of data for admixed samples. The TOPMed project is a very large study that
has prioritized the recruitment of samples from diverse backgrounds. Yet, it seems that even
in this study our sample sizes may not be large enough to perform well-powered admixture
mapping studies. In particular, our colleagues identified a variant on chromosome 19 that
is putatively associated with kidney function [Bridget Lin and Nora Franceschini, personal
communication], and we used our TOPMed local ancestry calls to show that this variant is
more common in Native American populations than in Africans and Europeans; however, we
were unable to detect this variant in our admixture mapping study. The absolute magnitude
of the difference in allele frequencies at this variant is small, and our work in Chapter 4
suggests that the power of admixture mapping studies depends on the size of this difference.
A more thorough investigation of the factors that impact the power of admixture mapping
studies, and perhaps the development of a power calculator for these studies, would prove
very useful for planning future admixture mapping studies and motivating the recruitment
of larger numbers of admixed individuals for genetic association studies.

An important area of future work will involve extending our multiple testing work in
Chapter 3. In that chapter, we developed methods for estimating significance thresholds
for admixture mapping studies that investigate each locus j € {1,...,m} and ancestral

population k € {1,..., K} individually, by fitting m x K total regression models
Elyi | asjr, mi] = Bo + Bijkije + B 1.

Our multiple testing correction procedure accounts for the fact that we are testing K hy-

potheses at each locus, and explicitly models the correlation among tests at the same and
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neighboring loci. However, in some cases it may be of interest to conduct a joint test for the
association between the trait and local ancestry, by instead fitting a single model at each
locus
Ely; | aij, mi] = Bo + Bjrag + - + Bj k10,51 + Bri k-1,

and testing the joint null hypothesis Hy : 3; = 0, where 3, is a vector of regression coefficients
for the first K — 1 local ancestry components (i.e., 3; = <ﬁj1 ___ﬁj7K1>T). Our multiple
testing correction method is not currently applicable to admixture mapping tests conducted
in this way, but this extension is certainly of interest as many investigators utilize this
joint modeling approach in the literature [26, 25, 27, 30]. Another extension that would
be interesting to pursue would be developing an analytic approximation to the significance
threshold for admixed populations with three or more ancestral populations. In Chapter 3,
we proposed a simulation-based multiple testing correction approach that is applicable to
admixed populations with any number of ancestral populations (K > 2) and an analytic
approximation approach that is only applicable to populations with K = 2. Although we
developed a very fast algorithm for implementing the simulation-based approach, the analytic
approximation is still considerably faster, so it would be nice if we could derive an analytic
approximation for admixed populations with K > 3 as well.

Finally, it will be important to extend our work in both Chapters 3 and 4 to consider
the use of mixed models, which are widely used to perform genetic association studies while
accounting for both close and distant relatedness across samples [64, 62, 63, 159]. Our
application to TOPMed data in Chapter 5 seems to suggest that our proposed approaches
for correcting for multiple testing (i.e., using our program STEAM) and adjusting for ancestral
heterogeneity (i.e., using estimated admixture proportions rather than principal components)
still work well in samples with related individuals. However, a more thorough investigation is
warranted. Recent work related to correcting for multiple testing with linear mixed models
[160], the sensitivity of mixed model based approaches to linkage disequilibrium (LD) [161,
162], and the potential of mixed model based approaches for controlling for confounding

to induce spurious associations in gene expression studies [146] will provide useful starting



points for our own future investigations.
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Appendix A
APPENDIX FOR CHAPTER 3

A.1 Proofs of Theoretical Results

A.1.1 Lemma 1: Local Ancestry Correlation

Lemma 1. Consider an admized population with K ancestral populations, g generations
T

since admixture, and admizture proportions ™ = <7r1 7TK> distributed according to

7 ~ F, where F' has finite first and second moments. Then, the correlation of local ancestry

vectors at two loci j,j' separated by recombination fraction 0 is given by:

2Vp(m .
: (1=0) +[1 = (1= 0)] gy k=W
OTT'(a’]IC) a/]/k/> o QCO'UF(ﬂ'k,Wk/)—(l—e)g[CO’UF(ﬂ'k,7Tk/)+EF(7Tk)EF(7Tk/)] ’[,f k % k/’

v [Er ()~ B3 (i) + Ve (k)| [Er ()~ B (i )+ Vi (i)

where Ep(mg) and Vp(my) are the mean and variance, with respect to the distribution F, of
the admizture proportion from ancestral population k, and Covp(my, mr) is the covariance

between the admizture proportions from ancestral populations k and k'.

Proof. Let individuals, indexed by ¢ = 1,...,n, come from an admixed population with K
ancestral populations and g generations since admixture. Denote the admixture proportions

T
for each individual by m; = (nﬂ WiK) : Zszl T, = 1, and let that vector be drawn

T
from a distribution F' with finite first and second moments. Let a;; = (aiﬂ cagg K) be
the local ancestry vector for individual ¢ at locus j, where Zle a;jx = 2 and a;j;, denotes the

number of alleles inherited by individual ¢ from ancestral population k at locus j. Similarly,

T
let af; = (af;l e af; K) be the parental local ancestry vector, where now Zszl af;k =1
and af;k denotes the number of alleles inherited by individual i from parent P (P = M, F

for mother and father, respectively) that are derived from ancestral population k at locus j.
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Henceforth we will drop the subscript i for the sake of simplicity.

Consider two loci j,j" separated by recombination fraction € or, equivalently, genetic
distance 6 cM. We wish to derive the correlation of local ancestry vectors a;, a;: at these loci,
P P

but first we will consider the correlation of the parental local ancestry vectors a;, aj,.

Note that for the parental local ancestry vector af , exactly one of the components takes
the value 1 and the other K — 1 components must take the value 0. Then, conditional on
the vector of admixture proportions 7, the correlation of components k, k&’ of the parental

local ancestry vectors at loci j, j is:

Cov(aly, ak, | )
JVak [ m)V(ak, | m)
E(ajiajy | 7) = Blaj, | m)E(af), | )
Vel — m)me (1 — mp)
Pr(al, = 1,0l = 1| 7) — mmp
V(= m)me (1= m)

Corr(aly, aky | ™) =

To reduce this further, we must consider two cases. First, suppose that k = k’. Then,
Pr(af, = Laj, = 1| m) = (1 =0)9m + [1 — (1 = 0)9|r}, where 0 is the recombination
fraction between loci j,j’. Second, suppose that k& # k’. Now, Pr(afk = 1,af,k, =1]|x =

(1-0)? x0+[1—(1—0)meme. After simplifying, it follows that

(1-6)7 if k =k
Corr(ajy, al | ™) = (A1)

1-0)¢ —h if k£ £K.
( ) \/7rk(1—7rk)7rk/(1—7rk/) ! #

At each locus, we can separate the local ancestry vector a; into the sum of the parental

local ancestry vectors af , such that a; = a}w + af . The parental local ancestry vectors are
conditionally independent given the admixture proportions 7. Thus, Cov(ai, ajp | 7) =

Cov(ajy, ajh, | ) + Cov(aly, aly,. | w) = 2Cov(al, al,, | 7), and the conditional correlation
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of components of the local ancestry vectors a; is the same as that of the parental vectors af :

2Cov(al, aj,. | )

\/ZV(afk | )2V (b, | )

B Cov(aly, al, | )
V(i [ m)V(al, | m)

= Corr(aly, aky | 7).

COI‘I‘(Cij, Qg | 71') =

We use the laws of total expectation, variance, and covariance to find the marginal

correlation of local ancestry vectors:

Cov(ajk, i)

V'V (a)V(ajw)

_ E[Cov(ajk, ajus | ™) + Cov(E|a, | 7], Elajw | 7))
VAEWV (@ | m)] + V(Elag | #)HEV (a5 | 7)] + V(Elag | 7))}

E[2Cov(aly, aly. | 7)) + Cov(2my, 2 )

\/{E 2me(1 — )] + V (2me) {E[2me (1 — )] + V (27m40) }

B E[Cov(aly,aly, | 7)] + 2Cov(my, )

 VIE(m) — B@) +2V(m)} {B(mw) — B(rg) + 2V (m)}

Corr(ajg, ajy) =

E[(1-6)9 (m,—73)|+2V (m)

: _ 1L
_ E(me)—E? (mi)+V () itk =4k
E[—(1—-0)9m 7y |+2Cov (g, myr) if % %
VAER) =B () +V () HE (3 )= B2 () +V ()}
(1-0)9[E(my) =V (m) — E2(my,) |42V (1) Y,
_ E(my,)—E? (mp)+V (k) itk =k
—(1-0)9[Cov(my,mpr )+ E () E(my, )] +2Cov (g ,m50) if k % L/
VAEmR) =B () +V () HE (3 )= B () +V ()}
(1—0)+[1—(1—0) 2Vp (rs) if k=K

Ep(m)—E% (1) +VE ()

QCO’UF(TK'k,ﬂ'kl)—(l—G)g[COVF(ﬂ'k,ﬂ'k/)+EF(7rk)EF(7rk/)] lf k' % k/
\/[EF(Wk)*E%(Wk)JrVF(Wk)] [Er (7)) = B3 (7)) + Vi (74 ’

as desired. ]
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A.1.2  Theorem 1: Distribution of Test Statistics

Theorem 1. Consider an admized population with K ancestral populations, g generations
since admixture, and admixture proportions distributed according to w ~ F, where F' has
finite first and second moments. For loci j € {1,....m} and ancestry components k €
{1,..., K}, define test statistics Zj, = gefé‘jk) based on Model (3.1) in Chapter 3. Then,
under the universal null hypothesis (B;, = 0 Vj,k), the collection of test statistics Z =

(Zy1 -+ ZmK)T has an asymptotic multivariate normal distribution with mean 0 and co-

variance (and correlation) given by

(1—6) ifk=F
COU(ij, Zj’k’) =

—(1—0) Ep(mp) Er(m,/) T
( )\/EF(Wk)[l—EF(Wk)]EF(W)[1—EF(7Fk')] k7K,

where 0 is the recombination fraction between loci j, 7’ .

Proof. Let individuals, indexed by ¢ = 1,...,n, come from an admixed population with K
ancestral populations and ¢ generations since admixture. Denote the admixture proportions

T
for each individual by m; = <7Ti1 ceeom K) , Zszl mir = 1, and let that vector be drawn

T
from a distribution F’ with finite first and second moments. Let a;; = <aij1 cagg K) be
the local ancestry vector for individual ¢ at locus j, where Zle a;jr = 2 and a;j;, denotes
the number of alleles inherited by individual ¢ from ancestral population & at locus j. Define

Wald test statistics Zjj, = 3,1/5¢(3;x) based on the marginal linear regression model
Ely; | aiji, mi] = o + Bjrais + ymi -k,

for some quantitative trait of interest y. Suppose that the universal null hypothesis holds,
such that ;;, = 0Vj € {1,....m}, k € {1,..., K}. We must show that the collection of test
statistics Z is asymptotically multivariate normal with mean 0 and covariance as defined
above.

It is straightforward to show (e.g., by using the asymptotic equivalence between Wald

tests and score tests, combined with existing results about the asymptotic distribution of
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score tests from such a model [53, 102]) that the test statistics Z are asymptotically multi-
variate normal with mean 0 and covariance matrix X with elements X4 ;i = Cov(Zjk, Zjir).
Furthermore, we can show (e.g., as in Joo et al. [160]) that test statistics Z from the un-
adjusted admixture mapping model (the regression model defined above without 7r) have
covariance Cov(Zjy, Zj) = Corr(a,i, ajx). From the adjusted model (the regression model
defined above with ), however, the covariance of test statistics is simply the correlation of
local ancestry conditioned on the covariates 7 [53]: Cov(Zjy, Zj) = Corr(ak, ajp | ).
Combining these results with Lemma 1, we see that asymptotically the test statistics Z will
have covariance defined by Cov(Zji, Zji) = Corr(aji, ajw | ® = Ep[w]), so

(1—0) if k=K,
COV(ij, Zj/k’) =

1— 9 g _E[ﬂ'k]E[ﬂ'k/] f k? k’/
(1-06) TP Em BBy TR

as desired. O
Corollary 1. When K = 2,

(1 —0)% =~ exp(—0.01g9) if k=F
OOU(ij, Zj’k’) =

—(1—=0)9 = —exp(—0.01g0) if k # K,

where 0 is the genetic distance (cM) between loci j,j', and the distribution of admizture

mapping test statistics can be approximated by an Ornstein-Uhlenbeck process.

Proof. Consider an admixed population with two ancestral populations (i.e., K = 2). Then

from Theorem 1 we have

(1—0) it k=K,
Cov(Zjk, Zyw) =

(1-6) — if k£ K

V Elmi](1-Elm]) E[r2] (1—E[r2])

But Elm ] Elmo] = Elm ] Elro] — 1 since % B(n.) = 1. Further-
VEmI(=EmDElmal(1—Blma)) /Bl (Blwa)) Blra)(Blni]) 2=t E(m)

more, from Siegmund and Yakir [58] we know that (1 — 0)Y ~ exp(—0.01¢gd), where 6,0 are
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the recombination fraction and genetic distance (in cM) between two loci, respectively. It

follows that

(1 —0)9 =~ exp(—0.01g0) if k=K
COV(ij, Zj’k’) =

—(1—-0)? = —exp(—0.01g0) if k # K.
Finally, since Z has this covariance structure and is also a Gaussian process with mean 0 (from
Theorem 1), the distribution of admixture mapping test statistics Z can be approximated

by an Ornstein-Uhlenbeck process [58], as desired. O]

A.2 Test Statistic Simulation Algorithm

In Chapter 3, we propose a simulation-based multiple testing correction approach that simu-
lates admixture mapping test statistics Z = <ZH Zig - ZmK)T from their asymptotic
joint distribution provided by Theorem 1. There are many approaches that could be taken
to simulate tests statistics from this distribution. We propose the following recursive al-
gorithm, which takes advantage of the convenient form of the covariance matrix of this
asymptotic distribution to simulate test statistics quickly and with low memory costs. It is
easy to show that this recursive simulation algorithm generates a collection of test statistics
7 = (Zl Zm>T = (ZH Tk o D --ZmK>T with the appropriate distribu-

tion given by Theorem 1.

A.2.1 The Algorithm

-
1. Set Z, = (Zu ZlK) = LX,, where X; ~ Ni_1(0,Ixc_,).
2. Set Z2 = (1,12Z1 + blgLXQ, where X2 ~ NK—1(0>IK—1)-

3. Set Z3 = (1,2322 + ngLXg, where X3 ~ NK—1(0>IK—1)

m. Set Zm = am_LmZm_l + bm—l,mLXTrw where Xm ~ NK—l(Oa IK—l)
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Here, K is the number of ancestral populations and m is the number of loci. The matrix
L is the K x (K —1)-dimensional square root of ¥ (i.e., LLT = ), where X is the covariance

matrix for admixture mapping test statistics at a single locus:

1 —E(m)E(rk)
VE(m)[1—E(m)]E(nk)[1-E(nk)]
—E(m)E(nk) 1
VE(m)[1—E(m)]E(rx)[1-E(nk)]

For admixed populations with 2 or 3 ancestral populations, we have derived the form of L:

1
-1

LK:2 =

1 0

2
—E(m1)E(m2) 1— —E(m1)E(m2)
Lig_s3= VE(m1)[1—-E(m1)] E(r2) [1— E(r2)] VE(m)[1=E(m1)]E(m2)[1—-E(m2)]

2
—E(rm1)E(n3) — /1= —E(m)E(n3)
VE(m)[1=E(m)|B(r3)[1- E(r3)] VE(m)[1=E(m1)|E(r3)[1-E(r3)]

When K > 3 we can find L by taking the Cholesky decomposition of 3 (e.g., using the mroot

function in the mgcv package [163]). In practice, we replace the population mean admixture
proportions E(7,) in L, ¥ with their sample equivalents (2 37" | 7). Finally, the scalars
a;;, bij depend on the number of generations since admixture, g, and the genetic distance (in

cM), d;;, between consecutive loci ¢ and j:

a;; = exp(—0.01gd;;)

by = \/1 — exp(—2 x 0.01¢5;;)

A.2.2  Computation Time and Recommendations

Others [53, 160] have proposed multiple-testing correction procedures that similarly utilize
knowledge of the asymptotic distribution of test statistics; however, our approach takes

advantage of the specific, convenient form of this distribution for admixture mapping studies
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to speed up computation time. Note that this algorithm scales linearly with the number
of loci m, but run time does not depend on the number of samples n (except through
calculation of the first and second moments of the sample admixture proportions). Run time
does increase slightly, but not drastically, with increasing number of ancestral populations
K. Running 10,000 replicates on the WHI SHARe data took approximately 8 and 9 min for
the African American (K = 2) and Hispanic American (K = 3) samples, respectively.

Computation time can be drastically reduced by considering just a single locus per unique
ancestry block. This is particularly relevant when local ancestry is inferred using software
that calls local ancestry within windows (e.g., RFMix [10]). In the WHI SHARe data we also
saw that this consideration of a single locus per ancestry block led to better estimates of the
genome-wide significance threshold, so we recommend that this thinning step be utilized in
future studies.

We have implemented this algorithm in our R package STEAM (Significance Threshold
Estimation for Admixture Mapping), which is available on GitHub.

A.3 Estimating the Generations Since Admixture

In Chapter 3 we propose an approach that uses non-linear least squares (NLS) estimation,
combined with our theoretical results from Lemma 1, to estimate the number of generations
since admixture g from the observed patterns of local ancestry correlation in a sample of

admixed individuals. Briefly, we wish to find the value of g that minimizes the equations

> (Corr(az, aju) — [ap + (1 = a;)(1 = 6;5)9)* when k = k'
53’
Z (Corr(aje, aji) — 26 — (kg + ) (1 — 9jj’>g])2 when k # I/, (A.2)
J.J’
where Corr(a;i,a;y) is the correlation of local ancestry components k, k" at loci j, j" sep-
arated by recombination fraction #;;. In practice, we replace Corr(ajy, aj) and 6, with
their estimates, and then use either the constrained or unconstrained approach to estimate

* >k k
the scalars aj, b, Cip-
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A.3.1 Constrained Non-Linear Least Squares

The constrained NLS approach takes advantage of the known form of the scalars aj, b}/, cjps

given by Lemma 1:

. 2V (mg)
" B(m) — EX(m) + V(m)
be — Cov(my, mp)
VB — B2(m) + V(m)J[E(mye) — B3 () + V(me)]
and
= E(mi) E(mw)

VIE(m) — E*(m) + V()| [E(my) — B2 (me) + V (mp)]
We set the parameters aj, by, ¢ in Equation (A.2) equal to these forms, replacing pop-
ulation means and covariances with their sample equivalents. This leaves a single unknown

parameter, g, to be estimated using non-linear least squares.

A.3.2  Unconstrained Non-Linear Least Squares

The unconstrained approach ignores our knowledge of the form of aj, bj,,, cj,,. Instead, we

treat these scalars as parameters to be estimated, along with g, using non-linear least squares.

A.3.3 Comparison of Constrained and Unconstrained Approaches in WHI SHARe Data

We calculated the correlation of inferred local ancestry vectors in WHI SHARe at a thinned
set of pairs of loci. Then, we ran constrained and unconstrained non-linear least squares
on the observed local ancestry correlation curves. Results are summarized in Table A.1 and
Figures A.1, A.2. The two approaches yielded similar estimates of the number of generations
since admixture and genome-wide p-value thresholds in the African American and Hispanic
American cohorts (Table A.1). The unconstrained approach led to a slightly better corre-
spondence between the fitted values from NLS and the observed local ancestry correlation
curves (Figures A.1, A.2). This result fits with our intuition, as the unconstrained approach
allows us to estimate the scalars a*, b*, ¢* that provide the best fit to the data, along with

estimating g. We used the estimates from the unconstrained approach for further analyses
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Table A.1: Comparison of the constrained and unconstrained non-linear least squares esti-

mation approaches in WHI SHARe African Americans and Hispanic Americans.

We present the estimated number of generations since admixture (§), the mean squared error

(MSE) comparing fitted values from NLS to the observed local ancestry correlation curves, and the

genome-wide p-value threshold from our test statistic simulation approach using each estimate g.
African Americans Hispanic Americans

g MSE Threshold | ¢ MSE Threshold

Constrained | 6.2 89 x107° 1.97x107° 9.2 14x10* 4.51x10°°

Unconstrained | 5.9 3.0 x 10™® 2.06 x 107® | 9.6 5.5 x 10™® 4.47 x 1076

of the WHI SHARe data, but both approaches are implemented in our R package STEAM,

and the decision about which approach to use is left to the user’s discretion.

A.4 Consideration of Binary Traits

A.4.1 Simulation Methods

To explore the validity of our theoretical work for binary traits, we simulated traits and local
ancestry at pairs of loci for admixed individuals in a variety of populations. For each admixed
individual ¢ = 1,...,n, we first drew admixture proportions from a pre-specified distribution
F representing different population structure scenarios: no structure (w; = 7 Vi), sub-
populations (m; = {m, ms,...,ws} with probability {pi,p2,...ps}, where Z;q:lps = 1),
or Dirichlet admixture proportions (7; ~;;4 Dirichlet(ax)). We considered various choices
of number of individuals (n), number of ancestral populations (K'), and hyperparameters
for the distribution of admixture proportions F. For each haplotype, we independently
simulated crossover events between two loci separated by recombination fraction 6 across
g generations according to a Poisson process. We simulated ancestry at the first locus ac-
cording to a Multinoulli (categorical) distribution with probabilities equal to the vector of
admixture proportions ;. Using the simulated crossover history, we determined whether

any recombination had occurred between the two loci; if so, we independently simulated
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Figure A.1: Correspondence between observed local ancestry correlation in WHI SHARe
African Americans and expected and fitted values based on non-linear least squares estima-

tion.

Each panel presents the local ancestry correlation curves for a pair of ancestry components (Euro-
pean ancestry at both loci, European at one locus and African at the other, or African at both loci).
The black dots represent the observed local ancestry correlation. Dashed lines represent the expected
correlation based on Lemma 1, setting g = ¢ from each non-linear least squares approach (blue =
constrained, red = unconstrained). Solid lines represent the fitted values from each non-linear least
squares approach (i.e., Lemma 1, replacing g with ¢ and the terms depending on E(m),Cov()
with @, b, ¢ defined in Section A.3.1 (constrained) or estimated by NLS (unconstrained)). For the
constrained approach, the expected and fitted values are identical.
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Figure A.2: Correspondence between observed local ancestry correlation in WHI SHARe
Hispanics/Latinos and expected and fitted values based on non-linear least squares estima-

tion.

Each panel presents the local ancestry correlation curves for a pair of ancestry components (Eu-
ropean ancestry at both loci, European at one locus and African at the other, European at one
locus and Native American at the other, etc.). The black dots represent the observed local ances-
try correlation. Dashed lines represent the expected correlation based on Lemma 1, setting g = ¢
from each non-linear least squares approach (blue = constrained, red = unconstrained). Solid lines
represent the fitted values from each non-linear least squares approach.
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ancestry at the second locus according to the same Multinoulli distribution; if not, we set
ancestry at the second locus equal to ancestry at the first. We paired haplotypes to cre-
ate diploid individuals and then simulated binary traits for each individual according to
the model y; ~;;q Bernoulli(0.2) and quantitative traits according to y; ~q N(0,1). Using
these simulated traits, we calculated admixture mapping test statistics at each locus. We
repeated this process 10,000 times and calculated the correlation of admixture mapping test
statistics at the two loci across simulation replicates, then compared the observed patterns

of correlation to the expected correlation given by our theoretical results (Theorem 1).

A.4.2  Simulation Results

Results for a simulated admixed population with three ancestral populations, 10,000 individ-
uals, and admixture proportions drawn from a uniform distribution are presented in Figure
A.3. We see nearly identical correspondence between the observed test statistic correlation
and the expected correlation based on Theorem 1, regardless of whether the trait is binary

(panel A) or quantitative (panel B).
A.5 Software Availability

An R package, STEAM (Significance Threshold Estimation for Admixture Mapping), that
implements the methods described in Chapter 3 and this Appendix is available on GitHub:
https://github.com/kegrinde/STEAM.



134

(A) (B)
1.004 ¢ 1.004 @
c 0751 § = 0751 %
o o
- o) - Q
% 0.501 o % 0.50 \ ° Observgd
= = Theoretical
(@] a o Q
©) 0.251 Q @) 0.25 o
Q o o Q o
Soy %o 00
0.00 Yoo uee500 0.00 000500450
00 01 02 03 04 05 00 01 02 03 04 05
Recombination Fraction (6) Recombination Fraction (6)

Figure A.3: Correlation of admixture mapping test statistics in simulated data with a quan-
titative or binary trait.

(A) Comparison of the observed and expected (theoretical) correlation of admixture mapping test
statistics, testing the first ancestry component at two loci separated by a recombination fraction 6,
in a simulated admixed population with K = 3,n = 10,000, 7; ~;;q Dirichlet ((1 1 1)) , and a
simulated binary trait.

(B) Comparison of the observed and expected (theoretical) correlation of admixture mapping test
statistics, testing the first ancestry component at two loci separated by a recombination fraction 6,
in a simulated admixed population with K = 3,n = 10,000, 7w; ~;;q Dirichlet ((1 1 1)) , and a
simulated quantitative trait.
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Appendix B
APPENDIX FOR CHAPTER 4

B.1 Validation of Theoretical Results

In Chapter 4, we provided the expected effect size estimates from genetic association studies
at causal and neutral SNPs using different techniques for adjusting for ancestral heterogene-
ity. In this Appendix, we provide details and simulation studies validating these analytic

results.

B.1.1  The data-generating mechanism

We consider an admixed population with two ancestral populations, n individuals, and ad-
mixture proportions m; = (m 1— 7Ti>T that are allowed to vary across the population. We
refer to the two ancestral populations as Ancestral Population 1 and Ancestral Population 2,
with m; representing the genome-wide proportion of genetic material inherited by individual
1 from Ancestral Population 1 and 1 — 7; representing the proportion of genetic material
inherited from Ancestral Population 2. We denote local ancestry by a;; = (a'ij 5 _ aij)T |
where a;; and 2 — a;; are the number of alleles inherited by individual ¢ from Ancestral
Populations 1 and 2, respectively, at locus j. Genotypes, quantified as the number of copies
of some pre-specified allele carried by individual ¢ at locus j, are denoted represented by g;;.
We consider two unlinked loci j = 1,2 (e.g., loci on separate chromosomes) and assume that

data are generated according to the following hierarchical model:

T " F for some distribution F

ai; | ™ S Binomial(2, m;), j = 1,2

Gij | aij, P; g Binomial(a;;, pj1) + Binomial(2 — a;j,pj2), j = 1,2
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where pj1, pjo are allele frequencies at locus j in Ancestral Populations 1 and 2, respectively.
Note that since the two loci under consideration are unlinked, we assume that local ancestry
and genotypes at these loci are conditionally independent.

We assume that our quantitative trait of interest y depends only on the genotype at
locus 1, and we allow for the possibility that the admixture proportions 7 have a direct
effect on the trait (e.g., through environmental differences across ancestral populations).

More specifically, we assume that this trait is generated according to
iid
yi = Bo+ Bigin + Brmi + €, € ~ (0,07).

We refer to 8 and [, as the true effect sizes of loci 1 and 2, respectively. Since the trait
only depends on the genotype at locus 1, the true effect size of locus 2 is S5 = 0. We are
interested in using genome-wide association studies (GWAS) and admixture mapping studies
to investigate the association between loci 1 and 2 and the trait of interest.

Assuming that data are generated according to the above-described mechanisms, and

defining E, := E(m) and V, := Var(w), then the following statements are true:
o E(a;) =2E,, j=1,2
o Viaj) =2V, + E.(1—E.)}, j=1,2
e Cov(ay,ay) =4V,
o Cov(aj,m)=2V,, j=1,2
o E(9;) = 2{pia + (jr — pj2) Ex}, j = 1,2
o V(g;) = 2[pj2(1=pj2)+@j—psj2) A=pj1—pj2) Ex+(pjn—pj2) {Vat Ex(1-Ex)}], j = 1,2
o Cov(gi,g2) = 4(p11 — p12) (P21 — P22) V=

e Cov(gj,95) = 2(pj1 = p){Vr + Ex(1 — Em)}, j=1,2
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i Cov(gjvgk) = 4(29]‘1 —ij)Vm J 7"é k
b COV(QJ',W) = Q(le _ij)Vm Jj=12

Furthermore, suppose we define a random variable z, = h(gi,¢2) + €, € ~ (pe,02) for

some function h. Then:

o F(zg) = pre + E{h(g1,92)}

Vi(zg) = 02 + V{h(g1,92)}

e Cov(m, z,) = Cov|m, E{h(g1,92) | 7}]

Cov(ay, zy) = 2Cov(m, zy) + E[Cov{a;, h(g1,92) [ 7}], j = 1,2

Cov(gy, zg) = 2(pj1 — pj2)Cov(m, 2z,) + E[Cov{g;, h(g1,92) | ©}], j = 1,2

These results are straightforward to derive, using our assumed hierarchical data-generating

model and the laws of total expectation
Elz] = E{E[x | y]},

total variance

Vizg] = V{E[z | y]} + E{V[z | y]},

and total covariance

Cov[z,y] = Cov{E[z | 2], E[y | 2]} + E{Cov[z,y | z]}.

B.1.2 (General result

Suppose we fit an unadjusted, admizture proportion adjusted, or principal component adjusted
genetic association model, as defined in Chapter 4. Then, the theory of linear models (com-
bined with a lot of algebra) tells us that the effect size estimates from these models will take

the following forms in expectation....
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Unadjusted model

Model: E[yl | l'ij] = ﬁo + ﬁjxij-
Expected effect size estimate at SNP j:

E[BJ] _ ﬁlcov(gblﬂi)\—i— B-Cov(r, z;)
Var(xj)

I

where Var and Cov are the sample variance and covariance (for example, Var(z;) = -5 3" | (z;;—
= \2
7;)%).

Proof. Let 7 a;,as,g1,82 be drawn from the hierarchical model specified above. Assume

that the trait y is generated such that y = 51 + 5181 + 8.7 + €, where ¢; are drawn .7.d.

from some distribution with mean 0 and variance o. Suppose that at locus j we fit the
unadjusted genetic association regression model Ely | x;] = o1 + (;%;, for some predictor
of interest x; (x; = g; for GWAS, x; = a; for admixture mapping). Then, the estimated

regression coefficients for this model will take the form

B ") - x Xy x = (1 %),
B;
with expected value
Bo
BB = (X™X) X X*8, for X* = (1 - 77) and B8 = | 8,
Br
But .
XTX)! = 11 17\ 1 Var(z;) + E(z;)? —E(x;)
X;rl X;'—XJ nVar(z;) _A(xj)
and
—— 11 17g; 17x 0 E(g1) (7)

—

x/1 x/g xw E(x;) Cov(gy, ;) + E(g1)E(z;) Cov(m,x;) + E(m)E(x))
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It follows that

i Var(z;) Var(z;)E(g1) — Cov(x;, 1) E(x;) Var(z;)E(r) — E(z;)Cov(x;, m)
\//a\r(xj) O éaf(l’j,gl) 60\\7(253‘,71')
and thus - .
E[B]] _ BlCov(xj,g/l)\—f— B-Cov(m, xj)7
Var(z;)
as desired. ]

Admizture proportion adjusted model

Model: Ely; | xij, ] = Bo + Bjxi; + Bam;.
Expected effect size estimate at SNP j:

\//a\r(w)é(;/(gl, z;) — @(gl,w)é(;/(xj, )

Var(m)Var(z;) — Cov(z;, 7)2

E[BJ] = b

Proof. (sketch) The proof of this result follows from similar arguments to that for the unad-
justed model, simply replacing the design matrix X with (1 X; 7r>- With a bit of algebra,
the rest follows. ]

Principal component adjusted model

Model: Ely; | zij, vi] = Bo + Bjxij + Buivin + Bu2via, where vy = m; Vi and v;y = 2; for some
random variable z.

Expected effect size estimate at SNP j:

E[B] = 5 VZ(VﬂCgl,wj B Cg1,7rcarj,7r) - VTI'CQLZijvZ + Cﬂvz(Cgl,FCl‘jvz + Cglvzcxjv” — Cglvgoﬂvz)
! ! V:z(v;rv;c] - 02 ) - Vwogjvg + Cﬂ,z(QijJrCa:j,z - ijcﬂ,z) ’

Zj,T

where V, = \//a}(a) and Cyp = 6(;/(&, b).

Proof. (sketch) Again, this proof follows from similar arguments to that for the unadjusted
model, now replacing the design matrix X with <1 X; z). After making this substitu-

tion, the rest follows. []
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B.1.3 GWAS and admizture mapping results

Combining the results from Sections B.1.1 and B.1.2, we can derive the estimated effect size
estimates from GWAS and admixture mapping models in admixed populations with two
ancestral populations. We consider studies with large sample sizes, such that we can replace

the sample variance Var and covariance Cov with their population equivalent.

Unadjusted model

Below, we provide the expected effect size at the causal SNP (SNP 1) and a neutral unlinked
SNP (SNP 2) from GWAS and admixture mapping models that do not adjust for ancestral
heterogeneity. For notational simplicity, we drop the subscript .

At the causal SNP (SNP 1),

E[3OWAS] — B1Cov(g1, g1) + BxCov(m, g1)
' Var(g1)

Bwvw(pn - plz)
p12(1 = p12) + (P11 — p12)(1 — p1r — p12) Ex + (P11 — p12)?(Ve + B — E2)
par) _ BCov(on.) + B Cov(r. )
! Var(ay)

=01+

n BV
Vi + E — EY
and at the unlinked neutral SNP (SNP 2),
E[ AZGWAS] _ ﬂ1COV(gl, 92) + BWCOVOR 92)
Var(gs)
_ (P21 — P22) V281 (p11 — p12) + Br]
 paa(1— paz) + (P21 — p22)(1 — pa1 — pa2) B + (pa1 — pa2)2(Vix + E — E2)
E[ A?MAP] _ BICOV(glv a2) + ﬁWCOV(ﬂ-v G’Q)
Var(as)
N V2261 (p11 — p12) + Bx]
Ve+ E, — E2 '

= [ (Pn - p12)

Admixture proportion adjusted model

Next, we consider the GWAS and admixture mapping models that adjust for the true ad-

mixture proportions 7;. Again, we drop the subscript ¢ for simplicity.
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At the causal SNP (SNP 1),

Var(m)Cov(g1,91) — Cov(gy, m)Cov(gy, 7)
Var(m)Var(g;) — Cov(gy, m)?

EIG) =

:Bl

EIGAMAPY _ Var(m)Cov(gi, a1) — Cov(gy, m)Cov(ay, )
151 | =5

Var(m)Var(a;) — Cov(ay, m)?

=5 (Pn - p12),

and at the unlinked neutral SNP (SNP 2),

Var(m)Cov(g1, g2) — Cov(gy, m)Cov(gs, )
Var(m)Var(gz) — Cov(ge, m)?

BBV = B,

=0
Var(m)Cov(gi, az) — Cov(gy, m)Cov(ag, )

AAMA _
BB M) = By Var(m)Var(ay) — Cov(ag, m)?

=0.

Principal component adjusted model

Finally, we consider GWAS and admixture mapping models that adjust for two principal
components (v,V2), where the first PC captures global ancestry (v;; = m; Vi) and the

second PC captures some other feature quantified by the random variable z (v; 2 = 2 Vi).
First, we provide results considering a general form of z. At the causal SNP (SNP 1),

Vz(vncghgl — 091,71'091,#) — VTrCthCgl,Z + Cﬂ',Z(CglﬂTCghz + Cglzzcglvﬂ’ — Cgl,g1 777'2)
Vz(VnV}n - C? ) - Vﬂ'02 + Cﬂ,Z(chlﬂTCgLZ - V;chﬂ':z)

9177‘- 9172

E[B7" 4] = py

=
E[ AAMAP] _ 5 V»Z(Vﬂcgl,al B Cglﬂrcamr) _ Vfrcghzcal,z + CN,Z(Cgl,wCal,z + Cghzcawr B Cg1,&107r,z)
! ' V.(VaViy = C2, ) = VaC2,  + Cr o(2C0, 2Cly 2 — Vi, Cr2)

V.51 E[Cov(ay, z | /)|{E[Cov(g, 2z | )] — (p11 — p12) E[Cov(ay, z | )]}
‘/Z<V7T‘/:11 - C2 ) - V7r02 _'_ Cﬂ’,z(QCal,ﬂCal,z - ‘/;11 Cfr,z)

ay,m ai,z

= fi(p11 — p12) +
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and at the unlinked neutral SNP (SNP 2),

E[BGWAS] _ B VZ(VWCQLQ B Cglﬂrcgz 7r) V Cgl 2092 2T CTF,Z<09177T0927Z + 09172092,71’ — Cghgzomz)
? ' Vo(ViVy, = C2,.) = VaC2, . + Cr2(2Cy, <C, - — Vi Cr )
_3 —V,.E[Cov(g1,z | m)|E[Cov(ga, z | 7)]
' VZ(V V ng 7r) V; ng z + CW,Z(2ng,7Tng,z - ngcﬂ,Z)
E[ AAMAP] _ 61 VZ(V?TCgl,az Cgl,wcaz Tr) V; 091 zcaz 2t Cﬂ,Z(CgLWCaQ,Z + 0917ZCG277T B Cgmzz CW,Z)
? VZ<VWVa2 ng 7r> V 022 z + Oﬂ,z(zcamﬂcamz - Va2 OW,Z)
—V,E[Cov(gy, z | m)|E[Cov(as, z | )]

‘/Z<V V 032 ﬂ.) V C2 + Cﬂ,z<2ca2,7r0a2,z - ‘/CLQCW,Z> ‘

a2,z

:51

Now, suppose z = z, = 2181 + 2282 + €, e ~ (ue,ag) for some scalars z1, zo. In other
words, the 2nd PC captures genotypes at two SNPs, one of which is the causal SNP (SNP
1) and the other is an unlinked neutral SNP (SNP 2). Then, at the causal SNP (SNP 1),

B[4 = py

E[ Af‘MAP] =5 (pn - p12)

ny =423 (p11 — p12) Ve (Ex — E2 — Vi) [p12(1 — p12) + (p11 — p12) (1 — p11 — p12) Ex]
! ‘/Z(VWVG1 Cgl ﬂ') V 031 z + CW,Z(QOal,WCal,z - ‘/;ll CT(,Z) 7

and at the unlinked neutral SNP (SNP 2),

E[ASVA5] = 3 —4212Vy
2 ! V (V ‘/22 C%Q ﬂ') V CQ + Cﬂ',z(Qsz,ﬂCmg,z - ‘/zz Cﬂ*,z)

2
H Pi2(1 = pja) + (pj1 — pi2) (1 — pj1 — pj2) Ex + (pj1 — pj2)*(Ex — EZ = V7]

| AMAP] 3 —42129(pa1 — P22) Ve (Ex — EZ — Vp)
WVo(VeViy = C2, 1) = VaC2, .+ Cr o(2Ca, 2Cay - — Vi, O 2)

X [p1a(1 = p12) + (p11 — p12)(1 — p11 — p12) Ex + (p11 — p12)(Ex — E2 = V,)].
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Figure B.1: Barplot of simulated admixture proportions.

B.1.4 Two locus simulations

To support these theoretical results, we performed a small simulation study. We generated
data according to the data generating mechanism described in Section B.1.1, and then we
compared the observed effect size estimates from GWAS and admixture mapping to the
derived expected values provided in Section B.1.3.

We considered a variety of simulation settings, but present results from just a single
setting here. Admixture proportions for n = 5000 individuals were generated from the dis-
tribution F' = Beta(7,2) (see Figure B.1), allele frequencies at the causal SNP were 0.7
(ancestral population 1) and 0.2 (ancestral population 2), allele frequencies at the neutral
SNP were 0.7 (ancestral population 1) and 0.2 (ancestral population 2), admixture pro-
portions did not have a direct effect on the trait (5, = 0), and the 2nd PC was generated
according to z; = 219,14+ 229:2+¢€; for a range of values z1, 2o and added noise ¢; Y (0,0.25%).

In Figures B.2, B.3, B.4, and B.5 we plot the effect size estimates from GWAS and
admixture mapping models that we observe in our simulation study, and compare these
observed effect size estimates to the expected effect sizes based on our analytic results (Section
B.1.3), as well as the true effect sizes based on the data-generating mechanism (Section B.1.1).

We see a perfect correspondence between the observed effect sizes and the expected effect
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Figure B.2: Observed versus expected and true effect sizes from unadjusted GWAS and
admixture mapping models.

Observed effect sizes = solid lines with points (red with dots = SNP 1, blue with triangles = SNP
2). Expected effect sizes = wider and faintly colored solid lines (red = SNP 1, blue = SNP 2).
True effect sizes = dashed lines (red = SNP 1, blue = SNP 2). The y = z line is also provided for
reference (dotted black line).

sizes provided by our analytic results. Comparing these observed and expected effect sizes to

the truth provides insight into the magnitude of bias that can be expected from each model.
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GWAS: Admixture Proportion Adjustment AMAP: Admixture Proportion Adjustment
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Figure B.3: Observed versus expected and true effect sizes from admixture proportion ad-
justed GWAS and admixture mapping models.

Observed effect sizes = solid lines with points (red with dots = SNP 1, blue with triangles = SNP
2). Expected effect sizes = wider and faintly colored solid lines (red = SNP 1, blue = SNP 2).
True effect sizes = dashed lines (red = SNP 1, blue = SNP 2). The y = z line is also provided for
reference (dotted black line).
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GWAS: Principal Component Adjustment
PC2 = z1x1 + z2x2 + N(0,0.25"2)
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Figure B.4: Observed versus expected and true effect sizes from principal component adjusted
GWAS models.

Each panel represents a different simulation setting where the second PC was generated according
to the equation z1g;1 + 22gi2 + N (0, 0.252), changing the scalars z1, z2 in each panel. Observed effect
sizes = solid lines with points (red with dots = SNP 1, blue with triangles = SNP 2). Expected
effect sizes = wider and faintly colored solid lines (red = SNP 1, blue = SNP 2). True effect sizes
= dashed lines (red = SNP 1, blue = SNP 2). The y = z line is also provided for reference (dotted
black line).
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AMAP: Principal Component Adjustment
PC2 = z1x1 + z2x2 + N(0,0.25"2)
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Figure B.5: Observed versus expected and true effect sizes from principal component adjusted
admixture mapping models.

Each panel represents a different simulation setting where the second PC was generated according
to the equation z1g;1 + 22gi2 + N (0, 0.252), changing the scalars z1, z2 in each panel. Observed effect
sizes = solid lines with points (red with dots = SNP 1, blue with triangles = SNP 2). Expected
effect sizes = wider and faintly colored solid lines (red = SNP 1, blue = SNP 2). True effect sizes
= dashed lines (red = SNP 1, blue = SNP 2). The y = z line is also provided for reference (dotted
black line).
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B.2 Comparison of pre-PCA Filtering

In Chapter 4, we showed that adjusting for PCs that capture small regions of the genome
rather than global ancestry can induce spurious associations in genetic association studies.
We showed that this problematic behavior occurred in our analysis of genotype data from
WHI SHARe African Americans when PCs were generated using all 551,025 available SNPs,
or if we excluded regions identified in the literature as being potentially problematic for PCA.
However, problems were ameliorated when we used PCs that were generated after strict LD
pruning, using an r? threshold of 0.1 and window size of 0.5 Mb. In this Appendix, we

investigate the behavior of PCs generated after different filtering techniques.

Many authors have suggested using an r? threshold of 0.2 for LD pruning prior to running
PCA [142, 68, 164, 136, 135, 131, 66, 129]. Furthermore, this threshold is the default for LD
pruning software such as SNPRelate [133]. However, in our analysis of WHI SHARe data,
we found that using an 72 threshold of 0.2 prior to running PCA still led to one of the top
four PCs being highly correlated with small regions of the genome (Figure B.6), while if we
used a stricter r? threshold of 0.1, the peaks have disappeared (at least for the top four PCs).

We also compared different choices for the window size to use in LD pruning. In the
literature, various window sizes have been suggested, including 10 Mb [89], 2 Mb [68], or
0.5 Mb (the SNPRelate default), although others have suggested that window size may not
have a big impact [136]. In our analysis of WHI SHARe data, we see little difference in
the correlation between PCs and genotypes regardless of the choice of window (Figure B.7).
Using a smaller window size is less computationally involved, so we used the window size 0.5

Mb for the remainder of our analyses.

Finally, we also considered filtering out regions that were highly correlated with PCs in our
own data, as has been done previously [66, 142]. To implement this data-based filtering, we
investigated the SNP loadings for each of the top four PCs (the SNP loadings are proportional
to the correlation between the PCs and genotypes at each SNP). Starting with the second

PC, we found the SNP on each chromosome with the largest loading: if this loading was
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Figure B.6: Correlation between PCs and genotypes in WHI SHARe African Americans
using different LD pruning thresholds.

Each panel plots the absolute value of the correlation (y-axis) between principal components and
genotypes at each position along the genome (x-axis). Panels are stratified according to which PC
is being investigated (1, 2, 3, or 4) and what r? threshold was used when running LD pruning prior
to running PCA: none (no LD pruning), prune0.2 (LD pruning with 72 = 0.2 and window size =
0.5 Mb), or prune0.1 (after LD pruning with r? = 0.1 and window size = 0.5 Mb).
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Figure B.7: Correlation between PCs and genotypes in WHI SHARe African Americans
using different LD pruning window sizes.
Each panel plots the absolute value of the correlation (y-axis) between principal components and
genotypes at each position along the genome (x-axis). Panels are stratified according to which PC
is being investigated (1, 2, 3, or 4) and what window size was used when running LD pruning prior
to running PCA: none (no LD pruning), prune0.5 (LD pruning with 2 = 0.1 and window size
= 0.5 Mb), prune2 (LD pruning with r? = 0.1 and window size = 2Mb), or prunel0 (after LD
pruning with 72 = 0.1 and window size = 10 Mb).



151

larger than 0.005, we excluded the SNP and all SNPs within M Mb; if the loading was
small, we kept all SNPs on the chromosome. (We considered M = 1,5,10, and 20 Mb.) We
repeated this process for PCs 3 and 4, and then re-ran PCA using the SNPs that remained.
Using these new PCs, we re-calculated SNP loadings and looked to see if there were still
regions of the genome that were driving the PCs. If so, we repeated this entire process. This
data-based filtering process is very tedious, and even after four rounds of exclusions with
M = 5 Mb we found that the problematic behavior did not totally go away (Figure B.8).
In WHI SHARe data, at least, strict LD pruning is the most effective in eliminating the

correlation between PCs and genotypes in small regions of the genome.
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Figure B.8: Correlation between PCs and genotypes in WHI SHARe African Americans after
multiple rounds of data-based exclusions.
Each panel plots the absolute value of the correlation (y-axis) between principal components and
genotypes at each position along the genome (x-axis). Panels are stratified according to which
PC is being investigated (1, 2, 3, or 4) and how many iterations of our data-based procedure
for excluding potentially problematic regions were implemented prior to running PCA: none (no
exclusions), ezcludel (one round of exclusions, using a window size of 5 Mb), ezclude2 (two rounds
of exclusions, using window size = 5Mb), ezcluded (three rounds of exclusions, using window size
= bMb), or exclude (four rounds of exclusions, using window size = 5Mb).
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Appendix C

APPENDIX FOR CHAPTER 5

C.1 Kidney Phenotype Processing

To account for differences in serum creatinine assays over time, we calibrated the reported
serum creatinine levels from each study according to standard techniques. See Table C.1 for

details.

Estimated glomerular filtration rate (eGFR) was calculated from serum creatinine (scr)
and demographic variables (age, sex, race/ethnicity) using the Chronic Kidney Disease Epi-

demiology Collaboration (CKD-EPI) equation [152]:

144 x (22) 7" % 0.993%¢ x [1 +0.159 x 1(black)], if female and scr < 0.7

- 144 x (52)7% 5 0.993%¢ x [1 4 0.159 x 1(black)], if female and scr > 0.7
) - 141 x (%)70'411 x 0.993%¢° x [1 + 0.159 x 1(black)], if male and scr < 0.9
141 x (22) 7% % 0.993%° x [1 +0.159 x 1(black)], if male and scr > 0.9.

A binary indicator of chronic kidney disease (CKD) was then generated based on the calcu-

lated eGFR:

1 if eGFR < 60
CKD =

0 if eGFR > 60.

Some individuals appeared in more than one contributing study. We removed duplicates

and kept just one entry per subject. See Table C.1 for details.
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Table C.1: Processing of TOPMed kidney phenotype data.
Calibration of serum creatinine levels across studies and removal of duplicate samples. No changes
were made to the data from the GeneSTAR and JHS studies.

Study Serum creatinine calibration Duplicate removal

ARIC n/a Remove subjects also in GENOA, HyperGEN,
WHI, JHS, or GeneSTAR

GENOA n/a Remove subjects also in JHS

HyperGEN | Add 0.0338 mg/dL n/a

MESA Multiply by 0.95 Remove subjects also in HyperGEN, ARIC,
WHI, and GeneSTAR

WHI n/a Remove subjects also in HyperGEN

C.2 Local Ancestry Inference

C.2.1 SGDP Reference Panel

The reference panel used for local ancestry inference was drawn from the Simons Genome
Diversity Project (SGDP) [153]. We considered only those individuals from the SGDP
Regions Africa, America, and West Eurasia. Populations were excluded if they appeared
to contain admixed individuals, based on examining the estimated admixture proportions
in Extended Data Figure 3 in Mallick et al. [153]. We also restricted our attention to the
European populations in the West Eurasia region, excluding Middle Eastern populations.

Table C.2 lists all populations that were included in our reference panel.

C.2.2 RFMix Commands

We used the following RFMix commands to perform local ancestry inference in the TOPMed

African American, African Barbados, and Hispanic/Latino samples:

python RunRFMix.py PopPhased chr22_AA.alleles AA.classes chr22.snploc
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Table C.2: SGDP populations included in reference panel for TOPMed local ancestry infer-
ence.

Ancestral Population SGDP Populations

AFR BantuHerero, BantuKenya, BantuTwsana, Biaka, Dinka, Esan,
Gambian, Igbo, Ju hoan North, Khomani San, Kongo, Lemande,
Luhya, Luo, Mandenka, Mbuti, Mende, Yoruba

EUR Albanian, Basque, Bergamo, Bulgarian, Czech, English, Estonian,
Finnish, French, Hungarian, Icelandic, Norwegian, Orcadian,
Polish, Russian, Sardinian, Spanish, Tuscan

NAM Chane, Karitiana, Mayan, Mixe, Nahua, Piapoco, Pima, Quechua,

Surui, Zapotec

--forward-backward -o chr22_AA --disable-parallel -n 5 -G 6 --num-threads 1 -w 0.1

python RunRFMix.py PopPhased chr22_AB.alleles AB.classes chr22.snploc

--forward-backward -o chr22_AB --disable-parallel -n 5 -G 8 --num-threads 1 -w 0.1

python RunRFMix.py PopPhased chr22_HL.alleles HL.classes chr22.snploc

--forward-backward -o chr22_HL --disable-parallel -n 5 -G 10 --num-threads 1 -w 0.1

We found that running RFMix on all samples led to memory issues during the re-phasing
step. To get RFMix to run without crashing, we had to split our samples into smaller subsets
(size n = 250 for chromosomes 1 and 4 and n = 500 for the remaining chromosomes) and
run RFMix separately on each subset. This does not affect the accuracy of our local ancestry
inference, since RFMix performs inference on each haplotype independently when the EM
option is not being used.

We used a smaller window size (0.1 cM) than the RFMix default (0.2 ¢M). Using this

smaller window size helped with memory issues and allowed us to capture changes in local
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Figure C.1: Comparison of RFMix posterior probabilities using different window sizes.
Average maximum posterior probabilities for each SNP (left panel) or haplotype (right panel) using
RFMix to call local ancestry in TOPMed with a window size of 0.2 ¢M (the default) or 0.1 cM. The
red line is the y = x line.

ancestry segments at a finer resolution. In addition, we found that RFMix tended to have
larger posterior probabilities when we used this smaller window size. Comparing the posterior
probabilities generated by RFMix on chromosome 22 after using a subset of size 500 individuals
and window size of 0.2 ¢cM, versus a subset of size 1000 individuals and window size of 0.1cM,
we saw that 87% of SNVs and 62% of haplotypes had a higher average maximum posterior
probability using the 0.1 ¢cM window size option (see Figure C.1). Running RFMix with a
window size of 0.2 cM and subsets of size 1000 individuals crashed due to memory issues on

chromosome 22.
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C.2.3 Local Ancestry Quality Checks
Comparison to University of Michigan Local Ancestry Calls

A group at the University of Michigan previously performed local ancestry inference on
the TOPMed freeze 5b samples. Although they used RFMix as we did, their reference panel
differed considerably from ours. Most notably, they considered seven reference populations—
Africa, Europe, America, Central/South Asia, East Asia, Middle East, and Oceania—while
we only considered three. In addition, their reference panel was based on genotype data
rather than sequence data. The number of samples and SNVs included in each reference

panel is summarized in Table C.3.

Table C.3: Description of reference panels used for TOPMed local ancestry inference by two
groups.

Source of reference panel data and number of ancestral populations, number of samples, and number
of SNVs included in the reference panel.

Source No. Populations No. Samples No. SNVs
Michigan HGDP [111] 7 938 639,958
Us (Chap. 5) SGDP [153] 3 92 49,791,567

Local ancestry inference can only be performed on the overlapping set of SNVs between
the reference panel and TOPMed data. As mentioned in Chapter 2, we found in previous
analyses that the accuracy of local ancestry inference improved when we consider a larger
number of SNVs; even if fewer samples are included in the reference panel (see also: [50]).
This motivated our decision to use sequence data from SGDP, even though a smaller number
of samples were available for our reference panel (92 African, European, and Native American
individuals versus 321 from those same populations in HGDP).

The Michigan group chose to include four additional ancestral populations (Oceania,
East Asian, Central/South Asia, and Middle East) in their reference panel. While this

decision is useful for various population genetic analyses, for our admixture mapping analyses
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Figure C.2: Barplot of estimated admixture proportions for 4,695 TOPMed Hispanic/Latino
samples based on Michigan local ancestry calls.

Seven ancestral populations were considered: Oceania (OCN), East Asian (EA), Central/South
Asia (CSA), Middle East (ME), Africa (AFR), America (NAM), and Europe (EUR).

we preferred a more parsimonious analysis looking at just the three ancestral populations
(African, European, and Native American) most widely considered to contribute to the
ancestry of Hispanics/Latinos and African Americans. In addition, looking at the Michigan
local ancestry calls, we found a larger amount of inferred Middle Eastern ancestry than we
would expect, particularly among Hispanic/Latino (Figure C.2) and European American
(Figure C.3) subjects. This could be explained, at least in part, by previous work that
suggests that RFMix struggles to distinguish between Middle Eastern and European ancestry
[165].

Comparing the admixture proportions generated from the Michigan local ancestry calls
to our own, we see a nice correspondence between the two (Figure C.4). In particular,
the African admixture proportions are nearly perfectly correlated. There is slightly lower
correlation across the sets of admixture proportions for the European and Native American

components, but we can improve this correlation by combining the European, Middle Eastern
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Figure C.3: Barplot of estimated admixture proportions for 28,602 TOPMed European
American samples based on Michigan local ancestry calls.

Seven ancestral populations were considered: Oceania (OCN), America (NAM), Africa (AFR), East
Asian (EA), Central/South Asia (CSA), Middle East (ME), and Europe (EUR).

and Asian local ancestry calls from Michigan into a single category.

Distribution of Local Ancestry Assignments

At each locus, we calculated the proportion of local ancestry calls assigned to the African,
European, and Native American ancestral populations in the TOPMed admixed samples. We
plotted the distribution of these proportions across the genome in Figure C.5. The proportion
of local ancestry calls assigned to each ancestral population stays relatively constant across
the genome, although there are a few regions (e.g., parts of chromosomes 6, 8, and 21) that
deviate slightly from the genome-wide average. Deviations could be due to artifacts in the
local ancestry caller, or due to processes such as selection [166, 167]. A list of these regions

is available to TOPMed investigators using our local ancestry calls upon request.
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Figure C.4: Comparison of estimated admixture proportions, based on our local ancestry
calls or the calls generated by a group at the University of Michigan, for 20,050 TOPMed
admixed individuals.

Panel (A) compares the two sets of African admixture proportions, (B) compares the Native Amer-
ican proportions, (C) compares the European proportions, and (D) compares our European pro-
portion to the sum of Michigan’s European, Middle Eastern, and Asian admixture proportions.
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Figure C.5: Proportion of TOPMed local ancestry calls assigned to each ancestral population
at each locus.

Proportion of calls assigned to Native American (bottom), European (middle) or African (top)
ancestry across all 20,048 African American, African Caribbean, and Hispanic/Latino TOPMed
samples. Points falling outside the red dashed lines (NAM: 0.081-0.105, EUR: 0.247-0.285, AFR:
0.624-0.658) represent the 1% of loci with proportions furthest from the genome-wide averages
(black dashed lines; NAM: 0.093, EUR: 0.266, AFR: 0.641).
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Figure C.6: Average maximum RFMix posterior probabilities at each locus in TOPMed.
The average, across all admixed TOPMed haplotypes, of the maximum posterior probability at
each locus. Points falling below the black dashed line (y = 0.993) represent the 1% of loci with the
smallest posterior probabilities.

REMix Posterior Probabilities

As discussed in Chapter 2, at each locus RFMix produces posterior probabilities of each an-
cestry given the observed haplotype, and the ancestry with the largest posterior probability
is the one that is ultimately called at that position. In our analysis of the TOPMed data,
three posterior probabilities (for African, European, and Native American ancestry) were
generated for each haplotype at each position. We recorded the largest of these three prob-
abilities, corresponding to the posterior probability for the called ancestry, and compared
the average (across haplotypes) of these maximum posterior probabilities at each position
along the genome (Figure C.6). In general, these posterior probabilities were quite high, but
there are some regions—often at the ends of chromosomes—where RFMix was somewhat less

confident in the calls it made. Again, a list of these regions is available upon request.
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Figure C.7: Breakpoints in inferred local ancestry segments in TOPMed.

Number of local ancestry segments (out of ~ 40k haplotypes) that terminate in each 0.1 ¢cM window
across the genome. Points falling above the black dashed line (y = 514) represent the 1% of windows
containing the largest number of breakpoints.

Distribution of Local Ancestry Breakpoints

As a final quality check, we investigated the distribution of the breaks in inferred local
ancestry segments across the genome (Figure C.7). Variability in the number of breaks
occurring in each region of the genome could be due to biases in the local ancestry caller,
or due to underlying biological causes such as variation in recombination rates across the
genome. A list of regions with unusually high numbers of local ancestry breakpoints is

available upon request.
C.3 Estimating the Number of Generations Since Admixture

According to our work in Chapter 3 (see also: [59]), we can use the observed pattern of local
ancestry correlation in our sample to estimate the number of generations since admixture.
This estimate is used by our program STEAM, along with theoretical results regarding the
expected pattern of local ancestry correlation in an admixed population with population

structure as observed in our sample, to determine the appropriate genome-wide significance
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threshold for our admixture mapping study. Although this approach was developed in the
context of unrelated samples, it still seems to perform well here, at least in the sense that the
expected local ancestry correlation curves derived under the assumption of unrelated samples
are consistent with the observed patterns of local ancestry correlation in the TOPMed data
(Figures C.8, C.9, C.10).

Our estimate of the number of generations since admixture varied depending on whether
we used all admixed samples (¢ = 6.67), African Americans only (§ = 6.69), or Hispan-
ics/Latinos only (¢ = 9.39). In all three cases, we observed a nice correspondence between
the observed and expected patterns of local ancestry correlation (Figures C.8, C.9, C.10),
perhaps with the exception of the correlation of the Native American ancestry component at
pairs of loci across all (bottom right panel of Figure C.8) or African American (bottom right
panel of Figure C.9) samples. Furthermore, the estimates ¢ are consistent with previous

studies [59, 48, 115, 116, 9, 23] (see also: Chapter 3).
C.4 Quantile-Quantile Plots for Association Studies

Quantile-quantile (QQ) plots are often used as diagnostic tools in genetic association studies.
To create a QQ plot, we sort the observed p-values from our association study versus the
expected p-values under the null hypothesis (assuming independence across loci; i.e., p-values
~iiq Uniform(0, 1)). These plots, along with the corresponding inflation factors A, are often
used to diagnose inadequate control of population structure or other artifacts [168, 169]. It is
worth noting that QQ plots may not be the most appropriate diagnostic tool for admixture
mapping studies, given the increased amount of correlation among admixture mapping test
statistics relative to the genome-wide association studies in which these plots are typically
used. Nonetheless, we provide the QQ plots corresponding to our primary (Figure C.11)
and secondary (Figures C.12-C.15) admixture mapping analyses and association mapping

analysis (Figure C.16) here.



AFR

Local ancestry correlation

EUR

Local ancestry correlation

NAM

Local ancestry correlation

g =6.67 g =6.67 g =6.67
1.00 0.00 0.00
—— Expected
c 0.75 O Observed c -0.25 c -0.25
k<] k<] k<]
%050 %roso %roso /
£ £ £
8 8 — Expected 8 — Expected
025 075 O Observed 075 O Observed
0.00 -1.00 -1.00
0 100 200 0 100 200 0 100 200
Distance (cM) Distance (cM) Distance (cM)
Local ancestry correlation Local ancestry correlation
g =6.67 g =6.67
1.00 0.50
— Expected
c 075 © Observed = 025
k<] k<]
E 0.50 E 0.00 ﬁ
g g —— Expected
8 8 O Observed
0.25 -0.25
0.00 -0.50
0 100 200 0 100 200
Distance (cM) Distance (cM)
Local ancestry correlation
g=6.67
1.004
—— Expected
c 075 O Observed
k<]
T
o 050
£
Q
o
0.254
0.00
0 100 200
Distance (cM)

dn3 d4v

INVN

165

Figure C.8: Observed and expected local ancestry correlation curves for all TOPMed sam-

ples.

We plot the correlation in local ancestry components at pairs of SNVs versus the distance between
those loci. Expected values are based on the estimate § = 6.67 from running our non-linear least
squares regression approach (proposed in Chapter 3; implemented in STEAM) on all admixed samples
included in our admixture mapping analysis.
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Figure C.9: Observed and expected local ancestry correlation curves for African American
TOPMed samples.

We plot the correlation in local ancestry components at pairs of SNVs versus the distance between
those loci. Expected values are based on the estimate § = 6.69 from running our non-linear least
squares regression approach (proposed in Chapter 3; implemented in STEAM) on African American
samples included in our admixture mapping analysis.
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Figure C.10: Observed and expected local ancestry correlation curves for Hispanic/Latino
TOPMed samples.

We plot the correlation in local ancestry components at pairs of SNVs versus the distance between
those loci. Expected values are based on the estimate ¢ = 9.39 from running our non-linear least
squares regression approach (proposed in Chapter 3; implemented in STEAM) on Hispanic/Latino
samples included in our admixture mapping analysis.
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Figure C.11: QQ plots for eGFR admixture mapping study in 9,479 admixed samples.

Expected versus observed p-values from testing the association between eGFR and African (left
panel), European (middle panel), and Native American (right panel) local ancestry.
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Figure C.12: QQ plot for eGFR admixture mapping study in 8,303 African American sam-
ples.

Expected versus observed p-values from testing the association between eGFR and African local
ancestry.
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Figure C.13: QQ plot for eGFR admixture mapping study in 1,176 Hispanic/Latino samples.
Expected versus observed p-values from testing the association between eGFR and African (left

panel), European (middle panel), and Native American (right panel) local ancestry.
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Figure C.14: QQ plot for serum creatinine admixture mapping study in 9,479 admixed
samples.

Expected versus observed p-values from testing the association between serum creatinine and

African (left panel), European (middle panel), and Native American (right panel) local ancestry.
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Figure C.15: QQ plot for CKD admixture mapping study in 9,479 admixed samples.

Expected versus observed p-values from testing the association between chronic kidney disease and
African (left panel), European (middle panel), and Native American (right panel) local ancestry.
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Figure C.16: QQ plot for eGFR association mapping study in 9,479 admixed samples.
Expected versus observed p-values from testing the association between eGFR and genotype.



