Population Genomic Insights Into Recent Human

Evolutionary History

Leslie S. Emery

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington
2014

Reading Committee:
Joshua M. Akey, Chair
Joseph Felsenstein

Jay Shendure

Program Authorized to Offer Degree:

Genome Sciences



© Copyright 2014

Leslie S. Emery

(@0l

This work is licensed under a Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 International License.
http://creativecommons.org/licenses/by-nc-sa/4.0/




University of Washington

Abstract

Population Genomic Insights into Recent Human Evolutionary History

Leslie S. Emery

Chair of the Supervisory Committee:
Associate Professor Joshua M. Akey

Department of Genome Sciences

The advent of large-scale population genomic datasets has enabled detailed
inferences regarding human evolutionary history. Demographic changes and positive
selection have left their marks on the genome and we can now begin to decipher them.
In this dissertation, | present the work | have completed on the topic of human
population genomic inference. In chapter 1, | begin by reviewing the importance of
human genetic variation and the factors that influence it, focusing on the effects of
demographic changes and positive selection. Chapter 2 describes an analysis of
genetic ancestry in a worldwide sample of human populations. | show that
mitochondrial lineage tests overlook large amounts of variation in genetic ancestry. In
chapter 3, | focus on inferences regarding the effective sex ratio in the recent
evolutionary past. | present a reanalysis of SNP and resequencing data that resolves a
set of conflicting results from previous studies. Using coalescent simulations, | present

a model of a recent male bias in effective population size, coupled with an earlier



female bias, which is consistent with existing genetic variation on the X chromosome
and the autosomes. In chapter 4, | present a comprehensive study of the performance
of a battery of neutrality test statistics under a wide range of realistic models of positive
selection in recent human evolution. | demonstrate that existing tests perform better
than expected for detecting the signatures of a soft sweep from standing variation.
Then, | develop a genome-wide approach, the Cumulative Selection Score (CSS), for
combining the signals from multiple neutrality test statistics to detect the signatures of
positive selection with greater accuracy. By implementing this approach in genomic
variation data for chromosome 2, | show that the CSS can be applied to whole-
genome datasets. | conclude in chapter 5 by discussing the potential of population

genomic inferences and the future of the field.
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1. Introduction

1.1 Factors that influence human genetic variation

The amount and distribution of genetic variation in human populations is a direct
result of our evolutionary past. Each individual carries with them a genetic record of
this evolutionary past that rivals archaeological and paleontological evidence for its
objectivity and its detail. The two strongest evolutionary factors that influence extant
human genetic variation are demography and selection. These two factors have
interacted to leave us with a genetic legacy that affects the distribution of genetic
ancestry, the prevalence of genetic diseases, and the wide variety of human
phenotypes across the earth.

1.1.1 Effects of demographic history on human variation

Human genetic variation can only be properly understood in the context of
human demographic history. Anatomically modern humans arose in Africa and
experienced at least one major population expansion before a subset of individuals
dispersed to new regions between 50,000 - 100,000 years ago (Goldstein and Chikhi
2002; Cavalli-Sforza 2007). This group was responsible for the colonization of the
Middle East, Europe, Asia, and the Americas in a series of successive colonization
events that fits either a serial founder effect (Ramachandran et al. 2005; Deshpande et
al. 2009; Barbujani and Colonna 2010) or an isolation-by-distance model (Handley et al.
2007). Regardless of the appropriate model, each subsequent colonization was
associated with a reduction in population size (a bottleneck) (Cavalli-Sforza 2007). As

humans encountered new environments, geographically restricted adaptations
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occurred. Population sizes expanded drastically with the development of agriculture at
different times in different parts of the world, accompanied by adaptations to new diets
and lifestyles (Cavalli-Sforza 2007). During this colonization phase, migration occurred
at low levels between geographically close populations. As means of transportation
have improved over the past centuries, migration has increased significantly, resulting
in high levels of admixture between formerly separated populations and far-flung
genetically related groups.

This demographic history has significant implications for interpreting human
genetic variation. The small human ancestral effective population size means that the
human species contains relatively little genetic diversity compared to the other great
apes (Kaessmann et al. 2001). The African origin of humans results in higher levels of
genetic variation found within Africans (Vigilant et al. 1991; Jorde et al. 2000; Tishkoff
et al. 2009), as well as a negative correlation between measures of diversity and
distance from hypothesized points of origin in Africa (Ramachandran et al. 2005;
Tishkoff et al. 2009). There is some evidence that recent population growth and the
peopling of the world has led to very rapid adaptation and an accelerated rate of
evolution (Hawks et al. 2007). Importantly, human demographic history also determines
the amount of variation and specific variants that are available for selection to act
upon.

The relatively recent divergence of human populations, and high migration rates
between them, mean that most of the variation seen in humans is found within all
populations, and not between them (Lewontin 1995; Barbujani et al. 1997; Jorde et al.

2000). Because of the nature of human dispersal, genetic variation is distributed in a
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clinal manner, rather than in distinct pools of alleles for each population (Handley et al.
2007).

Some cultural and biological factors result in demographic forces that affect
males and females differently and this can leave unique patterns of variation in the
human genome, particularly on the sex chromosomes and mtDNA (Wood et al. 2005).
Sex biases in dispersal affect sex-specific rates of gene flow between populations
(Hedrick 2007). Differences in sex-specific effective population sizes affect rates of
genetic drift and leave corresponding patterns on the sex chromosomes. Notably,
different mating systems (polygamy, polygyny, polyandry, etc.) affect sex-specific
effective population sizes in an interesting example of human cultural practices
affecting human variation. These effects on the variation of the sex chromosomes can
be detected and used to determine sex-specific population sizes in the recent human
past.

1.1.2 Effects of selection on genetic variation

Some forms of selection will reduce the amount of nearby neutral variation, while
other forms of selection will increase it. The variation that remains after the action of
selection is determined by the interaction of selection with recombination.
Recombination links the fate of nearby drifting neutral variants to that of a selected allele
(Maynard Smith and Haigh 1974). The effect of selection on these linked neutral
variants can be described in terms of two related forces: hitch-hiking near advantageous

alleles and background selection near deleterious alleles.



1.1.2.1  Hitch-hiking effects of selection

When a mutation creates an advantageous allele A, the surrounding genomic
region contains linked neutral variants which comprise A’s haplotype. As natural
selection acts to increase the frequency of A, the haplotype on which it is found will rise
in frequency as well. In this sense, the linked neutral variants are “hitch-hiking” along
with the selected allele in a phenomenon that is also called a selective sweep (Maynard
Smith and Haigh 1974; Kaplan et al. 1989; Barton 1998). When A and its haplotype
become fixed in the population, the sweep is complete and the only variation left in the
region surrounding A is the set of linked neutral variants in the hitch-hiking haplotype.
The end result is a decrease in overall genetic variation (Barton 1998) and an excess of
rare variants, which skews the region’s site frequency spectrum (SFS) towards lower
frequency variants (Kaplan et al. 1989; Stephan 2010). The extent of these effects is
proportional to the amount of recombination in the region, the strength of selection on A,
and the temporal stage of the selective sweep (Maynard Smith and Haigh 1974; Kaplan
et al. 1989; Barton 1998; Stephan 2010).

1.1.2.2 Background selection

If instead we have a newly created deleterious allele, a, the haplotype on which a
is found will decrease in frequency as natural selection acts to remove it from the
population. As a consequence, the neutral variants linked to a are also removed in a
phenomenon known as background selection (Charlesworth et al. 1993). Both hitch-
hiking and background selection reduce the amount of variation in the human genome

and it is remarkably difficult to distinguish the two forces from sequence evidence alone



(McVicker et al. 2009; Stephan 2010). Weakly deleterious alleles can have a noticeable
effect on variation, especially as the effects of continuous background selection near a

functional element accumulate.

a Positive Selection b Negative Selection
(Darwinian selection) (Purifying selection)

1. A mutation generates a new 1. A mutation generates a new

o —
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= = =
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Qe —_—
S

Figure 1.1 Types of selection
Each line is a chromosome in the population; each circle is a variant segregating in the
population, colored according to selective role

1.1.2.3 Negative selection
Negative selection is the force responsible for decreasing the frequency of
deleterious alleles (Fig. 1b). These deleterious alleles are affected by background
selection, and in many cases a functional element is subject to repeated episodes of
negative selection (Charlesworth et al. 1993). Because negative selection is responsible
for purging deleterious alleles, it is also known as purifying selection (Charlesworth et al.
1993; McVicker et al. 2009; Lohmueller et al. 2011). The effects of negative selection

are difficult to estimate for a single locus, but a pattern of reduced variation near



evolutionarily conserved elements suggests its genome-wide prevalence (Reed et al.
2005; McVicker et al. 2009; Lohmueller et al. 2011).
1.1.2.4  Positive selection

Positive selection is responsible for increasing the frequency of advantageous
alleles in a population (Fig. 1a). The hitch-hiking effect is the major force acting on
variation near advantageous alleles, and in fact it was first conceived as a way to
describe the effects of positive selection (Maynard Smith and Haigh 1974). Much debate
has centered on the relative contribution of purifying and positive selection (Stephan
2010). Current evidence suggests that weak negative selection is widespread, whereas
positive selection has affected a smaller portion of the genome more strongly. Thus,
while negative selection has affected a larger proportion of the genome, positive
selection has had a stronger effect at the modest number of regions it has influenced
(Lohmueller et al. 2011).

Because advantageous alleles provide information about specific human
adaptations, positive selection has been widely studied. Adaptation of specific human
populations to their respective environments and subsistence strategies is responsible
for most of these ongoing, or recently completed, selective sweeps.

1.2 The importance of human genetic variation

1.2.1 Human variation and population differentiation

Past understanding of population differentiation was largely driven by the
cultural construction of race, which is of questionable biological meaning (Lewontin

1995; Barbujani et al. 1997; Bamshad et al. 2004; Vitti et al. 2012). A thorough



understanding of the true genetic differentiation between human populations will
provide insight into human history and evolution, as well as enabling ancestry-aware
medical treatment and diagnosis. The amount of genetic differentiation between two
populations is a product of shared ancestry, migration, genetic drift, geographic
separation, and population-specific selective pressures. Recent widespread admixture
between human populations also complicates the picture. Most targets of selection
that have been identified to date are under selection in a subset of populations and this
contributes to population differentiation. It is clear that selection has played a role in
human population differentiation (Barreiro et al. 2008), but the extent of that role is thus
far uncertain.

1.2.2 Human variation and disease

The present day distribution of disease burden is a direct function of our
evolutionary past; therefore learning about the evolutionary history of human alleles
can help us to understand why some populations are more susceptible to a particular
disease and why common disease alleles persist. One goal of evolutionary medicine is
to understand both proximate (mechanistic) and ultimate (evolutionary) causes of
genetic disease (Gluckman et al. 2011). Knowledge of selection’s effects on variation is
also important for the selection of markers in disease gene mapping and association
studies (Tishkoff and Verrelli 2003). Furthermore, positive selection can have important
effects on disease susceptibility.

In particular, positive selection can result in adaptions to specific diseases, for
example the A32 allele of the CCR5 gene confers resistance to HIV-1 infection (Libert

et al. 1998). CCR5 encodes the CC chemokine receptor 5, a G-protein-coupled
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chemokine receptor that is necessary for entry of HIV into the cell. Other alleles at
CCR5 have also been shown to affect HIV susceptibility (Bamshad et al. 2002).
Interestingly, CCR5 shows evidence for positive selection older than the HIV/AIDS
epidemic and proposed historical explanations have included bubonic plague and
smallpox (Galvani and Slatkin 2003). These historical hypotheses would explain the
present-day frequency of HIV resistance alleles, which are most prevalent within
Europe, although more recent studies have suggested that CCR5- A32 was subject to
even more ancient selection (Sabeti et al. 2005; Hedrick and Verrelli 2006). Positive
selection can also have negative side effects, which is why it is important to
understand their selective advantage as well. Interestingly, current evidence suggests
that positively selected alleles are more likely to increase risk for complex diseases
than to decrease that risk (Barreiro and Quintana-Murci 2010) and are also found in
disease-related genes more often than expected (Barreiro et al. 2008). These
connections to human disease are among the reasons that it is important to identify the
signatures that positive selection has left in the human genome.
1.3 Objectives

While | have taken on a variety of projects during my thesis work, they are united
by an interest in characterizing the marks that human evolutionary history has left in the
genome. Specifically, | sought to explore the evolutionary insights that can be gained
by analyzing genomic variation data in human populations. My research objectives
were as follows:

1. To characterize the extent to which mitochondrial lineage tests capture

genetic ancestry information. | compared ancestry inferences from
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mtDNA lineage tests with those obtained from SNP genotypes and found

that the two are often decoupled.

. To examine the genetic signatures of sex biased demographic forces in
order to draw conclusions about past human mating systems. | found
that genetic signatures of sex-biased demography are consistent with
higher female effective population sizes in early human evolution,

followed by higher male effective population sizes later on.

. To comprehensively and accurately identify adaptive alleles across the
entire human genome. To begin to achieve this goal, | examined the
performance of neutrality test statistics under realistic models of selection
in human populations. | also developed and tested a method for
combining the signals from multiple test statistics in a genome-wide

scan.



2. Continental ancestry varies widely within most

human mitochondrial haplogroups

This chapter is based on the following manuscript, currently in preparation for

submission at The American Journal of Human Genetics:

Leslie S. Emery*, Kevin M. Magnaye*, Abigail W. Bigham, Joshua M. Akey, and
Michael J. Bamshad. Continental ancestry varies widely within most human

mitochondrial haplogroups in a worldwide population sample.

* denotes co-first authorship.

Kevin Magnaye genotyped mitochondrial SNPs, classified samples into mtDNA
haplogroups, and contributed to data analysis and interpretation. Abigail Bigham
sequenced mtDNA samples and oversaw mtDNA SNP genotyping and haplogroup
classification. Kevin Magnaye and | wrote the manuscript, with revisions from Abigail

Bigham, Joshua Akey, and Michael Bamshad.
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2.1 Summary

Human mitochondrial DNA can be organized into unique haplotypes and further
classified into haplogroups according to a phylogeny or network. A standardized
haplogroup classification is used for forensics, mitochondrial disease studies,
characterizing migrations and recent human demography, and direct-to-consumer
(DTC) ancestry testing. To determine the extent to which mtDNA haplogroups capture
ancestry information, we undertook a study of variation in continental ancestry within
mtDNA haplogroups in ~940 worldwide samples from the Human Genome Diversity
Panel. We compared a sample’s mtDNA haplogroup classification to its continental
ancestry proportions (determined from ~650,000 autosomal SNPs) and found that
continental ancestry varied widely from person to person within each haplogroup.
MtDNA haplogroups were often associated with their primary continental ancestry
components; however, most secondary continental ancestry components were not.
The association between continental ancestry and mtDNA haplogroup was even
weaker within a set of recently admixed populations from the 1,000 Genomes Project.
Furthermore, continental ancestry proportions could not be reliably used to predict a
sample’s mtDNA haplogroup classification. These results have important implications
for the continued usefulness of MtDNA haplogroups as indicators of ancestry and
demographic history.

2.2 Background

The high level of polymorphism and overall abundance of mitochondrial DNA

(mtDNA) has made it a useful tool for studying human demographic history (Underhill

and Kivisild 2007). Early studies classified branches of the human mtDNA tree into
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groups of phylogenetically related haplotypes (Cavalli-Sforza and Feldman 2003;
Underhill and Kivisild 2007), defined by lineage-specific polymorphisms in continental-
scale populations such as Native Americans (Torroni, Schurr, et al. 1993; Torroni,
Sukernik, et al. 1993), Africans (Chen et al. 1995), and Europeans (Torroni et al. 1996;
Herrnstadt et al. 2002). Populations with shared ancestry and/or living in geographic
proximity displayed similar haplogroup frequencies (Cavalli-Sforza and Feldman 2003;
Underhill and Kivisild 2007). These standardized haplogroups and subhaplogroups (van
Oven and Kayser 2009) enabled detailed studies of migration history (e. g. Kivisild et al.
2003; Kong et al. 2003) and detection of sex-biased demography (e. g. Wen et al.
2004; Wood et al. 2005; Boattini et al. 2013).

For the past decade or so, genealogical testing companies have capitalized on
the results of genetic ancestry research by adapting mtDNA and non-recombining Y
chromosome (NRY) haplogroup analyses to provide direct-to-consumer (DTC) ancestry
tests. The association of geographical region to mtDNA and NRY haplogroups
provides the basis for using these haplogroups to infer an individual’s genetic ancestry,
but such lineage-based analyses overlook the contribution of the vast majority of an
individual’s ancestors to their genome (Shriver and Kittles 2004). Moreover, DTC
ancestry tests have proven controversial because they use proprietary methods that
lack transparency, present conflicts between cultural and scientific conceptions of
ancestry, and lack federal regulation (Lee et al. 1993; Shriver and Kittles 2004; Bolnick
et al. 2007; Frudakis 2008; Sarata 2008; The American Society of Human Genetics

2008; Via et al. 2009; Royal et al. 2010; Wagner et al. 2012).
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The major alternative to lineage-based ancestry tests is model-based ancestry
inference using genome-wide SNP genotype data (Pritchard et al. 2000; Tang et al.
2005; Alexander et al. 2009). Another alternative is to use Ancestry Informative Markers
(AIMs), which are specific autosomal SNPs with documented allele frequency
differences between continental groups (Shriver et al. 1997). Both of these approaches
result in per-individual estimates of the proportion of ancestry from one or more
reference populations that are assumed to correspond to specific ancestral
populations. Several recent population-specific studies have assessed the relationship
between ancestry inferences from mtDNA haplogroups and autosomal ancestry, and
found frequent discrepancies, particularly in recently admixed populations (Salas et al.
2008; Watkins et al. 2012; Cardena et al. 2013; Poetsch et al. 2013). These results
highlighted the limitations of lineage-based ancestry tests in general, and mtDNA
ancestry tests in particular.

In 2008 and again in 2012, The American Society of Human Genetics (ASHG)
acknowledged the prominence of commercial ancestry testing and provided a series of
recommendations for academic scientists and DTC ancestry testing companies (The
American Society of Human Genetics 2008; Royal et al. 2010). These
recommendations expressed critical concern for the lack of information about the
accuracy of lineage-based ancestry estimation compared to multi-locus estimation
from autosomal markers (The American Society of Human Genetics 2008). In particular,
the extent to which ancestry information is captured by mtDNA haplogroups is
unknown. In addition, the ASHG ancestry testing statements called for further

investigations into how the use of reference panel populations affects ancestry
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inference. To begin to address some of these concerns, we quantified the variation in
continental ancestry proportions among individuals with the same mtDNA haplogroup
in a panel of reference populations. We then compared these results to a large sample
of individuals from recently admixed populations. We will conclude by discussing the
implications of our findings for the continued use of mtDNA haplogroup-based
ancestry inference.
2.3 Materials and Methods

2.3.1 HGDP dataset

We downloaded lllumina 650Y SNP array genotype data for the Human Genome
Diversity-CEPH Panel (HGDP) (Cann et al. 2002) consisting of 1,043 individuals from 52
worldwide populations (Figure 1A) as previously reported (Li et al. 2008). After
removing previously-identified relatives and duplicate samples (Rosenberg 2006), and
samples with low-quality SNP genotype data, 938 samples remained in our HGDP
dataset. Next, we obtained Hypervariable Region 1 (HVR1) sequence data for 891 of
these 938 samples from the National Center for Biotechnology Information (NCBI;
PopSet accession #189174470). For the 47 individuals without publicly available
sequence data, we Sanger sequenced HVR1 using DNA obtained from the Centre
d’Etude Polymorphisme Humain (CEPH).

2.3.2 1,000 Genomes dataset

We downloaded 1,000 Genomes Project (1000 Genomes Project Consortium et
al. 2012) variant call format (.vcf) files for phase 1 low coverage whole genome
sequence data (release 20101123). We selected five populations from world regions
with high levels of recent admixture: ASW (Americans of African ancestry in SW USA),
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CLM (Colombians from Medellin, Colombia), GBR (British in England and Scotland),
MXL (Mexican ancestry from Los Angeles USA), and PUR (Puerto Ricans from Puerto
Rico). Our total sample consisted of data from 327 people. Using Tabix (Li 2011) (v.
0.2.6) and VCFtools (Danecek et al. 2011) (v. 0.1.10), we removed indels, extracted
variant sites with dbSNP reference SNP ID numbers (rs numbers) matching SNPs from
the HGDP 650Y SNP data, and converted the data to PLINK’s map/ped file format. In
PLINK (Purcell et al. 2007) (v. 1.07), we merged the 1,000 Genomes data with the
HGDP data, removing 77 SNPs with unresolvable strand mismatches and 141 SNPs
that could not be converted from hg18 to hg19 coordinates. Our final dataset
consisted of 646,356 SNPs. We also downloaded .vcf files for all mitochondrial variants
in each 1,000 Genomes population.

2.3.3 Mitochondrial haplogroup typing

We obtained DNA for 965 of the HGDP individuals from the Centre d’Etude
Polymorphisme Humain for use in mtDNA haplogroup typing. To begin, we first
reviewed the literature for SNPs that uniquely identify each of the 23 major mtDNA
haplogroups (diagnostic SNPs). Initially, we selected 24 candidate SNPs from Mitomap
(Ruiz-Pesini et al. 2007) and the Genographic Project (Behar et al. 2007) (one
haplogroup required two diagnostic SNPs). We checked each of these candidate
diagnostic SNPs in the PhyloTree (van Oven and Kayser 2009) comprehensive mtDNA
phylogeny to confirm that the SNP was diagnostic. If a candidate diagnostic SNP was
not supported by information from PhyloTree, we selected an additional diagnostic
SNP based on the PhyloTree phylogeny. Using a total of 28 diagnostic SNPs, we could
classify samples into the 23 mitochondrial haplogroups (Figure A.1).
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We next used the Genographic Project’s nearest-neighbor haplogroup
prediction tool to assign a predicted haplogroup to each sample based on its HVR1
sequence. The prediction tool uses a sample’s haplotype affinity to HVR1 sequences in
the Genographic Project’s extensive reference database to predict the sample’s
haplogroup (Behar et al. 2007). Next, we experimentally confirmed these haplogroup
predictions by genotyping each HGDP sample (either by Sanger sequencing or
restriction digest) for the diagnostic SNP(s) of its predicted haplogroup. Finally, if our
initial prediction was incorrect, we genotyped the sample using our 28 diagnostic
SNPs, beginning with the SNP diagnostic of ancestral haplogroup LO/L1, and working
our way towards the tips of the mtDNA phylogeny.

Using the mitochondrial variant calls from the 1,000 Genomes phase 1 low-
coverage genome data, we extracted all of the variants corresponding to our 28
diagnostic SNPs. We used these diagnostic SNP variant calls to assign a mitochondrial
haplogroup to samples from all 327 people.

2.3.4 Continental ancestry estimation from autosomal SNPs

We used ADMIXTURE (Alexander et al. 2009) (v. 1.22) to estimate ancestry
proportions from each of seven continental regions in each sample from the HGDP
lllumina 650Y genotype data. Because ADMIXTURE does not account for linkage
disequilibrium (LD), we pruned the genotype markers according to observed correlation
coefficients in the data using a threshold of R® > 0.1 and a 50-SNP window advancing
by 10 SNPs in PLINK. We used this dataset in ADMIXTURE with seven ancestral
groups (k = 7), according to previously established population structure parameters in

the HGDP (Li et al. 2008). The seven inferred populations correspond to continental
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regions: Africa, the Americas, Central/South Asia, East Asia, Europe, the Middle East,
and Oceania. Continental ancestry proportions for each sample in each HGDP
population are shown in Figure A.6.

To estimate continental ancestry in samples from the 1,000 Genomes dataset,
we first selected HGDP pseudo-ancestors, to serve as proxies for the ancestral
populations we sought to identify (Tang et al. 2005). For each of the seven continental
groups, we selected the twenty people with the highest fraction of ancestry from the
respective continent, resulting in 140 pseudo-ancestors. By including these proxies for
ancestral populations, we ensured that the seven continental ancestry components
identified in the 1,000 Genomes data would match those identified in the HGDP
dataset. Combining SNP data from the pseudo-ancestors and the 1,000 Genomes
populations, we used PLINK to prune the SNPs according to the same pruning
settings used above and estimated ancestry from this pruned dataset. We estimated
ancestry proportions for the pseudo-ancestors twice (once with the HGDP data, and
once with the 1,000 Genomes data). Each sample’s two sets of estimated ancestry
proportions were highly correlated (Pearson’s R > 0.99, p < 0.0001) (Figure A.2).
Continental ancestry proportions for each sample in each 1,000 Genomes population
are shown in Figure A.7.

2.3.5 Analysis of continental ancestry estimates within each mtDNA

haplogroup

We first examined the average continental ancestry proportions within each
mtDNA haplogroup (Table A.1). This produced an h x 7 matrix of means, where h is the

number of haplogroups and 7 is the number of continental regions. To determine
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whether each average continental ancestry component was significantly higher within a
haplogroup than we would expect by chance, we performed a permutation test. For
each replicate of the permutation test, we shuffled the haplogroup labels for the
sample and recalculated the h x 7 matrix of means. Then we used 999 replicates, plus
the original data, to calculate p values for each of the means in the original matrix.

To examine inter-individual variation in the composition of each individual’s
continental ancestry proportions within mtDNA haplogroups, we calculated the
standard deviation of the ancestry estimates for each continental region within each
haplogroup. To measure this variability in more detail, we calculated the mean pairwise
Euclidean distance, d, within each haplogroup. Specifically, we considered each
person P, = (p;, p,, ... P;) t0 be a point in 7-dimensional space (defined by their
ancestry proportions). Then we calculated the 7-D Euclidean distance between each
pair of individuals, P, Q;, within the haplogroup. Finally, we averaged these distances
for all unique pairs within haplogroups, according to the equation below:

el

E E(qi _pi)2

d = = Vit
( . ) Eq. 2.1
2

To determine how well an mtDNA haplogroup can be linked to a particular

continental region, we estimated consistency, the proportion of individuals within a
haplogroup whose highest proportion of continental ancestry was the same as the
haplogroup’s highest average continental ancestry (Table A.2). For example, the

highest average continental ancestry within haplogroup L2 in the HGDP dataset is
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Africa. The consistency of haplogroup L2 in the HGDP dataset is 0.67 as the highest
continental ancestry proportion is Africa in 67% of L2 members.

2.3.6 Multinomial logistic regression model (logit model)

To explore whether there was a significant predictive relationship between a
sample’s mtDNA haplogroup and its inferred continental ancestry composition, we
used a training set of combined HGDP and 1,000 Genomes samples to fit a
multinomial logistic regression model. First, we excluded all haplogroups with fewer
than ten total samples, or fewer than six samples in either dataset. Ten haplogroups
remained, including LO/L1, L2, L3, C, D, A, H, B, T, and U. The training set consisted of
a randomly selected third of the samples from each dataset. The remaining two thirds
of samples were reserved for the test set.

We first used the multinom function from the R package nnet (Venables and
Ripley 2002) to fit a preliminary logit model, with mtDNA haplogroup as the dependent
variable and continental ancestry proportions as independent variables. To prevent
collinearity, we excluded one continental region as a variable, and chose to exclude
Oceanian ancestry because it was least common within our datasets. Each of the six
continental ancestry variables improved the fit of the model to the data (likelihood ratio
test (LRT), p < 0.001). We observed possible nonlinear patterns in the data, so we
tested logarithmic and exponential relationships for each of the continental ancestry
variables and included any nonlinear relationships that improved the model fit by a
likelihood ratio test (p < 0.001). With 6 independent variables there are 57 possible
interaction terms that can be included in the model. We used likelihood ratio tests to

determine which of these interaction terms contribute significantly to a better fit of the
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model and identified 39 significant interaction terms to include; the inclusion of these
interaction terms significantly improved the fit of the model (LRT, p < 0.001).

Our final model produced a set of nine logit equations describing the relative
odds of belonging to each haplogroup compared to the reference haplogroup, LO/L1.
We used these relative odds to determine each sample’s classification probability for
each of our ten haplogroup categories. Additionally, we used the logit equations to
calculate the fitted classification probabilities of each sample in our test set for each
haplogroup. For each individual, the haplogroup with the highest classification
probability was the haplogroup predicted by the model. We repeated the model fitting
procedure with three different randomly selected training subsets from our data. While
particular details did change depending on the training set used, the general
performance of the model was consistent for multiple training sets.

2.4 Results

2.4.1 Variation in haplogroup frequencies between populations

We explored the relationship between mtDNA haplogroups and continental
ancestry by first examining populations of the HGDP, which is often used as a
reference panel in human genetic studies. For each of the samples in our HGDP
dataset, we assigned an mtDNA haplogroup and the estimated proportion of ancestry
from each of the seven continental regions (sub-Saharan Africa, the Middle East,
Europe, Central/South Asia, East Asia, Oceania, and the Americas). We then averaged
continental ancestry proportions among samples in each population (Figure 2.1B, left
column). Additionally, we tabulated the frequency of each mtDNA haplogroup in each

population (Figure 2.1B, right column).
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Figure 2.1 Population locations, mtDNA haplogroup frequencies, and average
ancestry proportions in the HGDP data.

A) World map showing sample locations (points) for each of the populations included in
the HGDP dataset (labels). B) Left column: Barplots of continental ancestry proportions
averaged within each HGDP population. Barplots are colored by continental region
(labeled by colored bars on left) and sorted by continental ancestry. Right column:
Barplots of haplogroup frequencies within each population, colored by haplogroup
(labeled by the haplogroup tree in panel C). C) Barplots of continental ancestry
proportions averaged within each mtDNA haplogroup within the HGDP dataset.
Barplots are colored by continental region (labeled by colored bars on the left of panel
A). The unscaled phylogeny at left shows the relationships between the mtDNA
haplogroups (from Behar et al. 2007).

We observed each mtDNA haplogroup in several populations, and most
populations contained many different haplogroups, with a median of 6 haplogroups per
population (Figure 2.1B). Populations from sub-Saharan Africa (e. g. Biaka Pygmy,
Bantu, Yoruba) consisted almost exclusively of samples assigned to mtDNA
haplogroup LO/L1, L2, or L3. Haplogroup H appeared at high frequencies in
populations from Europe and the Middle East. Haplogroups M, C, D, N, and A were
most frequent in populations from East Asia and the Americas. Haplogroup M was
frequent in populations of mostly Central/South Asian, East Asian, or Oceanian
ancestry. Despite these observations, there was marked heterogeneity in the overall
relationship between a population’s geographical origin and its haplogroup
composition (Figure 2.1B).

Each of the five 1,000 Genomes populations (ASW, CLM, GBR, MXL, and PUR)
contained individuals from 8 different haplogroups, which is significantly higher than
the HGDP’s median value of 6 haplogroups per population (1-tailed t test, p < 0.001).
This included GBR, which consisted almost entirely of European continental ancestry.

The high frequency of haplogroup H in GBR and of haplogroup L3 in ASW was
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consistent with the coincidence of these haplogroups with European ancestry and
African ancestry, respectively, in the HGDP populations. Although haplogroup A was
not observed in any European HGDP populations, and in fact was most frequent in the
Maya (mainly ancestry from the Americas), A was the most common haplogroup in the
PUR, MXL, and CLM populations. These observations suggest that the relationship
between mtDNA haplogroups and geographic origin has broken down in these recently
admixed populations.

2.4.2 Continental ancestry within haplogroups

To examine the continental ancestry of each mtDNA haplogroup, we averaged
the individual ancestry proportions among samples within each haplogroup in
populations from the HGDP (Figure 2.1C) and the 1,000 Genomes Project (Figure
2.3B). The maximum proportion of ancestry for any single continental region for each
haplogroup was, on average, higher in the 1,000 Genomes (1-tailed t test, p < 0.01).
This may be attributed to higher diversity of continental ancestry proportions in the
HGDP populations than in the 1,000 Genomes population, and to the high proportion
of continental ancestry from Europe within the 1,000 Genomes populations.

Next, we performed a permutation test to determine whether, in any mtDNA
haplogroup, one or more of the seven continental ancestry proportions was higher than
expected by chance. One or two continental ancestry components per haplogroup
were significantly higher than expected by chance (Figure A.3). These results suggest
that some haplogroups are associated with a higher average ancestry proportion from
a continental region than expected by chance, and affirm the ad hoc visual

relationships suggested by the co-occurrence of high average continental ancestry and
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high haplogroup frequency within the HGDP populations (Figure 2.1B). The 1,000
Genomes populations had very high proportions of European ancestry due to recent
admixture, and this decreased our ability to detect associations between continental
ancestry regions and mtDNA haplogroups using a permutation test (Figure A.3). Many
of the associations we observed within the HGDP populations were also present in the
other dataset, but fewer associations were significant in the 1,000 Genomes
populations.

2.4.3 Heterogeneity of individual continental ancestry proportions within

mtDNA haplogroups

How applicable are the haplogroup-level results presented above to any one
individual? To answer this question we examined the inter-individual variation in
inferred continental ancestry composition within mtDNA haplogroups. Individual
continental ancestry proportions in the HGDP dataset varied considerably among
individuals within mtDNA haplogroups, as measured by the standard deviation of
ancestry proportions within each haplogroup. For example, the s.d. of East Asian
ancestry was > 0.40 in haplogroups M, C, D, N, A, and HV, which limits the
conclusions we could make regarding East Asian ancestry in individuals from these
haplogroups. Standard deviations of continental ancestry proportions within each
haplogroup were generally lower in the 1,000 Genomes populations, perhaps because

these populations have lower diversity of geographic origin than those from the HGDP.

24



[ Africa [ Middle East [JJj] Europe [l Central/South Asia  [JJl] EastAsia [ Oceania  [JJj Americas
X 20 d=0.80

R9 d=0.17

N1 d=0.52

LO/L1 d=0.33

0 025 05 075 1 0 025 050 075 1 0 025 05 075 1 ©0 025 05 075 1 0 025 050 075 1
Inidividual ancestry proportion

Figure 2.2 Individual continental ancestry proportions within each haplogroup in the
HGDP

Each horizontal line is a barplot for one of the HGDP samples, indicating individual
continental ancestry proportions with continental regions colored by the key at top.
Individual barplots are grouped into the 23 mtDNA haplogroups. Each haplogroup is
labeled with the mean pairwise Euclidean distance (see methods), and haplogroups are
sorted by increasing mean pairwise Euclidean distance from top to bottom and left to
right.

To further understand the variability of individual continental ancestry within a
haplogroup, we calculated the mean pairwise Euclidean distance between continental

ancestry proportions among individuals within each haplogroup. This distance is a



quantitative measure of the inter-individual variability in continental ancestry
proportions within a haplogroup (Figure 2.2, Figure 2.3C). The mean pairwise Euclidean
distance was relatively low in some haplogroups (e. g. R9 in HGDP, T and H in 1,000
Genomes), indicative of a stronger association between individual continental ancestry
proportions and an mtDNA haplogroup. However, the mean pairwise Euclidean
distance of other haplogroups was high (e. g. J, HV, M in HGDP, L3 in 1,000
Genomes), suggesting that these haplogroups are less informative for individual
ancestry determination. The mean pairwise Euclidean distance within each haplogroup
was much lower in the 1,000 Genomes populations (Figure A.4) than in the HGDP.
Additionally, mean pairwise Euclidean distances were not necessarily similar between
the same haplogroup in each dataset (Figure 2.2, Figure 2.3C). For example,
haplogroup H had a much lower mean pairwise Euclidean distance in the 1,000
Genomes (d = 0.15) than in the HGDP (d = 0.60). This indicates that inferences drawn
from the HGDP dataset are not necessarily applicable to the 1,000 Genomes

populations and vice versa.
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Figure 2.3 mtDNA haplogroup frequencies, population-averaged and haplogroup-
averaged continental ancestry proportions, and individual continental ancestry
proportions in the 1,000 Genomes dataset.

A) Left column: Barplots of continental ancestry proportions averaged within each
1,000 Genomes population. Barplots are colored by continental region (labeled by
colored bars in Figure 1A) and sorted by continental ancestry. Right column: Barplots
of haplogroup frequencies within each population, colored by haplogroup (labeled by
the haplogroup boxes in panel B). B) Barplots of continental ancestry proportions
averaged within each mtDNA haplogroup within the 1,000 Genomes dataset. Barplots
are colored by continental region (see key at bottom). The unscaled phylogeny at left is
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the same as in Figure 1C. Numbers to the right of haplogroup labels are the sample
size for each haplogroup. C) Individual continental ancestry proportions within each
haplogroup. Each horizontal line is a barplot for one of the 1,000 Genomes samples,
indicating individual continental ancestry proportions with continental regions colored
by the key at bottom. Individual barplots are grouped into mtDNA haplogroups. Each
haplogroup is labeled with the mean pairwise Euclidean distance (see methods), and
haplogroups are sorted by increasing mean pairwise Euclidean distance from top to
bottom and left to right.

To quantitatively assess how informative each haplogroup in the HGDP
populations is for predicting individual ancestry, we calculated consistency within each
haplogroup in the HGDP (Table A.4). Consistency measures the percentage of the time
that an individual’s highest ancestry proportion matches the highest average ancestry
proportion in that individual’s haplogroup. Haplogroups in the HGDP dataset had a
mean consistency of 0.56, meaning that slightly more than half of the haplogroups
were more consistent than not (Figure A.5). Haplogroups with high consistency scores
had low mean pairwise Euclidean distance values (Pearson’s product-moment
correlation; HGDP: R?= -0.86, p < 0.001). Haplogroup R9, found only in East Asia, had
the lowest mean pairwise Euclidean distance value (d = 0.17) and was also the most
consistent (consistency = 0.92), suggesting that it could reasonably be described as an
East Asian haplogroup. We measured consistency within the 1,000 Genomes
populations, using the HGDP as a reference panel to determine the maximum
continental ancestry component for each haplogroup. Consistency measures what
proportion of 1,000 Genomes individuals from a given haplogroup have 50% or more
continental ancestry from the maximum ancestry region of the haplogroup in the
HGDP. About half of the haplogroups had high consistency scores (i. e. > 50%) in the

1,000 Genomes data — in many cases with higher consistency scores than in the HGDP
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itself (Figure A.5, Table A.4). The correlation between consistency and mean pairwise
Euclidean distances was both weaker and not statistically significant in the 1,000
Genomes data (R?= -0.49, p = 0.07). As with mean pairwise Euclidean distance
estimates, the consistency score of some haplogroups varied between the HGDP and
1,000 Genomes datasets (e. g. haplogroup A: d = 0.67 in HGDP, d = 0.26 in 1,000
Genomes), and several even had consistency scores of 0 in the 1,000 Genomes (M, C,
D, W, B, U, &K).

2.4.4 Predicting mtDNA haplogroup from continental ancestry

To determine the predictive relationship between individual continental ancestry
and mtDNA haplogroups, we fit a multinomial logistic regression (logit) model to
predict a sample’s mtDNA haplogroup from its continental ancestry proportions. Our
logit model was a significantly better fit to the data than a null model (LRT, p < 0.001).
McFadden’s pseudo-R? for this final model is 0.84, indicating a very good fit to the
data. The effect sizes of the estimated coefficients revealed interesting relationships
between continental ancestry proportions and mtDNA haplogroups. For example, the
combination of Middle Eastern and Central/South Asian ancestry drastically decreased
a person’s probability of belonging to haplogroup C - the highest coefficient effect size
(B =-1,166.12). The second-highest coefficient effect size (B = -1,073.69) indicated that
the interaction term between European and African ancestry drastically decreased a

person’s probability of belonging to haplogroup B.
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Figure 2.4 Misclassification probabilities in the HGDP and 1,000 Genomes datasets.
Each cell in row i, column j, denotes the probability of a sample experimentally
determined as haplogroup i being classified as haplogroup j, based on a fitted logit
model. Cells are colored by increasing classification probability values from white to
blue (see key at bottom). Diagonal entries (gray outlines) are the probability of being
classified correctly. Barplots on the right show the average probability of
misclassification for each haplogroup, which is the total of all non-diagonal values in
each row. The top 10% of non-zero classification probabilities are labeled (white text).
A) misclassification in the HGDP dataset B) misclassification in the 1,000 Genomes
dataset.

Using the logit model to predict the haplogroup for each of the individuals in our
test set, 24% of the predictions were correct in the HGDP populations; for comparison,

a random guess would be correct 10% of the time. Furthermore, the classification
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probabilities for the correct haplogroup of each sample were significantly higher than
the classification probabilities for the incorrect haplogroups (t test, p < 0.001). In the
1,000 Genomes populations, correct haplogroup classification probabilities were also
significantly higher than incorrect haplogroup classification probabilities (t test, p =
0.02) (Figure A.8). However, only 7% of the predictions were correct in the 1,000
Genomes populations. Prediction accuracy was significantly higher in the HGDP (x°, p
=1 x 10™), even though both datasets were used to build the model. For both
datasets, there were a considerable number of samples for which the prediction’s
classification probability was very high, but the prediction was nonetheless incorrect
(Figure A.8).

We examined the classification probabilities within each haplogroup in more
detail to identify which haplogroups were most likely to be classified incorrectly
according to our logit model (Figure 2.4). In the HGDP samples, classification accuracy
ranged from 9% (L3) to 57% (LO/L1) (Figure 2.4A). Except for haplogroup LO/L1, all
mtDNA haplogroups were more likely to be classified incorrectly than correctly, based
on continental ancestry proportions. For many haplogroups, the highest classification
probability did not match the correct haplogroup (e. g. L2 classified as LO/L1: 42%,
classified correctly 9%; T classified as U: 39%, classified correctly: 13%; L2 classified
as LO0/L1:%, classified correctly: 24%). Samples from haplogroups A, B, C, and D were
often incorrectly classified as one other (cluster of higher values in Figure 2.4A).
Classification probability showed similarly poor performance in the 1,000 Genomes
dataset. All haplogroups had higher probabilities of misclassification than observed for

the HGDP data, and none were more likely to be classified correctly than incorrectly
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(Figure 2.4B). One haplogroup (D) was never classified correctly. Classification
probabilities for a given haplogroup in the 1,000 Genomes dataset usually differed from
their counterparts in the HGDP populations.
2.5 Discussion

2.5.1 Conclusions

To address the American Society of Human Genetics’ concerns regarding
lineage-based ancestry testing (The American Society of Human Genetics 2008; Royal
et al. 2010), we have presented a detailed portrait of the variation in continental
ancestry observed within major mtDNA haplogroups. We used a novel combination of
genome-wide SNP data and mtDNA haplogroup classifications in a worldwide sample
of geographically diverse populations. We found that there is striking heterogeneity of
intra-haplogroup continental ancestry proportions. While many haplogroups were
associated with their primary ancestry components, secondary ancestry components
rarely showed such associations. Furthermore, predicting an individual’s mtDNA
haplogroup from their continental ancestry proportions was incorrect more often than
not. Finally, we found that the relationship between an individual’s mtDNA haplogroup
and their continental ancestry was less informative in recently admixed populations.

We found that all but a few of the major mtDNA haplogroups display a high
amount of variation in continental ancestry proportions. MtDNA haplogroup
distributions in the HGDP agree with previously observed descriptions of geographic
distributions (e. g. LO/L1, L2, and L3 frequent in Africa, H frequent in Europe, etc.).
However, there are some significant departures from these generalizations; for

example, 24% of the Brahui population belonged to haplogroup H, though average
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European ancestry in the Brahui was only 0.01. Moreover, high inter-individual variation
in continental ancestry proportions, as measured by mean pairwise Euclidean distance
(Figure 2.4), indicates that several mtDNA haplogroups are comprised of individuals
from many diverse ancestry backgrounds.

Our results show that most mtDNA haplogroups are associated with high
ancestry in a particular continental region. Furthermore, the highest continental
ancestry proportion for most individuals is consistent with that of the haplogroup to
which they belong. While this information appears to support the usefulness of mtDNA
haplogroups for determining ancestry, an appreciable number of haplogroups do not
exhibit this pattern. Some mtDNA haplogroups also show significant associations with
higher-than average continental ancestry from a secondary region, but most do not.
The second-highest and third-highest continental ancestry proportions within an
individual’s overall ancestry profile can vary significantly within a haplogroup, despite
comprising significant portions of an individual’s ancestry. For example, haplogroup K
is associated with high Middle Eastern ancestry, but not with European or
Central/South Asian ancestry, although these regions contribute an average of 25%
and 21% ancestry, respectively. Thus, while an mtDNA haplogroup classification might
provide accurate information about a person’s highest continental ancestry
component, information regarding an individual’s other ancestry components is limited.

So far, we have discussed our approaches for inferring a person’s continental
ancestry proportions from their mtDNA haplogroup, which is unsurprisingly difficult. If
the relationship between mtDNA haplogroups and continental ancestry is consistent

and considerable, we should be able to reverse this approach by using continental
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ancestry proportions to infer a sample’s mtDNA haplogroup with a logit model.
However, our logit-based mtDNA haplogroup predictions were often incorrect (76%
incorrect in the HGDP), despite the good fit of our model. Some haplogroups were
difficult to distinguish from one another and many samples were misclassified as a
phylogenetically distant mtDNA haplogroup (e. g. C misclassified as L2, Figure 2.4A).
Our failed predictions were not necessarily “close” to being correct. Often the failed
predictions had very high classification probabilities, so the strength of the prediction
did not necessarily indicate its confidence level (Figure A.8). The inaccuracy of these
predictions provides another line of evidence regarding the amount of ancestry
information that is not captured by mtDNA haplogroup classifications.

We also repeated all of our analyses in five recently admixed populations from
the 1,000 Genomes Project: ASW, CLM, GBR, MXL, and PUR. We used the HGDP
populations as a reference panel for our analyses of the 1,000 Genomes dataset, to
assess the effects of reference panels on lineage-based ancestry inferences. We first
observed that the geographic association of mtDNA haplogroups could break down in
recently admixed populations. Additionally, we found fewer significant associations
between a haplogroup and its primary ancestry component, different amounts of intra-
haplogroup ancestry variation, and less accurate logit-based haplogroup predictions in
the 1,000 Genomes compared to the HGDP. We conclude that, for recently admixed
populations, the predicted continent of origin based on mtDNA lineage testing may not
accurately reflect a high proportion of ancestry from the same continent. For example,
in the admixed populations that we examined, “Native American”, “East Asian”, and

“African” mtDNA haplogroups (A, B + C + D, and L3, respectively) show mostly
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European continental ancestry for the autosomes. Indeed, similar discrepancies
between autosomal ancestry and ancestry based on mtDNA haplogroup have
previously been observed in Colombian (Salas et al. 2008), Bolivian & Totonac (Watkins
et al. 2012), Brazilian (Cardena et al. 2013), and Malagasy (Poetsch et al. 2013)
populations. This suggests that lineage-based ancestry inferences may be more
misleading in recently admixed populations, and are highly dependent upon which
populations are included in the reference panel.

2.5.2 Limitations of lineage-based ancestry testing

Our results demonstrate the impact that reference panel populations have on
lineage-based ancestry inferences. In particular, reference panels drawn from
historically isolated populations may produce misleading results when interpreting
mtDNA-based ancestry within recently admixed populations. The HGDP dataset
notably under-samples populations from Oceania and the Americas, and lacks
populations from India. This decreases the geographic scope of our conclusions, and
DTC testing companies may have similarly underrepresented world regions whose
ancestry they cannot assess. If mtDNA-based ancestry is often decoupled from
continental ancestry, as in the admixed populations we included, the results reported
to consumers may be misleading or difficult to interpret.

We have also characterized the extent of ancestry information captured by
mtDNA haplogroup classifications. A highly informative mtDNA haplogroup would have
a low mean pairwise Euclidean distance, an association with ancestry proportion(s)
from specific continental region(s), low standard deviation of ancestry proportions, and

high consistency. Only three haplogroups satisfy these criteria: R9, K, and LO/L1.
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Additionally, an informative haplogroup would have a high consistency score in both
the reference panel and in admixed populations, which is the case for LO/L1, but not
for K (the 1,000 Genomes populations lacked R9). Our results demonstrate that the
majority of mtDNA haplogroups convey information about one, or possibly two, top
ancestry components while other ancestry information is lost. MtDNA haplogroups are
frequently assigned to a continental group (e. g. an “African haplogroup” or a
“European haplogroup”), but these descriptions do not present the whole picture of
continental ancestry variation within each haplogroup. For any particular consumer, the
mtDNA haplotype could have been inherited from a population in which it is less
common, despite its high frequency elsewhere (Bolnick et al. 2007). Effectively
communicating this complexity to a DTC test consumer poses a significant challenge
(Wagner et al. 2012), which may be alleviated by the transition to new continental
ancestry testing products, based on panels of autosomal markers. These SNP-based
tests report results as continental ancestry proportions, which will make results easier
for consumers to interpret.

It is particularly problematic to reduce mtDNA sequence information to
haplogroup labels. Using mtDNA haplogroup classifications to look for mitochondrial
disease associations can lead to spurious associations that suggest haplogroup-
defining polymorphisms are responsible for disease (Achilli et al. 2008; Benn et al.
2008). Because mtDNA is a single locus without recombination, selection anywhere on
the mito-genome would dramatically affect the coalescent history of human mtDNAs
(Underhill and Kivisild 2007; Barbujani and Colonna 2010). Others have suggested that

the haplogroup-defining polymorphisms might themselves be adaptive variants, which
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would make mtDNA haplogroups poor tools for making inferences regarding neutral
demographic processes (Ruiz-Pesini et al. 2004). There are also technical issues
related to the mtDNA haplogroup classification methods, such as the difficulty in
classifying samples based only on HVR sequences (Behar et al. 2007; Wong et al.
2011). New evidence also demonstrates that there is a very high rate of back-mutation
and heteroplasmy in at least one subhaplogroup’s diagnostic SNP (Duggan and
Stoneking 2013). This suggests that other understudied diagnostic SNPs may be
subject to back-mutation and heteroplasmy as well. While mtDNA lineage tests have
been a powerful tool in the past, their usefulness has diminished with the advent of
genome-wide SNP and sequence data.

2.5.3 The continued utility of lineage-based studies

Mitochondrial haplogroup analyses are particularly suited to analysis of ancient
DNA. The abundance of mtDNA makes it easier to obtain from degraded ancient
samples than nuclear DNA. Recent examples have used ancient mtDNA to trace
ancient migrations (Bollongino et al. 2013; Brandt et al. 2013) and to calibrate a
molecular clock for dating population separations (Fu et al. 2013). Ancient mtDNA
demographic analysis is particularly effective when it includes whole mito-genomes
and does not reduce mtDNA sequences to haplogroup classifications (Bollongino et al.
2013).

For modern DNA samples, there are many alternatives and complementary
approaches to using mtDNA haplogroups for making inferences about genetic
ancestry, demography, migrations, and sex-biased gene flow. Several recent studies

have included analysis of nuclear DNA sequences alongside mtDNA, to striking effect
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(Simonson et al. 2011; Jinam et al. 2012; Watkins et al. 2012). Additionally, the
demographic history of an admixed population can be inferred in much more detail
using nuclear genome SNP data. For example, Moreno-Estrado et al. used ancestry
tract length information to make very detailed conclusions about the demographic
history of Caribbean populations (Moreno-Estrada et al. 2013). For investigating sex-
biased demographic processes, comparing variation on the X chromosome to that on
the autosomes provides a much more detailed description than comparing haplogroup
frequencies from NRY and mtDNA (e. g. Hammer et al. 2008; Keinan et al. 2009). These
studies, among others available in the recent literature, provide good examples for
alternatives to mtDNA demographic studies, and for integrating information from
mtDNA with that from the nuclear genome.

2.6 Web Resources
The URLs for data presented herein are as follows:
1,000 Genomes Project: http://www.1000genomes.org
Genographic Project Haplogroup Prediction Tool: http://nnhgtool.nationalgeographic.com/
HGDP SNP data: http://www.hagsc.org/hgdp/files.html

PLINK v1.07: http://pngu.mgh.harvard.edu/purcell/plink/
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3. Inferring the effective sex ratio in recent human

evolution

This chapter is based on the following published paper:
Leslie S. Emery, Joseph Felsenstein, and Joshua M. Akey. (2010) Estimators of the
human effective sex ratio detect sex biases on different timescales. The American

Journal of Human Genetics. 87 (6), 848-856.

Joseph Felsenstein developed the coalescent model (sections B.1 & B.2) for the
expected sex ratio, and | performed all other analyses. Joshua Akey and | wrote and

revised the manuscript, with additional revisions by Joseph Felsenstein.
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3.1 Summary

Determining historical sex ratios throughout human evolution can provide insight
into patterns of genomic variation, the structure and composition of ancient
populations, and the cultural factors that influence the sex ratio (e. g. sex-specific
migration rates). Although numerous studies have suggested that unequal sex ratios
have existed in human evolutionary history, a coherent picture of sex-biased processes
has yet to emerge. For example, two recent studies compared human X chromosome
to autosomal variation to make inferences about historical sex ratios, but reached
seemingly contradictory conclusions, with one study finding evidence for a male bias
and the other study describing a female bias. Here we show that a large part of this
discrepancy can be explained by methodological differences. Specifically, through
reanalysis of empirical data, derivation of explicit analytical formulae, and extensive
simulations we demonstrate that two estimators of the effective sex ratio based on
population structure and nucleotide diversity preferentially detect biases that have
occurred on different timescales. Our results clarify apparently contradictory evidence
on the role of sex-biased processes in human evolutionary history and show that
extant patterns of human genomic variation are consistent with both a recent male bias
and an earlier, persistent female bias.

3.2 Main Text

Although studies of DNA variation have revealed important insights into human
demographic history, comparatively little is known about mating patterns and sex ratio
during human evolution (Quinlan 2008). Sex-biased processes, such as matrilocality —

when females remain in their natal territory—and polygyny —when males have multiple
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female mates—are widespread in mammals and can have profound effects on
genomic patterns of variation (Greenwood 1980; Hedrick 2007). One measure of the

sex bias within a population is the effective sex ratio (ESR)—defined here as the female

female
proportion of the effective population (E£SR = ( o ). Diversity measures from the
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e e

mtDNA and the non-recombining portion of the Y chromosome (NRY) provide relative
estimates of N,*™"* and N,™*. Previous studies comparing mtDNA and NRY have
shown evidence for local-scale sex biases in migration rates of humans (Seielstad et al.
1998; Oota et al. 2001; Wilder, Kingan, et al. 2004; Wilder, Mobasher, et al. 2004;
Hamilton and Stoneking 2005) and other species (Melnick and Hoelzer 1992; Eriksson
et al. 2006; Douadi et al. 2007; Langergraber et al. 2007). Because these uniparentally
inherited markers experience no recombination, however, selection on any part of the
mtDNA or NRY will affect the entire locus and make ESR estimates difficult to interpret
(Wilkins and Marlowe 2006).

Recently, the availability of sequence data has enabled comparisons of X
chromosome and autosomal variation levels (Ramachandran et al. 2004; Hammer et al.
2008; Ramachandran et al. 2008; Keinan et al. 2009; Labuda, J.-F. Lefebvre, et al.
2010), which have higher power to make global-scale inferences about human sex
biases than inferences based on mtDNA or NRY (Goudet et al. 2002; Wilkins and
Marlowe 2006). These comparisons rely on a consequence of male hemizygosity: the
effective number of X chromosomes in a population (N,*) depends on the ESR. If males

and females are present in equal numbers (ESR = 0.5), then the effective population
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size of the X is three quarters that of the autosomes (Hedrick 2007). This relationship is

described by the ratio Q (Keinan et al. 2009):

X

Ne Lo7s
N4 Eq. 3.1

However, sex biases can lead to deviations from Q = 0.75: in cases of a male
bias (N,*™"* < N,™¥) there is a relative reduction in the number of X chromosomes,
decreasing Q (Q < 0.75); in cases of a female bias (N.*™ > N_,™"*) there is a relative
increase in the number of X chromosomes, which increases Q (Q > 0.75). Because the
effective population size of the X chromosome determines the rate of genetic drift on
the X, Q can be estimated by comparing levels of genetic diversity between the X
chromosome and the autosomes. In population data, Q can be estimated from
statistics such as the fixation index (Fs;) and nucleotide diversity (1) (Hammer et al.
2008; Keinan et al. 2009), and serves as a proxy for the ESR in detecting sex biases.
Several recent studies have compared X and autosomal variation to make inferences
regarding sex biases in Drosophila (Begun and Whitley 2000; Musters et al. 2006;
Singh et al. 2007) and in humans (Hammer et al. 2004; Ramachandran et al. 2004;

Hammer et al. 2008; Ségurel et al. 2008; Keinan et al. 2009).
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Figure 3.1 Estimates of Qrsr in Hammer’s resequencing data are consistent with a
male bias during the Out of Africa disperal.

Point estimates of Q are denoted by gray dots and vertical black bars represent 95%
confidence intervals. The dashed gray line indicates the expected value of Q = 0.75
with no sex bias. (A) Summary of two previous studies of human sex bias (Hammer et
al. 2008; Keinan et al. 2009). The x-axis shows the populations (superscript) and the
variation measure used (subscript). A comparison between two populations is denoted
by the population names connected by a hyphen. HapMap population abbreviations:
ASN = Japanese in Tokyo and Han Chinese in Beijing; CEU = Utah residents with
ancestry from northern and western Europe; YRI = Yoruba in Ibadan, Nigeria. (B)
Reanalysis of Hammer’s data with the Fg; method. Several Q estimates are below 0.75,
in contrast to estimates of Q,, in the same data set. Ba: Basque; H: Han; BaH:
Basque+Han; BiM: Biaka+Mandenka; BiMS: Biaka+Mandenka+San.

Recently, two studies estimated Q in order to detect sex biases in similar human
populations (Hammer et al. 2008; Keinan et al. 2009) and found seemingly
contradictory conclusions (Bustamante and Ramachandran 2009). Using SNP data
from the International HapMap Project (International HapMap Consortium et al. 2007),
Keinan et al. found evidence for a male bias during the dispersal of modern humans

out of Africa (Figure 3.1A) (Keinan et al. 2009). Hammer and colleagues, however,
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found evidence for a female bias throughout human history in six populations from the
Human Genome Diversity Panel (HGDP) (Figure 3.1A) (Hammer et al. 2008). Although
these two analyses differ in several respects, such as the specific populations and
markers analyzed, we were especially interested in whether methodological differences
could account for the disparate results. In particular, the primary analysis of Keinan et
al. used Fg; to estimate Q while Hammer et al. estimated Q using T (we will denote

these estimators as Qr5; and Q,):

J'IZX

QJ'E = nAumsomes Eq_ 3_2

_ In(1- 2FS/;)
Fyr In(1- 2FS)](“) Eqg. 3.3
We investigated the properties of these estimators of Q using three independent
methods, including reanalysis of empirical data, a coalescent theoretical model, and
detailed coalescent simulations.

The most direct way to explore the methodological differences in Q obtained by
Keinan et al. and Hammer et al. is to calculate both Q,, and Q. on the same empirical
data set. To this end, we obtained the resequencing data from Hammer et al., which
consists of 20 regions (~5 kb) each for the X chromosome and autosomes, and
calculated Qs for all possible population pairs. The populations included in the data
set are French Basque, Biaka, Han Chinese, Mandenka, Melanesian, and San (Wall et
al. 2008). To mitigate the effects of recent sex biases unique to one population on
estimates of Qr¢;, we also performed analyses with combinations of populations

(Biaka+Mandenka, Basque+Han, & Biaka+Mandenka+San). To calculate Fg; from this
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data, we tabulated allele frequencies in each population, excluding SNPs with a minor
allele frequency < 0.05 (SNP, = 276, SNP, = 252). We calculated all pairwise Fg;
estimates using Weir and Cockerham’s estimator (Weir 1996), and performed non-
parametric bootstrapping over the SNPs to estimate 95% confidence intervals from
1,000 bootstrap replicates. Combining the 1,000 F¢,* estimates and 1,000 Fg,”
estimates into all 1,000,000 possible combinations, we obtained 1,000,000 estimates
of Qs for each pair of populations using Eq. 3.3.

In the populations most closely related to the HapMap populations, most
estimates of Q¢; are below 0.75 (Figure 3.1B), which is more consistent with the
observations of Keinan et al. (using the same method) than with those of Hammer et al.
(using the same data). Of the twenty-five possible comparisons of a non-African to an
African population, only four exhibit a female bias (Figure B.1). In fact, over half of
these non-African vs. African comparisons display a male bias (four significantly so).
Given the exact same data set, we still see marked differences between Q, and Qs
estimates in resequencing data, which is a compelling reason to investigate the
methodological differences further.

To better understand the differences between Qs; and Q,,, we first derived
analytical expressions for both estimators under a coalescent model. Eq. 3.4 can be
used to calculate the expected value for 1 on either the X chromosome or autosomes,

using the appropriate mutation rate u (see Appendix B for a complete derivation):

45



(0

( \ n ;
1—e M [|2N,+ 3 7, - T ¢
T -4 Eq. 3.4
Nf

Eq. 3.4 is derived from a model based on a single lineage that is partitioned into
nonoverlapping intervals described in terms of a series of population sizes N,, N,_,, N, _,,
... N; N, proceeding from the present backwards in time. Each interval has an
associated duration describing how long the population remained at that size, giving a
series of durations T, T, T,.,, ... T, T, measured in generations.

We can extend the above model to two subpopulations that diverged from the
same ancestral population t generations ago. The ancestral population has population
sizes and associated durations N’, N, N’ o, ... N, N and T, T/, ;, T/ o ... T, T,
We can also derive an expression (Eq. 3.5) for the expectation of T between

subpopulations 1 and 2, which we denote as r1,,:
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By using a formula for Fg; in terms of the three measures 1, 7,, and r1,, (Hudson et al.
1992), we can calculate approximate expected values for F4; on the X chromosome or

on the autosomes (see Appendix B):

F = 2”12 - -7,
ST 27 Eq. 3.6

12

A model of the African (Af), Asian (As), and European (Eu) populations in terms of

N and T parameter pairs is given in Figure B.2. We used equations Eq. 3.4, Eq. 3.5, and
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Eq. 3.6 to calculate ™%, %, F¢;*, and Fs;* under this model, and then equations Eg. 3.2
and Eqg. 3.3 to obtain Qs; and Q,.. The expected values of both Q, and Qg from the
theoretical model without sex biases are slightly below 0.75, with the notable exception
of Q. (Q,=0.778; Q,F“= 0.740; Q,” = 0.736; Qrs;™*" = 0.740; Qrs* " = 0.738; Qps,™
= 0.735). Population size dynamics alone can have a significant impact on the null
expectation of Q,, in the absence of sex bias (Pool and Nielsen 2007), and it is
interesting to note that this phenomenon also affects Q.-

To investigate the effects of a sex bias, we calculated Qr5; and Q,, in each
population for sex biases of varying severity at 295 different time points for each of the
three populations (Figure 3.2, Figure B.3, Figure B.4, & Figure B.5). Specifically, we
introduced a 1,400 generation-long sex bias into a single population 225,000
generations ago, and moved this bias forward in time in 250-generation increments. At
each increment, Qs and Q,, were calculated as described above. The African lineage
most clearly demonstrates the different effects of the same sex bias on the two
estimators of Q (Figure 3.2 A & D). Q,, in Africans is virtually unaffected by the time of
the bias, while the magnitude of Q.¢; in Africans shifts further away from Q = 0.75 for
recent biases. The same general patterns are observed for biases introduced into the

European and Asian lineages (Figure 3.2B & C, E & F).
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Figure 3.2 Expected values of Qrsr and Q after a bias in a population’s history,
using a theoretical coalescent model.
Each plot displays the expected values of relevant Q estimators after a single female
bias (ESR = 0.9) (A - C) or male bias (ESR = 0.1) (D - F) lasting 1,400 generations
introduced into a single lineage’s history. The x-axis indicates the number of
generations elapsed since the bias ended. Double-headed arrows indicate the time of
the split between Asian and European populations and single-headed arrows indicate
the time of the split between Africans and non-Africans. Solid lines denote the results
after introducing a bias, while dashed lines in a corresponding color indicate the null
theoretical expectation of each Q estimator in the absence of a sex bias.
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For non-African populations, Q,, does change as the bias becomes more recent,
but the magnitude of the changes in Qrs; is much larger. These changes in Q, for non-
Africans are attributable to the introduction of a bias during or near a population
bottleneck, growth, or expansion event that amplifies the signal of the bias. The
sensitivity of Qs to a recent bias is explained by closely examining the expected
values of the estimator in a non-African population, for instance Europeans. There are
two Qr¢; comparisons for the European population: Qqs; ™ and Qs; ™. There is a
region of time—between double- and single-headed arrows—when Qs is still
largely unchanged while Qs; " has already decreased (male bias—Figure 3.2B) or
increased (female bias—Figure 3.2E). When the bias in question ends before the
divergence of the populations being compared, it has less of an effect on Q¢
because the bias occurred during their shared history. When the bias starts after the
two populations diverge, however, only one population experiences the bias so the
differences between the two populations are greater. These results suggest a
timescale hypothesis, which posits that Q.s; and Q,, are influenced by biases on
different timescales: Qs is mainly influenced by sex biases occurring in the portion of
time after two populations diverge while Q,, is influenced by biases along the whole
lineage.

To complement and extend the theoretical analyses described above, we also
performed extensive coalescent simulations to explore the behavior of Q. and Q,
under more complex demographic situations with different magnitudes and durations
of male and female sex biases. We used the program ms (Hudson 2002) to simulate

samples from Africans, Europeans, and Asians using a best-fit model of evolution
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derived from the HapMap data (Schaffner et al. 2005), including bottlenecks,
population expansions, and population splits with no migration (see Table B.1 and
Table B.2 for model parameters and ms command lines). Using this basic coalescent
model, we first simulated autosomal and X-chromosomal regions with recombination,
similar to those sampled by Hammer et al. To simulate regions on the X chromosome
(with no sex bias) we scaled 6 (6 = 4N_u) from the autosomal simulation by 0.75 and
also scaled the population recombination rate p (o = 4N,r) to be half that of the
autosomes. For this simulated sequence data we calculated both r* and ™ for
Africans, Europeans, Asians, and non-Africans (nA) and used Eq. 3.2 to estimate Q,, in
each population. To model the sampling method of Keinan et al. we simulated unlinked
SNPs on the autosomes and on the X chromosome —again scaling the X chromosome
parameters appropriately—and simulated the ascertainment process by matching the
global minor allele frequency spectrum to that of the HapMap SNPs. From these SNPs,
we obtained Fg* and Fg;* for the four comparisons: 1) non-Africans vs. Africans (nA-
Af), 2) Europeans vs. Africans (Eu-Af), 3) Asians vs. Africans (As-Af), and 4) Asians vs.
Europeans (As-Eu). Then we used Eq. 3.3 to estimate Qs for each comparison.

To incorporate sex biases into the coalescent model of the X chromosome, we
scaled the population size during the Out of Africa bottleneck event (50 generations
long) using Eq. 3.7 (Hedrick 2007) to determine the effective size on the X chromosome
given the autosomal effective size during the bottleneck and an arbitrary ESR.

© 16N’ -9N/(ESR) Eq. 3.7
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We used this scaling procedure to simulate sex biases on the X chromosome using the
N/ value corresponding to the Out of Africa bottleneck, with ESR values ranging from
0.1 (extreme male bias) to 0.9 (extreme female bias). Because our simulations directly
manipulate the number of X chromosomes found in human populations, they are
agnostic to the specific mechanism causing the bias. According to Eq. 3.7, the X
chromosome experiences a more severe bottleneck than the autosomes in the case of
a male bias (ESR < 0.5) and a less severe bottleneck in the case of a female bias (ESR
> 0.5). We also simulated an extended bias beyond the duration of the bottleneck, with
150 to 1,350 additional generations of sex bias, resulting in biases lasting from 50 to
1,400 generations in total.

Consistent with the observations of Pool & Nielsen (Pool and Nielsen 2007),
some of our null estimates of Q, are above 0.75 (Q,™ = 0.769; Q,* = 0.791; Q,F =
0.753; Q,/* = 0.751) in the absence of a sex bias due to the bottlenecks and periods of
expansion in our model of human evolution. In contrast to the theoretical results
described above, simulations show that our model of human evolution leads to a lower
Qs estimate than the 0.75 expectation in the absence of a sex bias (Qxs,;"** = 0.708;

s == 0.708; Qrs, % = 0.718; Qps;™ "= 0.719). Simulated null estimates for Q¢ are
lower than those obtained with the theoretical framework, which may be due to the
differences between Eq. 3.6 and the Weir & Cockerham estimator of Fg;, or to the
effects of recombination. For all of the analyses described below, we will use the
simulated null estimates of Q for hypothesis testing purposes.

As shown in Figure B.6 and Figure B.7, both Q, and Q.s; decrease in response

to a simulated male bias and increase in response to a simulated female bias. Notably,
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the relative change in the value of Q,, is much smaller than the change in the value of
Qes7- The simulated bias occurs after non-Africans diverge from Africans and has a
stronger effect on Qs than on Q,,. From the data in Figure B.6, it is clear that Q, is not
well suited for detecting recent sex biases associated with the Out of Africa dispersal.
These observations, along with the reanalysis of Hammer's data with Qs and some
previous implications in the literature (Goudet et al. 2002; Prugnolle and Meeus 2002;
Wilkins and Marlowe 2006; Keinan et al. 2009; Keinan and Reich 2010), support the
hypothesis that Q,, and Q.s; detect biases on different timescales. 7 in each population
is a function of polymorphism along the whole lineage, while Fg; is a function of
polymorphism differences between two populations; therefore, Q,, is affected by sex
biases both before and after two populations have split while Qg¢; is primarily affected
by sex biases occurring after the split.

To more explicitly evaluate the different timescales on which Q,, and Qs detect
biases, we performed additional coalescent simulations using the best-fit model of
human evolution and including two separate sex biases (Figure 3.3A). We first
introduced a female bias lasting for 20,000 generations along the ancestral human
lineage, corresponding to the time before the dispersal of modern humans out of
Africa. We then introduced a male bias in the non-African lineage, lasting for the 1,400
generations before the split between European and Asian populations. Using this basic
set of model parameters, we simulated both linked sequence regions and unlinked
SNPs to repeat the Q,, and Qg5; estimation procedure described above. We simulated
scenarios with an ESR of 0.9, 0.8, 0.7, or 0.6 for the female bias and an ESR of 0.1,

0.2, 0.3, or 0.4 for the male bias.
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Figure 3.3 Coalescent simulations show that Qrsr and Q. detect sex-biased events
on different timescales.

(A) Graphical representation of the simulation model. For simplicity, population size
changes are not shown and the branch lengths are not to-scale. The three possible Q
estimates are shown. ™ measures diversity along sections | and Il of the lineage, ™
measures diversity along sections | and I, and Fg;”** measures divergence between
sections Il and lll. (B) Results from the simulations of the scenario in A. Gray dashed
lines are the null estimates determined by simulations (Figs. S6 & S7). As predicted by
the timescale hypothesis, the two estimates of Q,, are above 0.75, detecting the early
female bias. The estimate of Q.5;, however, is below 0.75, detecting the recent male
bias. Female bias: ESR = 0.9, 20,000 generations; Male bias: ESR = 0.1, 1,400

generations.

If Qs and Q,, preferentially detect sex biases acting on different timescales, the
model considered in Figure 3.3A leads to three testable predictions: 1) Q,*" should be
much greater than 0.75, 2) Q,™ should be slightly greater than 0.75, and 3) Qqs;"**
should be less than 0.75. The simulation results are in complete agreement with these
predictions (Figure 3.3A, Figure 3.4). Interestingly, at least one simulated scenario
(Figure 3.3B) produces results for Q" and Q5" that are consistent with some of the
observations by Hammer et al. and Keinan et al. Bilinear interpolation heat maps
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Figure 3.4 Coalescent
simulations show that Q¢sr is
primarily influenced by the
ESR of a recent bias, while
Q- is primarily influenced by
the ESR of an ancestral bias.
Each panel shows a set of Q
estimates from simulated data
under the model in figure 3A.
The y-axis and x-axis indicate
the ESR for the male and
female bias, respectively, in
the model. The color indicates
the value of Q for a
combination of male and
female ESR’s (note the Q
scales are different in each
plot). (A) Q, in non-Africans is
jointly influenced by both the
recent and ancient biases, but
the signal from the older bias
dominates. (B) Africans
experience only the female
bias, shifting Q, in Africans
above 0.75. (C) While non-
Africans experience both the
male and female biases, Qxsr
comparing the two shows no
evidence of the older female-
biased event.



(Figure 3.4) show the relationship between the magnitude (ESR) of male and female
biases and the resulting Q ratio. Contours in Figure 3.4B and Figure 3.4C show that
Q,”" depends primarily on the magnitude of the older female bias while Qqs,"**"
primarily depends on the magnitude of the recent male bias. Figure 3.3A, however,
shows that the more complex pattern of Q. is jointly influenced by the magnitudes of
both biases.

In summary, our theoretical and simulation results demonstrate that the
seemingly contradictory results of Hammer et al. and Keinan et al. are in fact
reconcilable. Q, is well-suited for detecting sex biases in the ancestral human
population, so it is probable that the female biases detected by Hammer and
colleagues represent a female bias that is a shared legacy of all human populations.
Accordingly, long-term sex-biased processes, such as polygyny or higher female
dispersal rates in ancestral human populations, likely caused the Q,, estimates found
by Hammer et al. Furthermore, a recent study that compared relative recombination
rates on the X chromosome and autosomes found evidence for an ESR greater than
0.5 (female bias) in all three HapMap populations (Labuda, J. Lefebvre, et al. 2010;
Labuda, J.-F. Lefebvre, et al. 2010; Lohmueller et al. 2010). These results are
consistent with the Q,, observations of Hammer et al. because, like 7, recombination
rates detect events along the whole lineage of the human population.

The male bias detected by Keinan et al. can be explained by a recent event
associated with the Out of Africa dispersal, as initially proposed by the authors. The Q

ratios detected by Keinan et al. suggest a very strong male bias for the entire portion of

the non-African lineage before the split of Asians from Europeans. A subsequent study
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has shown that a model of continuous male-biased migration from African into non-
African populations before the split of Asians and Europeans can account for the
magnitude of the previously observed male bias (Keinan and Reich 2010).

In their supplementary analyses, Keinan et al. also estimated a Q,-like measure
in shotgun genome sequences from a small number of individuals. Their results were
consistent with the pattern they observed for Qs in that Q is much lower in non-
African than in African populations (Keinan et al. 2009). Recently, a new study found
that regions close to genes have a deficit of X-linked diversity (Q, < 0.75) while regions
further from genes have an excess of X-linked diversity (Q,, > 0.75), suggesting that
positive selection has had a widespread effect on X-linked genes (Hammer et al. 2010).
These results are consistent with previous studies that have detected signatures of
selection across the X chromosome (Casto et al. 2010; Lambert et al. 2010). The
correlation between Q, and genetic distance from genes can potentially explain the
contrasting results for Q,,, but not the discrepancy between Keinan’s Qs and
Hammer’s Q,. We have demonstrated methodological differences between Q. and Q,
that can account for the majority of this discrepancy, but it remains to be seen what
other factors are contributing to the conflicting results such as small sample sizes,
different sample populations, and different outgroup species.

More broadly, our results illustrate that complicated demographic models can
influence different summary statistics of genetic variation in distinct ways. Thus,
evaluating the operating characteristics and behavior of summary statistics under
complex demographic models provides important insights into whether different

summaries of genetic variation could have been generated by the same evolutionary
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forces. These insights will be critical in interpreting the deluge of next-generation
sequencing data sets (Li et al. 2010) and developing a more comprehensive
understanding of human evolutionary history.
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4. Improving methods for detecting recent positive

selection in human populations

4.1 Introduction

Recent advances in DNA sequencing technology and population genetic models
have provided more information than ever before about the nature of human genetic
variation. As a result, the role of natural selection in shaping patterns of human genetic
variation is becoming increasingly clear. There is accumulating evidence that a
significant portion of the genome has been the target of natural selection at some point
in human evolution (Hahn 2008).

The ultimate goal of population genomic studies of selection is a comprehensive
understanding of the alleles that have been the substrates of selection (Akey 2009).
Among the questions we seek to answer are: What are the precise causal variants that
have been the targets of natural selection? When were they subject to selection? In
which human populations were they selected, and in which associated environments?
And, perhaps most important and difficult of all, Why were these alleles selected? What
advantage or disadvantage do they present compared to other alleles at the same
locus? A clear understanding of the selective history of a locus satisfies an innate
interest in our past, but can also provide information about the evolutionary
relationships between human populations, mechanisms of evolutionary change, and

the heritable basis of disease.
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4.1.1 Candidate gene studies of positive selection

The first DNA studies presenting empirical evidence for the action of positive
selection in the human genome examined single genes with a previous hypothesis for
selection. The most notable example is that of LCT, the gene encoding the enzyme
lactase, which digests the sugar lactose (Figure 4.1). In mammals, the expression of
LCT is down-regulated after weaning; thus, lactase is only produced when a juvenile is
dependent on a milk diet (Harris and Meyer 2006). This is also the ancestral state in
humans, but adaptive regulatory mutations have arisen in pastoral populations. These
adaptive alleles produce a lactase persistence phenotype, such that lactase production
continues into adulthood and allows the digestion of dairy products such as milk,
yogurt, and cheese.

Examinations of genetic variation around LCT show evidence for an incomplete
(or in-progress) selective sweep, including long high-frequency haplotypes carrying the
causative allele (i. e. these haplotypes show very low variation and very high LD for
their young age, indicating they rose to a high frequency very quickly) (Figure 4.1b)
(Bersaglieri et al. 2004; Tishkoff et al. 2007; Enattah et al. 2008) and high population
differentiation (Figure 4.1c). Meanwhile, other haplotypes lacking an advantageous
allele exhibit normal levels of variation (Tishkoff et al. 2007). Additionally, examination
of various populations has identified several different causative lactase-persistence
alleles (Enattah et al. 2002; Tishkoff et al. 2007; Enattah et al. 2008; Ingram et al. 2009;
Gallego Romero et al. 2012; Jones et al. 2013) in an upstream intron of the gene

MCM6, which shows enhancer activity (Olds and Sibley 2003).
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Figure 4.1 Signal of selection surrounding the LCT locus.

(@ LCT and nearby RefSeq genes on chromosome 2. Genes on the top line are on the
+ strand and genes on the bottom line are on the — strand. The red star marks the
location of rs4988235, one of the polymorphisms in an enhancer region that is
associated with lactase persistence (Bersaglieri et al. 2004). (b) The absolute value of
the integrated haplotype score (iHS) for SNPs from the HapMap phase 2 data in two
populations, from Voight et al. (Voight et al. 2006) Populations are (CEU): Utah
residents with Northern and Western European ancestry and (YRI): Yoruba in Ibadan,
Nigeria. The black line is a loess-smoothed curve of the plotted points. The gray box
marks the 90% confidence interval of all iHS scores in the region, which is exceeded
by variants in the enhancer region in the CEU. (c) F¢;, @ measure of population
differentiation, for variants from the 1,000 Genomes project phase 1 data. Populations
are the same as above. The black line is a loess-smoothed curve of the plotted points.
The gray box marks the 80% confidence interval of all F5; measures in the region.
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Although there are a handful of other well-supported examples of positive
selection acting on identified advantageous alleles, the scope, throughput, and utility of
such studies is limited. To be able to identify a candidate gene for positive selection
requires detailed information on the genotype-phenotype relationship and some a priori
hypothesis regarding why, when, and where selection acted on the gene (Akey 2009).
This is an even more difficult prospect for advantageous regulatory alleles, which we
still know relatively little about. Additionally, interpreting patterns of variation for a
single gene at a time is difficult because of the complicating factors introduced by
human demographic history (Akey et al. 2004; Stajich and Hahn 2005; Akey 2009; Li et
al. 2012).

4.1.2 Insights from genome-wide scans for positive selection

In contrast, genome-wide scans provide an unbiased way to search for
unsuspected targets of positive selection and also provide more rigorous approaches
to distinguish the marks of selection from those of neutral demographic events. The
advent of dense genome-wide SNP genotype data has made these scans possible
within the past decade. Despite concerns that the signal of natural selection would be
drowned out by genomic noise, early studies showed that selection’s mark on human
genome variation could be detected from sequence data alone (Akey et al. 2002). To
date, scans for selection have utilized a wide variety of test statistics to detect unusual
patterns of variation that are indicative of selection. These test statistics examine
features such as population differentiation (Akey et al. 2002; Chen et al. 2010); decay of
LD around a SNP (Sabeti et al. 2002; Voight et al. 2006); comparative LD (Sabeti et al.

2007), derived allele frequency (Grossman et al. 2010), or homozygosity between
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populations (Zhong et al. 2010; Zhong et al. 2011); high frequency derived alleles (Fay
and Wu 2000); an excess of rare variants (Tajima 1989); and differences between
population- and pedigree-based recombination rate estimates (O'Reilly et al. 2008).
Some of these statistics perform well for detecting completed selective sweeps, while
others are appropriate for in-progress or incomplete sweeps. They also exhibit a wide
range of sensitivities and specificities (Ronald and Akey 2005; Biswas and Akey 2006;
Sabeti et al. 2007). While the effects of selection and demography are difficult to
distinguish, a reasonable way to address this problem is to employ an outlier
approach, which assumes that demographic events will affect variation throughout the
genome, while selective events act at individual loci (Cavalli-Sforza 1966).
Advantageous alleles can be detected by identifying loci that exhibit anomalous
patterns of variation compared to the rest of the genome and are therefore outliers in
the distribution of a statistic of interest (Akey et al. 2002).

4.1.3 Improving genome-wide scans

In this chapter, | will describe my work on improving current methods for
genome-wide scans to identify the signatures of positive selection on a large scale. My
objectives are 1) to characterize the performance of neutrality test statistics for
detecting selection from standing variation and 2) to develop a genome-wide approach

for combining signals across multiple neutrality test statistics.
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Figure 4.2 Classical and alternative models of positive selection.

Pink: causal variant under positive selection; Cyan: hitch-hiking variants; Blue: hitch-
hiking variants on a second haplotype background; Red: epistatic variant that affects
the fitness of the selected variant. Left and right panels denote patterns of variation
before and after selection, respectively. (a) A new mutation arises and is immediately
advantageous. (b) An existing variant with multiple haplotype backgrounds is newly
advantageous due to a novel selective pressure. (c) During a selective sweep, the
advantageous variant arises again due to a mutation on a second haplotype
background.

The usefulness of previous genome-wide scans for recent selection is
undermined by the simplicity of the classic selective sweep model, upon which most
neutrality test statistics are based. In a classic selective sweep (“hard sweep”), a new
mutation is immediately beneficial upon its introduction into the population and quickly

reaches fixation, sweeping along linked neutral variants (Figure 4.2a). Some
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approaches also exist to detect the signatures of incomplete or in-progress sweeps
(Voight et al. 2006). Selection may also occur by “soft sweeps”, in which a beneficial
allele exists on multiple haplotype backgrounds before sweeping to fixation (Hermisson
and Pennings 2005). A soft sweep may occur because the beneficial allele was a
previously neutral variant segregating in the population (from standing variation) or
because the beneficial allele arose multiple times (by recurrent mutation) (Figure 4.2).
The model of a soft sweep from standing variation is intuitively appropriate for recent
human evolution, which has been characterized by adaptation to novel environments
(Hermisson and Pennings 2005; Pritchard et al. 2010; Hernandez et al. 2011). It is
unclear how appropriate current neutrality test statistics are for detecting the
signatures of a soft sweep (Przeworski et al. 2005; Pritchard et al. 2010; Hernandez et
al. 2011). A newly-beneficial allele undergoing a soft sweep does reach fixation quickly
and drag along linked neutral variants, but because the allele had time to accumulate
different haplotype backgrounds, the signature of the hitch-hiking effect is more
difficult to detect than in a classic hard sweep (Figure 4.2b) (Hermisson and Pennings
2005; Przeworski et al. 2005). To address this objective, | will investigate the ability of
existing neutrality test statistics to detect the signatures of positive selection in both
hard sweep and soft sweep models.

It is also imperative to develop methods for reconciling the conflicting signals
produced by various neutrality test statistics. Previous work has developed a
composite likelihood method to combine the information from five different neutrality
test statistics, but applied this method to candidate regions identified by previous

genome-wide scans with a single neutrality test statistic (Grossman et al. 2010;
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Grossman et al. 2013). Methods that combine information from multiple test statistics
also have the potential to increase the resolution of genome-wide scans for positive
selection. The use of whole genome sequences for detecting selection has the
potential to identify the causative variants underlying signatures of positive selection
(Tennessen et al. 2010; Tennessen et al. 2012). To address this objective, | will develop
an approach for combining information from multiple signals in a genome-wide scan
for selection and investigate which combinations of neutrality test statistics provide the
most information.
4.2 Detecting the signatures of selection from standing variation
4.2.1 Materials and Methods
4.2.1.1  Coalescent simulations
To assess the performance of existing neutrality test statistics under known
conditions, | used the coalescent simulation programs ms (Hudson 2002) and msms
(Ewing and Hermisson 2010) to generate simulated population genetic data. | used a
model of human evolution in which a non-African population split off from an African
population (see Figure 4.3) 3,500 generations ago. | used model parameters that were
calibrated to match the allele frequency spectrum observed ASN, CEU, and YRI
population in the HapMap phase 2 SNP data (Schaffner et al. 2005). The model
included mutation, migration, recombination, bottlenecks, and rapid recent population
growth. Using this model, | simulated 1 Mb of sequence data 100 times for each of the
29 parameter combinations in Table 4.1, for a total dataset consisting of 2,900 Mb of
simulated sequence data in 200 sampled chromosomes. The full command line for

each combination of parameters is presented in Table C.1.
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Figure 4.3 Coalescent model
17.000 used in simulations
’ Selection was introduced into the
model at one of the two blue
arrows. Branches of the lineage
indicate relative changes in
population size, but are not to-
scale. Sample sizes (n) are the
total number of chromosomes
simulated. The y-axis (time) is not
to-scale.
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For simulations including positive selection, | used the -Sc and -SlI options in
msms to specify positive selection in a single population beginning 3,360 generations
ago and continuing forwards in time. The beneficial allele, located in the center of the
simulated sequence, had a dominance coefficient of 0.50 and a rate of recurrent
mutation that matched the overall mutation rate. The program msms uses forward
simulations to generate the frequency trajectory of the beneficial allele in each
population, and then runs coalescent simulations according to the ancestral
recombination graph, conditioned on the beneficial allele frequency. | simulated
beneficial alleles with selection coefficients (s) of 0.001, 0.01, and 0.1. To consider
varying models of a soft sweep from standing variation, | specified the starting
frequency (f) of the beneficial allele, including values of 0.05, 0.1, and 0.5. To account
for the proportion of the time that the beneficial allele was lost due to drift, | kept only
those simulations for which the beneficial allele had reached a frequency of at least
80%. To achieve this, | ran simulations for each parameter set until | had collected 100

datasets that satisfied this beneficial allele frequency cutoff. To simulate hard sweep
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models, | set f = 0 and applied the same beneficial allele frequency filter. Some
parameter combinations did not generate any datasets that met the beneficial allele
frequency cutoff, and were therefore excluded from further analyses.

Table 4.1 Parameters used in coalescent simulations

Population fb sa Population fb sa
experiencing selection experiencing selection

African 0 0.1 Asian 0.5 0.1
Asian 0 0.1 European 0.5 0.1
European 0 0.1 African 0.5 0.01
Asian 0 0.01 Asian 0.5 0.01
African 0.05 0.1 European 0.5 0.01
Asian 0.05 0.1 African 0.5 0.001
European 0.05 0.1 Asian 0.5 0.001
African 0.05 0.01 European 0.5 0.001
Asian 0.05 0.01 neutral - 0
European 0.05 0.01 neutral - 0
African 0.1 0.1 Africanc 0 0.001
Asian 0.1 0.1 Asian 0 0.001
European 0.1 0.1 European 0 0.001
African 0.1 0.01 African 0.05 0.001
Asian 0.1 0.01 Asian 0.05 0.001
European 0.1 0.01 European 0.05 0.001
Asian 0.1 0.001 African 0.1 0.001
European 0.1 0.001 European 0.01 0.01
African 0.5 0.1 African 0.01 0.01

a: s = selection coefficient
b: f = frequency of the beneficial allele at the time that positive selection starts
c: cells shaded in red indicate parameter combinations that failed to meet the beneficial allele frequency cutoff

4.2.1.2 Calculating established neutrality test statistics
| selected 13 neutrality test statistics to investigate. These statistics, presented
in Table 4.2, have been used widely in recent genome-wide scans for positive selection

in humans.

67



Table 4.2 Neutrality test statistics examined in this study

Statistic

H12

Ha/H,

AIEHH,
iEHHS
iHS

ADAF

HFW
D*
F*

DTajima

Other
names

AiHH

iES

Full name

Difference in integrated Extended

Haplotype Homozygosity (iEHH)
for derived haplotypes
Site-specific iEHH

Integrated haplotype score;
allele-specific iEHH

Difference in derived allele
frequency

Weir and Cockerham’s Fgr

Cross-population site-specific
iEHH

Cross-population allele-specific
iEHH

Fay and Wu’s H

Fu and Li’'s D*

Fu and Li’'s F*

Tajima’s D

Category Reference
Haplotype structure &
linkage disequilibrium
Haplotype structure &
linkage disequilibrium

(Garud et al. 2013)
(Garud et al. 2013)

(Grossman et al.

Link i ilibri
inkage disequilibrium 2010)

Linkage disequilibrium (Tang et al. 2007)

Linkage disequilibrium (Voight et al. 2006)

(Grossman et al.
2010)
(Wright 1950; Weir
1996)

Population differentiation

Population differentiation

Population differentiation &
linkage disequilibrium
Population differentiation &
linkage disequilibrium

Site frequency spectrum
Site frequency spectrum
Site frequency spectrum
Site frequency spectrum

(Tang et al. 2007)

(Voight et al. 2006)

(Fay and Wu 2000)
(Fu and Li 1993)
(Fu and Li 1993)

(Tajima 1989)

| developed a custom pipeline consisting of several Python modules for the

analysis of simulated sequence data in order to calculate each of these test statistics

on my simulated datasets. To implement functions for each statistic, | read the primary

source and tested the functions for accuracy against examples in the literature

whenever possible.

| defined common variant sites as having a derived allele frequency greater than

1% and calculated each statistic at every common variant site, within each population

in a simulated dataset. For site frequency spectrum-based statistics (Hg,, D*, F*, &

Dr,ima), | calculated an average value for the statistic within a 10 kb window around
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each common site, including rare sites in the calculation. For linkage disequilibrium-
based tests (AIEHH,, iEHHg, iHS, xp-iEHHg, & xp-iEHH,), | calculated each statistic
using each common site as a core site and excluded all rare variant sites from the
calculations. | took the absolute value of xp-iEHHg and xp-iEHH, to account for
differentiation of either population being considered. For haplotype structure statistics
(H,, & H,/H,), | classified haplotypes in 10 kb windows around a site, using each
common variant as the core site. | calculated Fg; and ADAF at every variant site.

LD-based tests (H,,, H,/H,, Aiehh,, iEHH, iHS xp-iEHHg xp-iEHH,) are highly
dependent on the allele frequency of the variant at the core site. To account for this, |
standardized each of these statistics based on the derived allele frequency of the
variant at the core site, as is standard practice (Voight et al. 2006; Grossman et al.
2010). To accomplish this, | used data from the neutral simulation models. | separated
the variant sites based on their frequency, in frequency bins of 2.5%. | then calculated
the mean and the standard deviation of each LD-based statistic. For each LD-based
statistic, | obtained the standardized value by subtracting the mean and dividing by the
s.d. for variants of the same allele frequency, according to the following equation:

s, — mean(n,)
s.d.(ny,) Eq. 4.1

standardized(s,) =

where s, is the estimated value of the statistic at a variant site with allele frequency p
and n, is the set of all variant sites in the neutral data with allele frequencies in the

2.5% bin including p.
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4.2.1.3  Developing neutrality test statistics using haplogroup structure

A previous candidate gene study of ALMST used the ad hoc statistic d,, to
identify the genetic signature of a soft sweep from standing variation (Scheinfeldt et al.
2009). This statistic measured the average pairwise nucleotide diversity between two
deeply diverged haplogroups, each bearing the derived allele that was purported to be
under selection. To assess the applicability of this statistic to genome-wide scans for
positive selection, | developed methods for calculating d,, at any variant site in an
automated manner. To calculate d,, at a variant site, | examined a window of 10 kb
around a core variant site and selected those haplotypes carrying the derived allele at
the core site. Using these derived haplotypes, | calculated a distance matrix using a
simple measure of distance assuming two alleles (derived and ancestral) and no
recurrent mutation. | then used this distance matrix as input in the program neighbor
from the package PHYLIP (v. 3.6) (Felsenstein 2005). Using the tree generated by
neighbor’s, UPGMA method, | identified the deepest split in the tree and used this
split to classify the derived haplotypes into two derived haplogroups. Finally, |
calculated the average pairwise nucleotide diversity between these two derived
haplogroups. d,, is described by the following equation, where g is the number of
nucleotide differences between haplotypes i andj and D, and D, are the set of derived
haplotypes in the two respective haplogroups:

=Y >4
J 5 & Eq. 4.2
To determine if another similar test might be more informative, | used the same

haplogroup classification procedure as described above, but instead calculated d,,,
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which is the absolute difference in Tajima’s D between the two haplogroups, according
to the following equation:

di2 = |Diajima — D¥ajimal Eq. 4.3
where D', is the mean Tajima’s D calculated in a 10 kb window around the core site
in haplogroup k. | calculated d,, and d,, for core sites at every common variant in the
simulated datasets, and included rare variants in their calculation.

4.2.1.4  Calculating empirical p values
To identify the variants under selection in my simulated datasets, | calculated
the empirical p value for each statistic at each site. | used the empirical cumulative
distribution function of each statistic in the neutral simulations to calculate these p
values. | transformed all of the p values to an upper-tailed p value (p,) so that they are
all comparable to one another. For the lower-tailed tests H,,, H,/H,, d,,, d;,, Hey, D*, F,
and Dy, | subtracted the lower-tailed p value from 1 according to the equation
p. = 1 — p;. For the two-tailed tests iHS and ADAF, | used the formula p,, = |p; — 0.5|%2
to obtain an upper-tailed p value. Each empirical p value is a measure of how extreme
the statistic is compared to the distribution of that statistic in the neutral simulations.
4.2.1.5 Calculating binned means
In order to plot the empirical p values from each statistic, it was necessary to

reduce the dataset from the order of millions of points to thousands of points. |
calculated binned means for empirical p values for each statistic in 10 kb bins across
the length of the simulated sequences, within each set of simulation parameters and
within each population. | used these binned mean values to identify peaks that indicate

a signature of selection. For each bin, | also calculated the upper 95" percentile of the
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statistic, as an estimate of the 95% confidence interval for the value of the statistic
within that bin.

4.2.2 Results

The binned mean empirical p values for each neutrality test statistic are
presented in Figure 4.4, Figure 4.5, Figure 4.6, & Figure 4.7 and supplemental Figure
C.1, Figure C.2, Figure C.3, Figure C.4, Figure C.5, Figure C.6, Figure C.7, Figure C.8,
Figure C.9, Figure C.10, and Figure C.11. Examining the peaks in these figures in
detail, there were several interesting observations. First of all, many of these individual
statistics (e. 9. Drimay D*, F*) were very noisy, exhibiting a wide peak around the
selected site and very wide confidence intervals. Some statistics had very high peaks
around the selected site (e. g. Hqy, Xp-IEHH), which were very strong signals for the
signatures of selection. Others had shorter peaks around the selected site, but those
peaks were often more distinct from the background (e. g. ADAF, iHS, and AiEHH,). To
my knowledge, these results were the first direct comparison of so many of these
neutrality test statistics to one another under known conditions. Using these results, |
could start to pick out neutrality test statistics that performed well over a wide range of
selection models. For example, H, had a very high peak around the selected site in all
but one selection model (Figure 4.4). In contrast, Fg; had a very short peak around the
selected site, in particular in the simulated Asian and European populations (Figure
4.5). There were also several models of selection for which Fg; exhibited no appreciable

peak.
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Figure 4.4 Binned mean empirical p value for Hrw depends on s and f in simulations
including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure 4.5 Binned mean empirical p value for Fsr depends on s and f in simulations
including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Additionally, several neutrality test statistics exhibited strong signals of positive
selection in models of soft sweeps from standing variation, despite being designed for
detecting classical hard sweeps. These statistics had high peaks in mean empirical p
values around the selected site even for low selection coefficients and high starting
allele frequencies. For example, xp-iEHH;, D+,;., IEHHg, and AiIEHH, all had noticeable
peaks at the selected site in every model of selection tested except for those with s =
0.001 and f = 0.5. The statistic H,,, which was recently developed specifically for the
purpose of detecting the signatures of soft sweeps, similarly showed peaks at the
selected site in all models of selection tested except for those with s = 0.001 and f =
0.5.

Another striking result was the difference in the strength of the signatures of
selection between simulated African and non-African populations. In particular, the
peak in the mean empirical p value of Dy, was noticeably lower than the simulated
non-African populations, while peaks in ADAF and Fg; were higher in the simulated
Africans. Furthermore, when the selection coefficient was high (s = 0.1), the simulated
African population had lower peaks in the mean empirical p value of F*, iHS, and
AIEHH,.

As I've calculated it here, d,, did not perform well in detecting the signatures of
soft sweeps from standing variation. In fact, d,, performed better for detecting the
signatures of a hard sweep than those of a soft sweep (Figure 4.7). Furthermore, the
overall performance of d,, did not compare favorably to the other statistics that |
investigated. The automated derived haplogroup classification procedure | developed

to apply d,, in a genome-wide scan could be altered and improved to determine if there
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are other ways of calculating this statistic. d,, also performed poorly in detecting the
signatures of a soft sweep from standing variation (Figure C.11) and performed poorly
overall compared to other neutrality test statistics. This was another indication that the
haplogroup classification method should be redesigned.
4.3 Combining information from multiple tests for positive selection
4.3.1 Materials and Methods
4.3.1.1  The Cumulative Selection Score (CSS)

A previous approach, the Composite of Multiple Signals (CMS), was developed
to identify overlapping signatures of positive selection from multiple neutrality test
statistics (Grossman et al. 2010; Grossman et al. 2013). The CMS at site j can be

calculated from n neutrality test statistics (s)) using the following equation:

CMS, — ﬁ P(s;|selected)x Prior(selection)

J = P(s;|selected)xPrior(selection) + P(s;|neutral) XPrior(neutral) EQ. 4.4
CMS can be interpreted as the posterior probability that site j is a target of positive
selection. The probability of a given score s; under neutrality or selection is obtained
from simulations, and CMS is therefore wholly dependent on the specification of
appropriate models of human demography under neutrality and selection. Grossman et
al. implemented CMS on candidate regions identified in previous genome-wide scans,
meaning it has not been implemented in a genome-wide scan itself.

To improve upon this methodology, | developed the Cumulative Selection Score

(CSS), which is the product of the empirical p values for n neutrality test statistics at a

site, j:
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n
CSS; = HPr (s; |data)
L Eq. 4.5

When all of the empirical p values for a site are transformed to upper-tailed p values,
CSS is highest when all of the component p values are also high. To assess the
performance of CSS under known conditions, | used the simulated sequence datasets
described in section 4.2.1.1.

4.3.1.2  Identifying correlations between neutrality test statistics

CSS relies on the assumption that each component statistic is independently
distributed under neutrality. If this assumption holds, the co-occurrence of high
empirical p values in the component statistics can be attributed to selection. If,
however, the random variation in the component statistics is also correlated, then high
CSS values would result from random chance. To test this assumption, | calculated the
Spearman’s rank correlation coefficient (p) between each pair of neutrality test
statistics in neutral simulated datasets using the R package Hmisc (Figure 4.8).

The correlation coefficients presented in Figure 4.8 fall into three major groups:
population differentiation statistics (ADAF, Fg;, d;,, & d,,); linkage disequilibrium
statistics (H,,, H,/H,, AIEHH,, iEHH, iIHS, xp-iEHH, & xp-iEHH,); and site frequency
spectrum statistics (Hgy, D*, F*, Dr,ma)- Unsurprisingly, these correlated groups
correspond with the basic categories that define these statistics (Table 4.2). These
correlation coefficients can guide the selection of neutrality test statistics to include in
the calculation of CSS. For example, one could include one statistic from each of the

three categories, or the two least correlated statistics from each category, etc.
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Figure 4.8 Neutrality test statistics fall into three major groups based on correlations
with one another in a neutral simulation
Each square in row i, column j, is colored by the value of the Spearman’s rank
correlation coefficient, p, between statistics i and j. The statistics fall into three groups,
which are mostly correlated within, but not between, groups. These three groups are
marked with gray outlines.
4.3.1.3 Identifying optimal combinations of statistics to include in
calculating the CSS

The effectiveness of CSS in detecting the signatures of positive selection is
largely dependent on the component statistics used to calculate it. To assess the
usefulness of various combinations of statistics, | calculated several dozen different

variations of CSS. | chose each combination of statistics qualitatively based on the

height and definition of peaks in the binned mean empirical p values from simulated
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data (see Figure 4.4, Figure 4.5, Figure 4.6, Figure 4.7, and supplemental Figure C.1,
Figure C.2, Figure C.3, Figure C.4, Figure C.5, Figure C.6, Figure C.7, Figure C.8,
Figure C.9, Figure C.10, and Figure C.11 row 2, column 2). | focused on the peaks
found in models of selection with s = 0.01 and f = 0.05, because these values are most
compatible with known cases of recent positive selection in humans. | also took into
account the strength of correlations between the individual statistics under neutrality
(Figure 4.8). After calculating these different versions of CSS, | plotted the binned mean
of each CSS across the simulated sequence in a manner similar to the plots |
generated for each individual statistic (e. g. Figure 4.9).

Table 4.3 Combinations of statistics included in CSS calculations

CSS name Statistics included Type of Signal
CSS; AiEHH,, iEHHg, ADAF, Fq;, xp-iIEHHg Narrow peak, low ClI
CSS, AIEHH,, iHS, ADAF, Fgr, Hew, Draiima Narrow peak, low ClI
CSS, Hew, Fsr, IEHHg Narrow peak, low CI
CsSs, iHS, ADAF, Hey, Drima High peak, high ClI
CSS; ADAF, Hg,, iHS High peak, high CI
CSS, ADAF, H;,,, iIEHH, High peak, high CI

| assessed the peaks in binned mean CSS for each combination of statistics,
also focusing on simulated datasets including selection with s = 0.01 and f = 0.05.
From these results, | identified three combinations of statistics that result in strong
signals of selection (high peaks at the selected site) and three combinations that result
in more specific signals of selection (narrow peaks at the selected site and confidence
intervals very close to the binned mean values). | chose to use these six variations of
CSS (shown in Table 4.3) for my analyses of the usefulness of CSS in detecting recent

positive selection.
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To compare the behavior of these six variations of CSS, | plotted the binned
mean CSS value against the starting frequency of the beneficial allele in my simulated
datasets for varying values of the selection coefficient (Figure 4.11). Because these
variations of CSS may have different numbers of component statistics, their
unadjusted mean CSS values are not comparable. To account for the different number
of component statistics in each CSS, | adjusted each binned mean CSS from Figure
4.11 using the maximum possible CSS if all component statistics are in the 95™
percentile, according to the following equations:

CSSpay = 0.95¢

Eq. 4.6
CSSaqj = CSS/CSSpmax

Eq. 4.7

4.3.2 Results

The binned mean Cumulative Selection Score (CSS) for each of six
combinations of statistics is presented in Figure 4.9 & Figure 4.10 and in Supplemental
Figure C.12, Figure C.13, Figure C.14, and Figure C.15. In general, CSS compared
favorably to the previously developed CMS. CSS values displayed stronger signatures
of selection than did the individual statistics used to calculate each CSS. Binned mean
CSS values exhibited narrower peaks around the selected site and had much narrower
confidence intervals. In fact, CSS appeared to have narrower confidence intervals and
a higher peak at the selected site than did CMS (Grossman et al. 2010), though direct
comparison is difficult due to methodological differences. CSS appears to be more

useful for a genome-wide scan for selection than any individual statistic, and may have

greater resolution for detecting individual causal variants.
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Figure 4.9 Binned mean CSS, displays a marked peak at the selected site in
simulations including selection

For each combination of s and f, the average CSS, binned by position is plotted in
thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval. CSS,
includes p values from iHS, ADAF, Hgy, and Dy,;,.- Simulations including selection in
each of three populations are shown in each panel where available. Populations are
colored according to the legend at top left.
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| identified six combinations of statistics that produced either high peaks with
little noise, or narrow peaks with narrow confidence intervals (Table 4.3). These six
variations of CSS demonstrated that the statistics used to calculate CSS could be
tuned for different purposes. The CSS variations with high peaks (e. g. CSS,, Figure
4.9) could be good for detecting candidate regions. The CSS variations with narrow
peaks (e. g. CSS,, Figure 4.10) and narrow confidence intervals could be used to

detect causal variants within those regions.
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Figure 4.11 Mean CSS values at the selected site vary with s and f in simulations
including selection

Each panel displays points marking the mean CSS value for the bin including the
selected site. The mean CSS was adjusted to account for different numbers of
statistics included in CSS, as described above. Points and lines are colored by the
selection coefficient (s) for each simulation, according to the legend at right.
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All of the variations of CSS that | tested displayed noticeable peaks in most
selection models, including soft sweeps from standing variation. None of the variations
of CSS displayed peaks at the selected site in simulated soft sweep datasets with s =
0.001 and f = 0.50. CSS,, CSS,, and CSS; additionally did not display peaks at the
selected site in simulated soft sweep datasets with s = 0.001 and f = 0.50, while CSS;,
CSS,;, and CSS; exhibited peaks at the selected site under all of the other simulated
models of selection. CSS was about as good at detecting the signatures of soft
sweeps from standing variation as its component statistics were.

Figure 4.11 shows how the peak value of each CSS was affected by the
parameters s and f in the simulated datasets including selection. The adjusted peak
CSS value decreased with s and with f. These results demonstrate that higher values of
f make the signatures of a soft sweep from standing variation very difficult to detect,
even when the selection coefficient is very high.

4.4 Application to population genomic data from chromosome 2

4.4.1 Materials and Methods

4.4.1.1  Analysis of 1,000 Genomes variant data

| obtained low-coverage single nucleotide variant (SNV) data from chromosome
2 for 50 randomly-selected individuals each from the ASN, CEU, and YRI populations
from the 1,000 Genomes phase 1 dataset (1000 Genomes Project Consortium et al.
2012), courtesy of Peter Sudmant. | obtained a genetic map for chromosome 2
(http://hapmap.ncbi.nim.nih.gov/downloads/recombination/2011-01_phasell_B37/),
which was generated from the HapMap project phase 2 data (International HapMap

Consortium et al. 2007). Using this genetic map, | converted physical coordinates for
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every variant site to genetic coordinates using linear interpolation. These genetic
distances are important for calculating statistics based on EHH and for defining
window sizes for SFS-based statistics. Finally, | filtered out SNVs that were invariant in
the 150 individuals in my dataset. | separated the chromosome into smaller segments,
each containing approximately 15,000 variant sites. | analyzed each of these smaller
segments separately to reduce the computational time required for the analysis.

Using the methodology described in sections 4.2.1.2, 4.2.1.4, and 4.2.1.5, |
calculated neutrality test statistics at every common variant site in the dataset, using a
cutoff of 5% to define common variants. For LD-based statistics, | used a homozygote
counting algorithm to calculate each statistic from unphased genotype data for each
individual, avoiding the error associated with computationally phased haplotypes (see
section 4.4.1.2). Rather than using the binned mean and s.d. from neutral simulations
to standardize each LD-based statistic, | used the mean and s.d. obtained from the
chromosome 2 data itself. To calculate empirical p values for each neutrality test
statistic, | similarly used the empirical cumulative distribution function of that statistic
across chromosome 2. This prevents inaccuracies in the neutral simulation model from
affecting the ability to detect the signatures of selection.

Finally, | followed the procedures described in sections 4.3.1.1 and 4.3.1.3 to
calculate CSS across the entirety of chromosome 2. | used CSS, to identify candidate
signatures of selection across the chromosome, assuming that binned mean CSS
values in the 98" percentile were the targets of recent positive selection. Then | used

CSS, to investigate the LCT region in detail.
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4.4.1.2 Comparing phased and unphased versions of LD-based neutrality
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Figure 4.12 LD-based statistics can be estimated from either phased haplotype or
unphased genotype data

Each panel displays the binned mean empirical p value of each LD or haplotype
structure statistic in simulations including selection with s = 0.1 and f = 0.1. Estimates
from unphased genotype data are shown as dashed lines and those from phased
haplotype data are shown as solid lines. Lines are colored according to the population
under selection per the legend in the bottom right. Correlation coefficients for each
statistic in each population are displayed in Table 4.4.

In the simulated datasets | have discussed so far, the sequence data | was
working with was perfectly phased. This made the calculation of LD-based statistics
possible without any need to account for unknown phasing of the variants within each
individual. In a real human population sample, however, perfectly phased data is not
available. Unphased genotype data can be computationally phased to produce
predicted haplotypes given the data; however, there is an associated amount of error

introduced by computational phasing. Tang et al. developed the homozygote counting
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algorithm for calculating the site-specific (rather than allele-specific) iEHH in unphased
genotype data (Tang et al. 2007). | generalized this method to calculating iHS, xp-iEHH,
and AIEHHD as well.

For each of the LD-based statistics, the phased and unphased versions of the
statistic in one representative simulated dataset including selection are presented in
Figure 4.12. The phased and unphased versions of each LD-based neutrality test
statistic were significantly correlated in simulated datasets including selection (Table
4.4). The height of the peak in binned mean empirical p values for each statistic is of a
similar magnitude between phased and unphased versions as well. By using the
unphased versions of these statistics to analyze whole genome variant data from a
human population sample, | removed one possible source of error from my analysis.

Table 4.4 Correlation coefficients between phased and unphased LD statistics®

Statistic African R? European R? Asian R*
AIEHHD, 0.40 0.53 0.55
iEHHS 0.95 0.69 0.97
iHS 0.49 0.65 0.60
xp-iEHHD 0.61 0.86 0.84
xp-iEHHS 0.80 0.72 0.64

a: all correlation coefficients were significant at p < 0.0001

Figure 4.13 Signals of selection across human chromosome 2, measured by CSS, in
the 1,000 Genomes ASN, CEU, and YRI populations.

Each horizontal panel plots the mean value of CSS, in 0.075 cM bins across the length
of chromosome 2. Mean CSS, values are colored according to population per the
legend at right. Light gray bars indicate the 95% confidence interval within each bin.
The darker gray box shading the lower portion of each panel marks the 98" percentile
of CSS, values in all populations combined. Values above this gray box are candidate
signatures of selection. The asterisk in the CEU panel is the approximate location of
LCT.
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4.4.2 Results

The results of calculating CSS, across the entirety of chromosome 2 are
displayed in Figure 4.13. Because chromosome 2 is one of the longest chromosomes
in the human genome, this served as a proof-of-concept for applying CSS in a
genome-wide scan for the signatures of positive selection. | reduced the computational
time of the analysis by splitting the chromosome into smaller segments, but the
analysis of entire chromosome arms at once is computationally possible on a platform
with enough available RAM, especially for the smaller chromosomes. The application of
this method to the entire human genome is clearly warranted.

My method used a 98" percentile cutoff value for determining which binned
mean CSS, values were high enough to indicate the signatures of recent positive
selection. While this is an arbitrary cutoff value, it identified several interesting
candidate selection regions. Most notably, the region surrounding LCT had an
unusually high CSS, value (asterisk in Figure 4.13) in the European-descended CEU
population. | examined the region in more detail to determine if the signature of
selection could be further refined. | chose to use CSS, for the detailed analysis of the
LCT region because it had relatively distinct peaks around the selected region in
simulated data (Figure 4.10).

The entire region had an excess of high CSS, values in the CEU population,
indicating a strong signature of positive selection. A previously-identified enhancer
variant was observed in the region of very high CSS, values, but the highest
Cumulative Selection Score in the region was shared by the two variants rs11898588

(A/G) and rs11903319 (G/T), which are only 11 bp apart. Interestingly, rs11903319 is
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Figure 4.14 Signatures of selection in the LCT region, measured by CSS..

Each horizontal panel plots the CSS, value at every variant site in the LCT region for
each population. Blue lines on each plot are smoothed lines from a generalize additive
model. Two points plotted in red (and only 11 bp apart) share the highest CSS value in
the entire region. The chromosome ideogram and gene locations from Figure 4.1 are
shown at top.

92



fixed for the derived G allele in the CEU population, while this allele is around 70% in
YRI and ASN populations. These two variants are in the intergenic region between
MCM®6 and LCT, ~12 kb downstream of the known enhancer variant. While there are
many variants with high CSS, scores within this region, that the highest CSS value was
within 12 kb of a site with known functional consequences for selection is encouraging.
In contrast, previous genome-wide scans for selection using SNP data and one or two
neutrality test statistics routinely identified candidate regions of several Mb in length,
often containing dozens of genes. The identification of a signature of positive selection
near LCT is further evidence that CSS will improve the resolution and accuracy of
genome-wide scans for selection.

4.5 Discussion

The methods developed in this chapter can still be improved in various ways.
First and foremost, the impact of these results would be increased by the addition of a
wider range of parameters in the simulation models (Table 4.1). It is particularly
important to examine the performance of individual neutrality test statistics and of CSS
in models of a soft sweep from standing variation with starting frequencies between
0.1 and 0.5, to determine at which value of f the signal of selection becomes difficult to
detect.

Including only those simulated datasets for which the beneficial allele reached a
frequency of 80% also limits the applicability of these results. A more comprehensive
approach would be to obtain a specified number of simulated datasets across a range
of beneficial allele frequencies. This would enable exploration of the effect of the

beneficial allele frequency on the detection ability of each neutrality test statistic. In
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effect, this would add another parameter to the simulation models specified in Table
4.1.

The genome-wide approach for the Cumulative Selection Score (CSS) can be
further improved by determining a strict criterion for calling a cluster of high CSS
values as a candidate selection region. Peak-finding algorithms and clustering
approaches could be useful for this goal. The CSS approach particularly needs a better
way to adjust scores for comparison between CSS versions with different numbers of
contributing statistics. Methods based on Fisher’s combined probability or the
weighted Z method may be helpful for this purpose (Whitlock 2005).

While the CSS is qualitatively performing as well as the previously described
CMS approach, a direct comparison between the two on the same simulated datasets
would confirm this in a formal way. Similarly, the qualitative difference in the peaks of
binned mean CSS and binned mean empirical p values for individual neutrality test
statistics should be confirmed quantitatively. The resolution of CSS appears favorable
compared to individual statistics and this should be confirmed more systematically.

Despite these shortcomings, | can make several interesting conclusions from the
work described in this chapter. One somewhat surprising observation is that existing
neutrality test statistics that were designed to detect the signatures of a classic hard
sweep also perform well at detecting the signatures of a soft sweep from standing
variation. In general, the best neutrality test statistics for detecting the signatures of a
hard sweep are also the best for detecting a soft sweep. For small values of f, several
statistics do just as well detecting soft sweeps as they do detecting the hard sweeps

they were designed for. At the same time, the incalcitrance of soft sweep models with f
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= 0.5 supports the conclusion that some selective sweeps will always be beyond our
detection ability.

| also compared LD-based statistics calculated from unphased genotype data
with those calculated from phased haplotype data in simulated datasets. The high
correlation between the phased statistics and their unphased counterparts suggests
that using the unphased versions will not lose much information. This can remove
another source of error by avoiding the use of computationally phased data. To confirm
this, | plan to compare the reduction in signal that results from using unphased LD
statistics with the reduction in signal due to error in computational phasing.

| have also demonstrated that CSS is a good modification of the CMS for
application to genome-wide data. | identified a class of contributing statistic
combinations that had high peak CSS values but also high levels of noise. These CSSs
are appropriate for a first-pass genome-wide scan, with a goal of a low false negative
rate. Another CSS class exhibited lower peak values, but very distinct peaks with
narrow confidence intervals. These CSSs are best used in a detailed second-pass
analysis within each candidate selected region. This approach worked well in human
variation data on chromosome 2, to identify the signature of selection at LCT and then
identify variants within the region that are close to a putatively causal variant.
Application of this CSS approach to the whole genome promises to provide further
clarity on the question of which alleles have experienced recent positive selection in

the human genome.
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5. Concluding Remarks

In this dissertation | have described several approaches for making inferences
regarding recent human evolutionary history from population genomic data. First, |
demonstrated that mitochondrial lineage tests capture only part of the available
information regarding an individual’s genetic ancestry. Especially in recently admixed
populations, it is common for a person’s autosomal ancestry to be more complex than

indicated by their mitochondrial ancestry.

Second, | resolved a controversy in the literature by showing that extant
variation on the X chromosome and the autosomes is consistent with a female bias in
effective population size in ancestral humans, as well as with a later male bias
associated with the Out of Africa migration and bottleneck. Previously conflicting
results can be explained by methodological differences — specifically the use of
different effective sex ratio estimators that measure different time periods in human

history.

Finally, | evaluated the detection ability of the most frequently used neutrality
test statistics in models of selection with varying selection coefficients and selective
sweep models. | found that neutrality tests designed to detect the signatures of a hard
sweep are also relatively good for detecting the signatures of a soft sweep from
standing variation. | also developed the Cumulative Selection Score (CSS) for
combining the information from multiple neutrality tests and extended this into an
approach for genome-wide scans for selection. Using carefully selected combinations

of statistics to calculate CSS, | can first identify regions as candidate targets of positive

96



selection and then identify variants within these regions that may be the specific site

subject to selection.

The results from these disparate but related projects have yielded enticing
information about recent evolution in humans, but we have much still to learn. The
record of human evolution left in our patterns of genetic variation has revealed much
about the distribution of genetic ancestry, varying sex ratios over time, and specific
genetic adaptations. How much evolutionary history we can still extract from
population genomic data remains an open question. The advent of affordable
population-scale whole genome sequencing and the sampling of more diverse human

populations are sure to facilitate new and unexpected discoveries.

In particular, the past century has seen great strides in our understanding of the
impact of selection on human genetic variation. The principles of population genetics
have provided explanations for why a disease may be more prevalent in one population
than another or, indeed, why a disease allele is maintained at all. Additionally, the
exceptional cases of extreme population differentiation caused by directional selection
have proved the rule of unusually close genetic bonds between the many populations

of our far-flung species.

Recent studies have yielded an immense body of knowledge concerning the
genetic signatures of positive selection on a genome-wide scale. Positive selection has
been a strong force acting on a small but significant portion of the human genome and
has left its marks across all chromosomes and all human populations, affecting many

varied gene processes and pathways. There are no strikingly singular adaptations
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evident in the genetic record of human evolution, showing that human populations
have adapted to their respective environments in ways numerous and diverse. The
underlying message from these findings is that the effects of selection cannot be
discounted for any genomic location, classes of functional elements, or populations

(Hahn 2008).

A comprehensive understanding of the effects of selection on the human
genome has never seemed more attainable than it does today; however, many
important questions remain. First, what are the practical limits of detection for the
signatures of selection? Second, how much of the genome has been subject to
positive selection? Third, what is the distribution of selection coefficients among the

targets of positive selection in the human genome?

The limits of detection can be determined with coalescent simulations under
widely varying models of selection, but our detection ability may improve with
advances in detection methods. In particular, the development of methods for
detecting polygenic selection may vastly improve our ability to detect the subtle shifts
in allele frequency that may underlie many human adaptations. Also important will be
models of selection on copy number variants and microsatellites. As detection
methods improve, our estimate of the proportion of the genome that has been a target
of selection will also necessarily improve. Selection coefficients estimated from
identified targets of positive selection can give some indication of the distribution of
effect sizes of an advantageous allele, but complementary approaches such as deep

mutational scanning of protein variants and experimental evolution of model organisms
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are already providing valuable information on the average effect of a beneficial

mutation.

Once we are armed with a detailed map of the candidate targets of selection
across the human genome, it will be important to validate these candidates and
determine their functional importance. Using comprehensive functional datasets such
as ENCODE, we can prioritize candidate selected regions for detailed molecular
investigation and validation. If we can make this important connection between a
genomic signature of positive selection and its phenotypic consequences, we will be
able to make more accurate predictions of genetic risk for individuals, and gain insights

into the connection between human populations and their evolutionary environments.
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Appendix A. Supplementary material for Chapter 2

A.1 Supplementary Figures
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Figure A.1 mtDNA haplogroup diagnostic SNP locations

Each SNP used to diagnose particular mtDNA haplogroups is plotted in context on the
mtDNA genome and colored by the haplogroup it is used to diagnose. Each SNP is
labeled with its mtDNA genomic coordinate.
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Figure A.2 Correlation between paired continental ancestry estimates in “pseudo-
ancestors” from the HGDP dataset.

For the 140 pseudo-ancestors identified from the HGDP, continental ancestry was
estimated twice — once in with the HGDP data run in ADMIXTURE and once with the
1,000 Genomes data run in ADMIXTURE. Ancestry estimates from the HGDP run are
plotted on the x-axis and those from the 1,000 Genomes are plotted on the y-axis.
Each panel is the plot for ancestry percentages in a single continental region. Purples
lines are best-fit lines for the data. R® values for each continental region: Americas -
0.9999, Middle East — 0.9989, Central/South Asia — 0.9983, Africa — 0.9999, East Asia —
0.9999, Oceania — 0.9989, Europe — 0.9987. p-values for all continental regions are <
0.00001
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Figure A.3 Associations
between mtDNA haplogroups
and high continental ancestry
percentages

Colored circles are the average
continental ancestry
percentages within each
mtDNA haplogroup. Larger
colored circles with black
points denote average
continental ancestry
percentages that are higher
within the haplogroup than
expected by chance, according
to a permutation test shuffling
haplogroup labels (1,000
repetitions). These significant
points also have bars indicating
one standard deviation on
either side of the average. Top:
HGDP dataset Bottom: 1,000
Genomes dataset
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Figure A.4 Mean pairwise
Euclidean ancestry distances
compared between datasets,
by haplogroup and by
population

Each colored curve is the
density distribution for the
average pairwise continental
ancestry distances within the
dataset of the corresponding
color. For within-haplogroup
distances, both datasets can
be combined (red). Unique
populations in each dataset
prevent a similar aggregation of
within-population distances.
Top: distances are calculated
within each mtDNA
haplogroup. Bottom: distances
are calculated within each
population.
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Figure A.5 Distribution of consistency scores for each mtDNA haplogroup,
compared between datasets.

Each colored curve is the density distribution of the consistency scores within each of
the datasets, or both datasets combined. Consistency is the proportion of people
within the haplogroup whose highest continental ancestry percentage is the same as
the haplogroup’s highest average continental ancestry in the HGDP.
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Figure A.6 Individual continental ancestry percentages within HGDP populations
For each HGDP population, individual samples are plotted as a barplot of continental
ancestry percentages, colored according to the labels in main text Fig. 1A. Under the
x-axis the average pairwise ancestry distance (d) and sample size (n) of the population
are shown. Populations are sorted in ascending order by mean pairwise Euclidean
distance, from left to right and top to bottom.
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Figure A.7 Individual continental ancestry percentages within 1,000 Genomes
populations

For each 1,000 Genomes population, individual samples are plotted as a barplot of
continental ancestry percentages, colored according to the labels in main text Fig. 1A.
Under the x-axis the average pairwise ancestry distance (d) and sample size (n) of the
population are shown. Populations are sorted in ascending distance order, from left to
right and top to bottom.

120



-

=3

o
1

=)

~N

o
1

Difference from maximum probability
o o
o e
3.1 o
1

o

=]

=)
I

-

=3

o
1

o

9

a
1

Difference from maximum probability
o o
o b
3.1 o
1

o

=]

=]
!

[

‘. )
o &
)

..’.‘. S8 ®

0.00 0.25 0.50 0.75
Probability of belonging to true haplogroup

T
1.00

0.00 0.25 0.50 0.75
Probability of belonging to true haplogroup

T
1.00

121

Figure A.8 Strong false predictions
and strong true predictions in
classification probabilities from the
fitted logit model

Each point is a sample from the
HGDP (top) or 1,000 Genomes
(bottom) dataset. A point’s x
coordinate is the fitted logit
classification probability for the
sample’s experimentally determined
“true” mtDNA haplogroup. A point’s y
coordinate is the difference between
this true classification probability and
the sample’s highest fitted logit
classification probability (the
prediction). If a sample’s predicted
haplogroup is the same as its true
haplogroup, then the y-axis value will
be zero. Higher y values indicate
higher misclassification probabilities.
Points in the lower right corner of the
plot are strong correct predictions
(most desirable). Points in the upper
left corner are strong false
predictions (least desirable).
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Figure A.9 Correct vs.
incorrect classification
probabilities compared
between datasets

Each colored curve is the
density distribution of all fitted
logit classification probabilities
for each sample in the HGDP
(top) or in the 1,000 Genomes
(bottom). Probabilities for a
sample’s true haplogroup are
the correct probabilities, shown
in red. Probabilities for all other
haplogroups are the incorrect
probabilities, shown in
turquoise. The distribution of
correct probabilities is
significantly different from the
incorrect probabilities in the
HGDRP (t test, p = 0.001) and in
the 1,000 Genomes (t test, p =
0.02).



A.2 Supplementary Tables

Table A.1 Average continental ancestry proportions

A. HGDP
Haplogroup \Americas \Middle.East \CentraI.South.Asia \Africa East.Asia Oceania Europe

7.00% 6.26% 85.06% |0.78% 0.37% 10.42%
18.17% 9.61% 67.15% |0.88% 0.24% |3.83%
18.91% 7.24% 65.12% [3.82% 0.49% [4.31%
8.54% 27.86% 0.42% |43.64% |15.68% [2.89%
37.23%  [0.70% 5.00% 0.12% [52.54% |0.32% |4.08%
31.45%  [1.40% 5.46% 0.08% [58.11% |1.65% [1.86%
13.06% 16.38% 043% [61.13% |0.37% [7.20%
146.38%  [1.12% 2.21% 0.41% [45.94% |0.28% [3.67%
51.08% 31.23% 2.88% [2.61% 041% [11.55%
24.23% 34.78% 0.71% 16.48% 0.72%  [31.73%
11.04% 55.20% 0.80% [6.46% 1.51% |23.26%
12.22% 33.51% 1.68% |4.02% 0.52% |47.33%
24.96% 26.711% 0.50% [13.92% |0.57% [32.20%
37.29% 36.66% 2.02% [1.03% 3.27% [19.40%
13.48% 21.51% 273% [41.67% |6.55% [9.19%
24.96% 24.75% 1.42% |4.24% 0.25% |43.50%
26.70% 7.01% 7.52% 10.22% 0.35% |57.89%
0.39% 2.71% 0.00% [77.91% |9.54% [1.23%
0.34% 4.03% 0.00% [90.90% |1.04% [2.31%
25.02% 29.78% 1.64% |4.44% 0.54% [37.24%
19.90% 31.07% 220% [14.18% |0.41% [31.26%
21.80% 36.67% 2.79% [5.84% 0.52% [31.37%
51.36% 21.32% 1.26% |0.41% 0.17% [25.25%

\East.Asia \Oceania \Europe

3.74% 0.80% 58.02% [0.68% 0.52% [31.84%
3.09% 0.76% 68.12% [1.88% 0.73% [21.27%
3.42% 1.97% 36.91% [1.08% 0.29% [51.39%
3.62% 0.00% 49.85% [1.99% 1.07% |31.18%
6.20% 0.44% 8.71% [5.58% 0.30% [52.56%
3.53% 0.22% 9.44% 19.41% 0.24% |37.82%
6.16% 0.70% 6.36% |4.77% 0.31% |58.65%
1.49% 3.76% 2.95% [2.34% 0.00% |77.60%
0.00% 4.17% 0.00% |0.00% 0.27%  [95.38%
0.00% 4.41% 0.00% |0.00% 0.55% [94.50%
1.60% 3.98% 0.93% |0.86% 0.09% [88.95%
6.72% 0.64% 3.03% [4.22% 0.00% [58.15%
5.66% 0.75% 5.10% [5.07% 0.28% |56.38%
0.00% 4.55% 0.00% |0.01% 0.083% [95.17%
2.62% 3.46% 5.00% 10.42% 0.17%  [85.94%
0.00% 4.14% 0.00% [0.19% 0.00%  [95.49%
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Table A.2 The highest continental ancestry component in each haplogroup, by data

set
Highest in 1,000 Highest in all
Haplogroup Highest in HGDP Genomes combined samples
A Americas Europe Europe
B East.Asia Europe East.Asia
C East.Asia Europe East.Asia
D East.Asia Americas East.Asia
H Europe Europe Europe
HV East.Asia NA East.Asia
I Central.South.Asia NA Central.South.Asia
J Europe NA Europe
K Middle.East Europe Middle.East
LO\L1 Africa Africa Africa
L2 Africa Africa Africa
L3 Africa Europe Africa
M East.Asia Africa East.Asia
N East.Asia NA East.Asia
N1 Middle.East NA Middle.East
R Europe Europe Europe
RO Middle.East NA Middle.East
R9 East.Asia NA East.Asia
T Europe Europe Europe
U Central.South.Asia Europe Europe
Vv Europe Europe Europe
w Central.South.Asia Europe Central.South.Asia
X Europe Europe Europe
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Table A.3 The standard deviation of individual continental ancestry percentages for
each continental region in each haplogroup.
Cells are colored by the value, with higher values in darker red.

A. HGDP
Haplogroup ‘ Africa ‘ Middle.East ‘ Europe ‘ Central.South.Asia ‘ East.Asia ‘ Oceania | Americas

0.26 0.21

0.26

0.15 0.33 0.44 0.34
0.42 0.43
0.45 0.45

0.25 0.27 0.45
0.45 0.41

0.31 0.10 0.26

0.34 0.33 0.25

0.17 0.27 0.25

0.19 0.38 0.30

0.32 0.35 0.27 0.28

0.32 0.25 0.36

0.21 0.17 0.28 0.44

0.24 0.33 0.23

0.25 0.30
0.35 0.25 0.25
0.16

0.29 0.34 0.27

0.27 0.36 0.36 0.30

0.24 0.32 0.34

0.18 0.21 0.14
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B. 1,000 Genomes
Haplogroup ‘ Africa ‘ Middle.East | Europe | Central.South.Asia East.Asia | Oceania | Americas
[ 0.29 0.21

| 0.20 0.12

| 0.35 0.34

| 0.46 0.29 0.16

| 0.09 0.18 0.17

| 0.22 0.16 0.04 0.18

0.15 0.14

0.30 0.20

0.01

0.01

0.14

0.15 0.15

0.01

0.20

XCHB<IITXSPOO0ZILG

0.03

126



Table A.4 Proportion of people with continental ancestry >50% matching the

haplogroup's highest continental ancest

component in the HGDP

Proportion > 50% | Proportion > 50% in Proportion > 50% in all HGDP - 1,000
Haplogroup | in HGDP 1,000 Genomes samples combined Genomes
LO\L1 ‘ 0.852 0.778 0.830 0.075

0.674 0.857 0.719 -0.183

0.656 0.435 0.526 0.221

0.394 0.000 0.386 0.394

0.537 0.000 0.328 0.537

0.616 0.000 0.529 0.616

0.636 NA 0.636 NA

0.559 0.057 0.221 0.502

0.714 NA 0.714 NA

0.333 NA 0.333 NA

0.700 0.000 0.538 0.700

0.556 1.000 0.714 -0.444

0.278 1.000 0.381 -0.722

0.500 NA 0.500 NA

0.402 NA 0.402 NA

0.455 0.978 0.608 NA

0.600 1.000 0.636 NA

0.735 0.000 0.342 0.735

0.926 NA 0.926 NA

0.395 1.000 0.511 -0.605

0.333 NA 0.333 NA

0.325 0.000 0.260 0.325

0.778 0.000 0.667 0.778
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Appendix B. Supplementary material for Chapter 3

B.1 Derivation of formula for evaluating Q,

Using a coalescent approach based on previous work (Polanski et al. 1998; Pool
and Nielsen 2007), we can derive a formula for the expected value of T in a population
with a given history. As shown in Supplementary Figure 4, the genealogy of a
population can be partitioned into a series of discrete intervals, described by the
parameters N,, N,, ....N,and T,, T,, ...,T,, where N, and T, denote the population size
and number of generations for the /" interval, respectively. To derive an analytical
formula for evaluating Q,,, we need to express T, the probability that two randomly
sampled copies of a locus differ, as a function of the N/s and T;’s. Assuming biallelic
loci and an infinite sites model of evolution, 1t is equivalent to the probability that a
single mutation occurred at some point in the genealogy of a locus (Polanski et al.
1998). The probability of a mutation occurring in a given genealogy is equal to 2ut
where [ is the mutation rate per site per generation and 1 is the time to coalescence for
the two sampled loci.

Assuming an infinitely long lineage (i. e. the two sampled loci do coalesce
eventually), then the total coalescent time, 1, can be determined by considering the
contribution of each interval to 1. T is a function of the coalescent times of each
interval, denoted as 1, T,, ... T, and the probability, P.(i), that the two copies will

coalesce in the /" interval:
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T=P(),+T,+.+T +Tt)+ PQYT,+ T, +..+T +7,)+...+ P(n)T,

: \)

Eq. B.1

N
ROE 2T

j=i+1

Note that each interval’s contribution to 1 is the product of the probability that
the two sampled copies coalesce in that interval and the expected coalescent time if
coalescence does occur there.

Following standard coalescent theory, going backwards in time, P,(i) can be
approximated as an exponential function, conditional on the probability of not

coalescing in all previous segments:

P()= {e_{’i”‘;jf] | [1— eV )
¢ Eq. B.2

Note that the first term in Eq. B.2 is the probability of not coalescing in all previous
intervals of the lineage and the second term is the probability of coalescing in the i'"

interval given that coalescence has not occurred previously. For the most recent

interval, n, the probability of not coalescing in all previous intervals becomes unity and

therefore:

T
n

T
B’(")=L1'e J Eq. B.3

We assume that T, = « and therefore the probability of coalescing in interval 1

becomes unity, conditional on lack of coalescence in all previous sections and thus:
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(& T, \
( LEZN)}
Eq. B.4

P(1)= Le e
Finally, we can express the expected coalescent time for the /" interval, 7, in

terms of the N and T parameters. Specifically, the expected value of 7; is:

f:x[ez_Nfodx
-T; Eq. B.5
Ll_QZNiJZNi

E(r)=

Evaluating the integral, the expected value of 7, becomes:

[
E(r")=2N"_T"L TJ Eq. B.6

1 _ eZNI»

The final interval, where we have assumed that T, = «, yields the following limit:

[

lim Tlt

Tl—>oo

-0
T, J Eq. B.7

1-e*

and therefore 1, =~ 2N,. By substituting the expressions for 7; and P_(i) into Eq. B.1, we
obtain the final expression for 1t as provided in the main text (Eq. 3.4).

B.2 Derivation of formula for evaluating Qfst
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We extended the previous model to include two subpopulations that diverged
from an ancestral population, which is described by a series of n discrete intervals that
are characterized by the parameters T’, and N’. In order to evaluate Q.g, we first
derived an expression for the average pairwise divergence, m1,,, between the two
subpopulations, which diverged t generations ago. When one copy of a locus is
sampled from each subpopulation, 17,, is also equivalent to the probability that a
mutation occurred on the genealogy of the two sampled copies; however, because we
assume no migration, coalescence can only occur in the ancestral population. The
expected value of r1,, is derived in the same way as that of 1, but requires a modified

form of Eq. B.1:

Eq. B.8

Note that 2t is added to the expression for the coalescent time in each interval
because the genealogy of the two sampled copies will always include a branch for
subpopulation 1 and a branch for subpopulation 2, both of length t, where coalescence
cannot occur. Substituting Eq. B.8 into Eq. B.1 yields the final equation for the
expected value of r1,, provided in the main text (Eqg. 3.5).

Using the formulas for m and r1,, derived above, we can obtain approximate
expected values for Fg; between two subpopulations using the following formula from

Hudson et al. (Hudson et al. 1992):
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Eq. B.9

Note that H,, is the mean of nucleotide diversity in each subpopulation and H, is the

nucleotide diversity in the combined subpopulations:

H = %(”1 +.7'l72)
Eq. B.10

Using these expressions for H,, and H, we obtain the final formula for F4; in terms of i1

that is presented as Eq. 3.6 in the main text.
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B.3 Supplementary Figures
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Qf,, estimates from Hammer et al. resequencing data

All non-African vs. African comparisons

Figure B.1 Estimates of Qrsr in the Hammer et al. dataset

Nearly all comparisons between African and non-African populations are below or near
the expectation of 0.75. Notable exceptions are that most comparisons to the
Mandenka are higher than 0.75, and the Melanesian and Basque comparisons are
higher than others. The x-axis separates the different comparisons. The two
populations being compared are labeled on either end of the black bars. Black bars
indicate 95% confidence intervals. The gray dashed line denotes the null expectation
of 0.75.
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Figure B.2 Coalescent Model of Human Evolution

Going backwards in time, the modern European (gold) and Asian (blue) populations
coalesce to form the ancestral non-African population (gray). The African (pink) and
non-African populations coalesce to form the ancestral human population (brown). The
height of each section is proportional to the population size at that time, as taken from
a best-fit model of human evolution (Schaffner et al. 2005). The length of each section
is proportional to the number of generations spent at that population size. The
coalescent history of each of the three populations is described by a set of parameters
shown in the table at the bottom right. Each pair of N and T parameters corresponds to
a single section of the coalescent model. Colors indicate which section each parameter
describes. Some parameters are labeled for reference. The parameters t,and t, are the

divergence times, in generations, between the Asian & European and non-African &
African populations respectively.
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Figure B.3 Varying the Severity of the Sex Bias Introduced into Africans in the
Theoretical Model

A sex bias with the ESR denoted by the line’s color was introduced into the African
lineage and ended y generations ago. Each panel shows the indicated Q estimator. (A -
C) A bias lasting 1,400 generations. (D - F) A bias lasting 5,000 generations.
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Figure B.4 Varying the Severity of the Sex Bias Introduced into Asians in the
Theoretical Model

A sex bias with the ESR given by the line’s color was introduced into the Asian lineage
and ended y generations ago. Each panel shows the indicated Q estimator. (A-C) A
bias lasting 1,400 generations. (D — F) A bias lasting 5,000 generations.
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Figure B.5 Varying the Severity of the Sex Bias Introduced into Europeans in the
Theoretical Model

A sex bias with the ESR given by the line’s color was introduced into the European
lineage and ended y generations ago. Each panel shows the indicated Q estimator. (A -
C) A bias lasting 1,400 generations. (D - F) A bias lasting 5,000 generations.
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Figure B.6 Q- in Non-Africans Does Not Detect Recent Sex Biases Associated with
the Out of Africa Dispersal

A bias is introduced at the start of the Out of Africa bottleneck event and persists for
one of five durations (indicated by different colors; measured in generations). The bias
introduced is indicated on the x-axis, measured as the proportion of females in the
population. Bars indicate the 95% confidence interval around the point estimate.
Black bars and gray points display the estimate of Q under no sex bias, which is higher
than 0.75 due to the effects of the bottleneck. The gray dashed line corresponds to
the corrected expectation when there is no sex bias.
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Figure B.7 Using Fsr to Estimate Q for the Comparison of Non-Africans to Africans
Detects Recent Sex Biases if They Are Extreme
A bias is introduced at the start of the Out of Africa bottleneck event and persists for
one of five durations (indicated by different colors; measured in generations; includes
the bottleneck). The bias introduced is indicated on the x-axis, measured as the

proportion of females in the population. Bars indicate the 95% confidence interval

around the point estimate. Black bars and gray points display the estimate of Q under

no sex bias, which is lower than 0.75 due to the effects of bottlenecks. The gray
dashed line is the corrected expectation with no sex bias.
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B.4 Supplementary Tables

Table B.1 Parameters used for demographic models, based on Schaffner et al. 2005

Parameter Value Used
N, ancestral® 12,500
N, African® 24,000
Time of ancestral expansion within Africa 17,000°
Time of Out of Africa split 3,500°
N, non-African® 7,700
Start time of Out of Africa bottleneck 3,450

N, during Out of Africa bottleneck® 588
Duration of Out of Africa bottleneck 50°

Start time of African bottleneck 3,050°
N, during African bottleneck” 6,250
Duration of African bottleneck 50

Start time of African expansion due to 200
agriculture

Time of European/Asian split 2,000
Start time of Asian bottleneck 1,950°
N, during Asian bottleneck® 746
Duration of Asian bottleneck 50°

Start time of Asian expansion due to agriculture | 400°
Start time of European bottleneck 450°

N, during European bottleneck® 2,500
Duration of European bottleneck 50

Start time of European expansion due to 350°
agriculture

Current N, in all three populations® 100,000
Gene conversion (initiation prob/bp) ° 45x10°
Mutation rate 1.5x10°®
Recombination rate° 1.3 cM/Mb

@ Time parameters are measured in generations ago
P These population sizes were scaled by 0.75 for the X chromosome demographic models
¢ These parameters are used only in the model for the coalescent simulations
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Table B.2 Commands for Basic Simulation Models in ms

Autosomal resequence data, no sex bias:

ms 360 8000 -t 30.00 -r 44.791040 5000 -1 3 120 120 120 -ej 0.005000 3 2 -¢j
0.008750 2 1 -en 0.000500 1 0.240000 -en 0.001000 3 0.077000 -en 0.000875 2
0.077000 -en 0.001125 2 0.077000 -en 0.001000 2 0.025000 -en 0.004875 3 0.077000
-en 0.004750 3 0.007460 -en 0.007500 1 0.062500 -en 0.008500 2 0.005880 -en
0.007625 1 0.240000 -en 0.008625 2 0.077000 -en 0.042500 1 0.125000

X-chromosomal resequence data, no sex bias:

ms 270 8000 -t 22.50 -r 16.796640 5000 -1 3 90 90 90 -ej 0.006667 3 2 -ej 0.011667 2
1 -en 0.000667 1 0.240000 -en 0.001333 3 0.077000 -en 0.001167 2 0.077000 -en
0.001500 2 0.077000 -en 0.001333 2 0.025000 -en 0.006500 3 0.077000 -en 0.006333
3 0.007460 -en 0.010000 1 0.062500 -en 0.011333 2 0.005880 -en 0.010167 1
0.240000 -en 0.011500 2 0.077000 -en 0.056667 1 0.125000

Autosomal SNP data, no sex bias:

ms 360 1500000 -s 1 -1 3 120 120 120 -ej 0.005000 3 2 -ej 0.008750 2 1 -en 0.000500
1 0.240000 -en 0.001000 3 0.077000 -en 0.000875 2 0.077000 -en 0.001125 2
0.077000 -en 0.001000 2 0.025000 -en 0.004875 3 0.077000 -en 0.004750 3 0.007460
-en 0.007500 1 0.062500 -en 0.008500 2 0.005880 -en 0.007625 1 0.240000 -en
0.008625 2 0.077000 -en 0.042500 1 0.125000

X-chromosomal SNP data, no sex bias:

ms 270 1500000 -s 1 -1 3 90 90 90 -ej 0.006667 3 2 -ej 0.011667 2 1 -en 0.000667 1
0.240000 -en 0.001333 3 0.077000 -en 0.001167 2 0.077000 -en 0.001500 2 0.077000
-en 0.001333 2 0.025000 -en 0.006500 3 0.077000 -en 0.006333 3 0.007460 -en
0.010000 1 0.062500 -en 0.011333 2 0.005880 -en 0.010167 1 0.240000 -en 0.011500
2 0.077000 -en 0.056667 1 0.125000
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Appendix C. Supplementary material for chapter 4

C.1 Supplementary Figures
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Figure C.1 Binned mean empirical p value for D* depends on s and f in simulations
including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.2 Binned mean empirical p value for AiEHH, depends on s and fin
simulations including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.3 Binned mean empirical p value for ADAF depends on s and fin
simulations including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.4 Binned mean empirical p value for F* depends on s and f in simulations
including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.5 Binned mean empirical p value for iHS depends on s and f in simulations
including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.6 Binned mean empirical p value for Dr,ma depends on s and f in
simulations including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.7 Binned mean empirical p value for xp-iEHHp, depends on s and fin
simulations including selection

For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.8 Binned mean empirical p value for xp-iEHHs depends on s and f in
simulations including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.9 Binned mean empirical p value for Hi> depends on s and f in simulations
including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.10 Binned mean empirical p value for H»/H, depends on s and fin
simulations including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.11 Binned mean empirical p value for d;, varies little with s and f in
simulations including selection
For each combination of s and f, the average empirical p value binned by position is
plotted in thick, darker lines. Thin, lighter lines indicate the binned 95% confidence
interval. Simulations including selection in each of three populations are shown in each
panel where available. Populations are colored according to the legend at top left.
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Figure C.12 Binned mean CSS; displays an isolated peak at the selected site in
simulations including selection
For each combination of s and f, the average CSS, binned by position is plotted in

thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval.
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Simulations including selection in each of three populations are shown in each panel
where available. Populations are colored according to the legend at top left.
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Figure C.13 Binned mean CSS; displays a marked peak at the selected site in
simulations including selection

position

For each combination of s and f, the average CSS; binned by position is plotted in
thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval.
Simulations including selection in each of three populations are shown in each panel
where available. Populations are colored according to the legend at top left.

154

S0°0

1’0o

S0



0.001

0.01

0.1

1.00

0.751

0.50 1

0.25 1

0.00 1

Population
= African
== Asian

== European

1.00

0.75 1

0.50 1

0.25 1

0.00 1

1.00

0.75 1

mean(CSS)

0.50 1

0.25 1

0.00 A

1.00
0.75 1
0.50 1

0254

0.00L

T
0.00

Figure C.14 Binned mean CSS; displays a marked peak at the selected site in

simulations including selection
For each combination of s and f, the average CSS; binned by position is plotted in
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Figure C.15 Binned mean CSS; displays an isolated peak at the selected site in
simulations including selection

For each combination of s and f, the average CSS; binned by position is plotted in
thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval.
Simulations including selection in each of three populations are shown in each panel
where available. Populations are colored according to the legend at top left.
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Figure C.16 Binned mean CSS shows no notable peaks in neutral simulations

For each combination of s and f, the average CSS binned by position is plotted in
thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval.
Simulations including selection in each of three populations are shown in each panel
where available. Populations are colored according to the legend at top left. From the
right to left and bottom to top, panels show CSS,, CSS,, CSS,, CSS,, CSS;, and CSS,.
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Figure C.17 Binned mean CSS shows no notable peaks in non-selected populations
from simulations with selection.
For each combination of s and f, the average CSS binned by position is plotted in
thick, darker lines. Thin, lighter lines indicate the binned 95% confidence interval.
Simulations including selection in each of three populations are shown in each panel
where available. Populations are colored according to the legend at top left. From the
right to left and bottom to top, panels show CSS,, CSS,, CSS,, CSS,, CSS;, and CSS,.
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C.2 Supplementary Tables

Table C.1 ms and msms command lines for coalescent simulations

Population
experiencing
selection

Simulation command line

African

0.05

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 1
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

African

0.05

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 1
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

African

0.0

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.000000 0.000000 -Sc 0 1
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

African

0.1

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 1
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

African

0.1

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 1
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

African

0.5

0.001

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 1
200.000000 100.000000 0.000000 -SFC -oFP 0.0000000

African

0.5

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
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8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 1
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

African

0.5

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 1
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.05

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.05

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.0

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.000000 0.000000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.0

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.000000 0.000000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.1

0.001

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
200.000000 100.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.1

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
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00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.1

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.5

0.001

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
200.000000 100.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.5

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

Asian

0.5

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.001 2 0.077 -en 0.00475 2 0.00373 -en 0.004875 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

European

0.05

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

European

0.05

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.050000 0.050000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

European

0.0

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.000000 0.000000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

European

0.1

0.001

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
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en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
200.000000 100.000000 0.000000 -SFC -oFP 0.0000000

European

0.1

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

European

0.1

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.100000 0.100000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

European

0.5

0.001

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
200.000000 100.000000 0.000000 -SFC -oFP 0.0000000

European

0.5

0.01

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
00C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
2000.000000 1000.000000 0.000000 -SFC -oFP 0.0000000

European

0.5

0.1

java -Xmx3G -Xms3G -jar msms.jar 200 50 -t 6000.000000 -r
8959.991040 1000000 -1 2 100 100 -ej 0.00875 2 1 -en 0.0005 1 0.24 -
en 0.000875 2 0.077 -en 0.001 2 0.0125 -en 0.001125 2 0.077 -en
0.0075 1 0.03125 -en 0.007625 1 0.24 -en 0.0085 2 0.00294 -en
0.008625 2 0.077 -en 0.0425 1 0.12 -Smark -N 100000 -Sp 0.500000 -
0o0C -Smu 0.006000 -SI 0.008400 2 0.500000 0.500000 -Sc 0 2
20000.000000 10000.000000 0.000000 -SFC -oFP 0.0000000

Neutral
(Asian +
African)

ms 200 100 -t 6000.000000 -r 8959.991040 1000000 -1 2 100 100 -ej
0.008752 1 -en 0.0005 1 0.24 -en 0.001 2 0.077 -en 0.00475 2 0.00373
-en 0.004875 2 0.077 -en 0.0075 1 0.03125 -en 0.007625 1 0.24 -en
0.0085 2 0.00294 -en 0.008625 2 0.077 -en 0.0425 1 0.12

Neutral
(European +
African)

ms 200 100 -t 6000.000000 -r 8959.991040 1000000 -1 2 100 100 -ej
0.008752 1 -en 0.0005 1 0.24 -en 0.000875 2 0.077 -en 0.001 2 0.0125
-en 0.001125 2 0.077 -en 0.0075 1 0.03125 -en 0.007625 1 0.24 -en
0.0085 2 0.00294 -en 0.008625 2 0.077 -en 0.0425 1 0.12
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