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ABSTRACT

Forward progress in empirical population genetics is closely tied to the development

of theory which can accommodate and keep pace with the production of genetic data.

In recent years, the ability to survey genetic variation at increasingly greater resolu-

tion, across the genomes of a variety of species, has prompted new approaches to use

this data for population genetic inference. While many models have historically relied

on assuming independence among genetic variants in a sample of chromosomes, there

are now a variety of methods which can use the non-independence among variants as

a source of information. In particular, the unique combination and co-inheritance of

variants on a chromosome can be used to define “haplotypes” of linked genetic vari-

ation associated with specific populations, individuals, or variants from which they

are descended. The work presented here is a contribution to this class of population

genetic models which describes: (1) a method to estimate the timing of adapta-

tion for a beneficial allele, including several applications to recent human evolution,

(2) an application of the same method to infer the timing of introgression for coat

color alleles in North American wolves and high-altitude adaptation in Tibetans, (3)

a model to infer the action of purifying selection against genetic incompatibilities

in a hybrid zone, and (4) a reanalysis of genomic data from Heliconius butterflies

which confirms the role of hybridization in transferring mimicry phenotypes between

species.
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CHAPTER 1

INTRODUCTION

The transmission of chromosomes from parent to offspring leads to correlated in-

heritance of linked genetic variation, also known as linkage disequilibrium (LD)

[Geiringer, 1944]. Recombination, demographic history, and natural selection are

known to play a key role in determining patterns of LD at both genome-wide and

locus-specific scales, and there are a variety of metrics that can be used to quantify

the direction and magnitude of LD with the goal of learning about these processes

[Hudson, 2001, Pritchard and Przeworski, 2001]. Understanding the scale of LD is

also useful in the design and analysis of trait mapping studies [Risch and Merikangas,

1996, Wall and Pritchard, 2003], and because recombination is the primary mecha-

nism by which LD decays, the development of models which can use patterns of LD

to infer fine-scale rates of recombination has been an active area of research for the

past two decades [Clark et al., 2010, Stumpf and McVean, 2003].

Early studies which sought to describe LD at the genome-wide scale in human

samples discovered an unexpected pattern that was inconsistent with a model of

uniform recombination rates across the genome: long stretches of genetic variation in

high LD, separated by short regions of low LD and high recombination [Gabriel et al.,

2002, Wall and Pritchard, 2003]. Mapping the genetic determinants of these localized

regions of low LD, or recombination “hotspots”, has since become its own research

endeavor with several mechanisms having been described for the maintenance and

turnover of these hotspots across multiple species [Auton et al., 2013, Baker et al.,

2017, Coop and Przeworski, 2007, Myers et al., 2010, Singhal et al., 2015, Stevison
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et al., 2015].

Another consequence of these extended regions of high LD is the maintenance of

co-inherited genetic variants as non-recombining blocks of ancestry or “haplotypes”

[Gabriel et al., 2002, Wall and Pritchard, 2003]. It was initially thought that this

haplotype structure would be a benefit for genome wide association studies (GWAS)

which aimed to map genetic variants underlying complex traits and disease. While

high levels of LD meant that fewer loci would need to be genotyped in order to tag

a causative allele of interest, this also meant that larger sample sizes would be re-

quired to localize their position more precisely–especially for alleles at low frequency

[Visscher et al., 2012].

One benefit of non-recombining loci is the ease with which a genealogy can be

established within a sample. As a result, there has been much effort put forth to sur-

vey haplotype diversity among mitochondria and Y chromosomes in human samples

around the world in order to reconstruct historical migrations of people with respect

to these loci [Cann et al., 1987]. However, recent theoretical and computational

advances have allowed the use of autosomal sequence data by inferring ancestral

haplotype blocks which are identical by descent (IBD) [Donnelly, 1983]. Ralph and

Coop [2013] use the length and number of IBD blocks shared between modern pop-

ulations to gain insight into their ancestral relationships.

To illustrate this with an example, we can assume that the chromosomes inherited

from a particular parent will have some unique combination of genetic variants which

can reliably label them as being descended from that parent. We can refer to this

combination of variants as a haplotype. In each subsequent generation, there is some

2



probability that this parent’s haplotype will not be inherited. This could happen

because an individual carrying this chromosome does not leave any offspring, or

the other parent’s chromosome is transmitted instead. For those haplotype tracts

which are passed forward, recombination events will break this ancestry into smaller

pieces flanked by unrelated ancestry that is not descended from the same parent,

assuming there is no inbreeding. In addition to decreasing in length, the frequency

of these haplotype tracts will change as a result of some combination of random and

non-random sampling. Examples of non-random sampling would include frequency

increases and decreases according to a selective benefit or detriment conferred by

variation carried on a particular haplotype.

While in this example we have defined IBD with respect to a particular parental

chromosome, we can instead define IBD with respect to the common ancestral hap-

lotype of a particular locus or a reference panel of chromosomes from a particular

population. Assuming there is no effect of selection, the length distribution for a

sample of IBD haplotypes is proportional to the local recombination rate, its fre-

quency in the population, and the amount of time since common ancestry. The

flexibility with which IBD can be defined has proven useful for inferring time depen-

dent changes in population size and migration history among admixed populations

[Gravel, 2012, Harris and Nielsen, 2013, Li and Durbin, 2011, Palamara et al., 2012,

Pool and Nielsen, 2009, Sedghifar et al., 2015].

The variety of modeling approaches used in these methods reflect the different

approximations and assumptions that are appropriate for inferring particular param-

eters of interest. Despite these differences, most of these haplotype-based approaches

3



make use of a Markov assumption to capture the correlation in ancestry along a chro-

mosome. This most often takes the form of a Hidden Markov Model (HMM) which

is defined on the basis of an ancestry state space, a likelihood for the parameter

of interest conditional on each state (emission probabilities), and a prior for the

probability of a nucleotide position being in a particular state given the state of the

previous position (transition probabilities). In addition to inferring changes in local

ancestry along a chromosome, HMMs can be specified and used to infer a variety of

parameters which are relevant to the local recombination rate, historical population

size, and migration history [Li and Durbin, 2011, Li and Stephens, 2003, Price et al.,

2009].

The most widely used approach relies on a conditional sampling distribution

(CSD) first developed and implemented by Li and Stephens [2003] in what are now

known as “haplotype copying models”. This framework models local ancestry on

chromosome as an imperfect mosaic of chromosomes in a reference panel [see Model

Description in Section 2.3]. The observed chromosome copies ancestry from one of the

haplotypes in the reference panel and switches ancestry to other reference haplotypes

at a rate proportional to the population scaled recombination rate. New mutations

are also modeled according to a specified miscopying rate which is proportional to the

mutation rate. The original application of this framework was focused on identifying

recombination hotspots, which would correspond to regions with a high haplotype

switching rate relative to the background switching rate. In the following chapter, we

take a similar approach to estimate the timing of adaptation for a beneficial allele.

Alternatively, subsequent extensions to the Li and Stephens [2003] haplotype
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copying model have used the CSD assumption to directly infer the local ancestry

state variable along chromosomes. This is typically done in the context of an ad-

mixed sample derived from 2 or more source populations [Falush et al., 2003, Lawson

et al., 2012, Price et al., 2009]. For these applications, the inferred length distribu-

tion of local ancestry blocks can then be used to describe population structure among

samples as well as the migration history that resulted in the observed pattern of ad-

mixture [Gravel, 2012, Gravel et al., 2013, Kidd et al., 2012, Leslie et al., 2015,

Moreno-Estrada et al., 2013]. In Chapter 4, we adopt the same approach for mod-

eling inferred local ancestry blocks in a hybrid zone between two species or source

populations.

While demography is expected to affect the length distribution of haplotypes

across the genome, natural selection acts at a locus-specifc scale, and theory describ-

ing the effect of positive selection on haplotype lengths has been widely used to iden-

tify loci which have undergone recent adaptation [Durrett and Schweinsberg, 2004,

Kaplan et al., 1989, Smith and Haigh, 1974, Vitti et al., 2013]. There are, however,

fewer statistical methods which can use this signature for parameter inference rather

than a tool for identifying outlier loci under selection. More specifically, estimates

for the age and strength of selection on beneficial mutations have primarily been

based on heuristic approaches which underestimate the true variance around mean

point estimates. Alternatively, simulation based approaches which use low dimen-

sional summaries of the data yield less informative estimates with large confidence

intervals. In Chapter 2 we review these shortcomings in more detail, and provide a

new likelihood-based method which fills this gap to provide a more accurate estimate
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for the timing of adaptation on a beneficial allele. In addition to reexamining several

previously studied loci under recent positive selection in humans, in Chapter 3 we

provide the first estimate for the timing of selection on a haplotype which confers

high altitude adaptation in Tibetans, and which is derived from Denisovan archaic

hominins. We also provide a novel application to population-specific estimates on

the timing of coat color adaptation in North American Wolves.

In contrast to the abundance of methods and theory for signatures of positive se-

lection, there has been much less work devoted to understanding the haplotype pat-

terns associated with negative selection. However, unpublished work by D. Ortega-

Del Vecchyo et al. aims to use theory from Maruyama [1974] in combination with

haplotype lengths to identify the strength of selection against deleterious mutations.

Even more rare are theoretical treatments of the expected signatures of purifying

selection against incompatible allele combinations at two or more loci. Negative

epistatic interactions between alleles which have fixed in different populations, and

which contribute to reproductive isolation, have received particular attention due

to widespread interest in understanding the formation of species [Coyne and Orr,

2004]. In Chapter 4, we review the types of two-locus epistatic interactions which

are suspected to be most common in generating reproductive isolation, and derive a

model for the distribution of haplotype lengths around such loci when they come into

contact in a hybrid zone. We conclude in Chapter 5 with a brief test which examines

the role of hybridization in transferring alleles which underlie mimicry phenotypes

among Heliconius butterfly species.

Advances in haplotype-based inference reflect a trend towards using all of the
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available information which can be used to understand the demographic and adaptive

history of a sample. By modeling the transmission of haplotypes under a variety

of scenarios, population genetics inference will come closer to describing a more

complete and biologically real picture of heredity. Rather than filter genetic datasets

for independent unlinked loci, a model for the non-independence of these loci, in

addition to the distribution of their frequencies, will provide a more rich source of

information for parameter inference. While the models and applications presented

here represent a positive affirmation of this scientific agenda, there is much more

work to be done for relaxing particular assumptions and expanding these models for

greater flexibility. Future directions in haplotype-based inference will likely benefit

from the incorporation of both geographic information and ancient DNA samples.

Creative approaches to incorporate spatial and temporal variables into expected

haploytpe patterns will be a fruitful way forward; however, the compromise between

model complexity and computational feasibility will remain a significant challenge.
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CHAPTER 2

ESTIMATING TIME TO THE COMMON ANCESTOR

FOR A BENEFICIAL ALLELE

Joel Smith1, Graham Coop2, Matthew Stephens3,4, John Novembre1,3

1 Department of Ecology and Evolution, University of Chicago, Chicago, IL

2 Department of Evolution and Ecology, University of California, Davis, CA

3 Department of Human Genetics, University of Chicago, Chicago, IL

4 Department of Statistics, University of Chicago, Chicago, IL

2.1 Abstract

The haplotypes of a beneficial allele carry information about its history that can shed

light on its age and the putative cause for its increase in frequency. Specifically, the

signature of an allele’s age is contained in the pattern of variation that mutation and

recombination impose on its haplotypic background. We provide a method to exploit

this pattern and infer the time to the common ancestor of a positively selected allele

following a rapid increase in frequency. We do so using a hidden Markov model which

leverages the length distribution of the shared ancestral haplotype, the accumulation

of derived mutations on the ancestral background, and the surrounding background

haplotype diversity. Using simulations, we demonstrate how the inclusion of infor-

mation from both mutation and recombination events increases accuracy relative to

approaches that only consider a single type of event. We also show the behavior of

the estimator in cases where data do not conform to model assumptions, and pro-
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vide some diagnostics for assessing and improving inference. Using the method, we

analyze population-specific patterns in the 1000 Genomes Project data to estimate

the timing of adaptation for several variants which show evidence of recent selection

and functional relevance to diet, skin pigmentation, and morphology in humans.

2.2 Introduction

A complete understanding of adaptation depends on a description of the genetic

mechanisms and selective history that underly heritable traits [Radwan and Babik,

2012]. Once a genetic variant underlying a putatively adaptive trait has been iden-

tified, several questions remain: What is the molecular mechanism by which the

variant affects organismal traits and fitness [Dalziel et al., 2009]?; what is the se-

lective mechanism responsible for allelic differences in fitness?; did the variant arise

by mutation more than once [Elmer and Meyer, 2011]?; when did each unique in-

stance of the variant arise and spread [Slatkin and Rannala, 2000]? Addressing these

questions for numerous case studies of beneficial variants across multiple species will

be necessary to gain insight into general properties of adaptation [Stinchcombe and

Hoekstra, 2008].

Here, our focus is on the the last of the questions given above; that is, when did

a mutation arise and spread? Understanding these dates can give indirect evidence

regarding the selective pressure that may underlie the adaptation. This is especially

useful in cases where it is logistically infeasible to assess fitness consequences of a

variant in the field directly [Barrett and Hoekstra, 2011]. In humans, for example,

dispersal across the globe has resulted in the occupation of a wide variety of habitats,
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and in several cases, selection in response to specific ecological pressures appears to

have taken place. There are well-documented cases of loci showing evidence of recent

selection in addition to being functionally relevant to known phenotypes of interest

[Jeong and Di Rienzo, 2014]. Nakagome et al. [2016] specify time intervals defined by

the human dispersal out-of-Africa and the spread of agriculture to show the relative

concordance among allele ages for several loci associated with autoimmune protection

and risk, skin pigmentation, hair and eye color, and lactase persistence.

When a putative variant is identified as the selected site, the non-random associ-

ation of surrounding variants on a chromosome can be used to understand its history.

This combination of surrounding variants is called a haplotype, and the non-random

association between any pair of variants is called linkage disequilibrium (LD). Due

to recombination, LD between the focal mutation and its initial background of sur-

rounding variants follows a per-generation rate of decay. New mutations also occur

on this haplotype at an average rate per generation. The focal mutation’s frequency

follows a trajectory determined by the stochastic outcome of survival, mating suc-

cess and offspring number. If the allele’s selective benefit increases its frequency at

a rate faster than the rate at which LD decays, the resulting signature is one of high

LD and a reduction of polymorphism near the selected mutation [Smith and Haigh,

1974]. Many methods to exploit this pattern have been developed in an effort to

identify loci under recent positive selection (reviewed in Nielsen [2005]). A parallel

effort has focused on quantifying specific properties of the signature to infer the age

of the selected allele.

The most commonly used methods to estimate allele age rely on summary statis-
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tics. These approaches can be further classified as either heuristic or model-based

methods. Heuristic approximations rely on a point estimate of the mean length of the

selected haplotype (using the decay of homozygosity around the selected locus), or a

count of derived mutations within an arbitrary cutoff distance from the selected site

[Coop et al., 2008, Hudson, 2007, Meligkotsidou and Fearnhead, 2005, Tang et al.,

2002, Thomson et al., 2000]. These approaches ignore uncertainty in the extent of

the selected haplotype on each chromosome, which can lead to inflated confidence in

the point estimates.

Alternative model-based approaches that also use summary statistics employ an

Approximate Bayesian Computation (ABC) framework. These methods use an ex-

plicit model for simulation to identify a distribution of ages that are consistent with

the observed data [Beaumont et al., 2002, Beleza et al., 2013b, Nakagome et al.,

2016, Ormond et al., 2016, Peter et al., 2012, Pritchard et al., 1999, Przeworski,

2003, Tavaré et al., 1997, Tishkoff et al., 2007, Voight et al., 2006]. This provides a

measure of uncertainty induced by the randomness of recombination, mutation, and

genealogical history and produces an approximate posterior distribution on allele

age. Despite these advantages, ABC approaches suffer from an inability to capture

all relevant features of the sample due to their reliance on summary statistics.

As full-sequencing data become more readily available, defining the summary

statistics which capture the complex LD among sites and the subtle differences be-

tween haplotypes will be increasingly challenging. For this reason, efficiently com-

putable likelihood functions that leverage the full sequence data, rather than low

dimensional summaries of the data, are increasingly favorable.
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Several approaches attempt to compute the full likelihood of the data using an

importance sampling framework [Chen and Slatkin, 2013, Coop and Griffiths, 2004,

Slatkin, 2001, 2008]. Conditioning on the current frequency of the selected allele,

frequency trajectories and genealogies are simulated and given weight proportional

to the probability of their occurrence under a population genetic model. While

these approaches aim to account for uncertainty in the allele’s frequency trajectory

and genealogy, they remain computationally infeasible for large samples or do not

consider recombination across numerous loci.

In a related problem, early likelihood-based methods for disease mapping have

modeled recombination around the ancestral haplotype, providing information for

the time to the common ancestor (TMRCA) rather than time of mutation [McPeek

and Strahs, 1999, Morris et al., 2000, 2002, Rannala and Reeve, 2001, 2003]. These

models allowed for the treatment of unknown genealogies and background haplotype

diversity before access to large data sets made computation at the genome-wide

scale too costly. Inference is performed under Markov chain Monte Carlo (MCMC) to

sample over the unknown genealogy while ignoring LD on the background haplotypes,

or approximating it using a first-order Markov chain. In a similar spirit, Chen et al.

(2015) revisit this class of models to estimate the strength of selection and time of

mutation for an allele under positive selection using a hidden Markov model.

Hidden Markov models have become a routine tool for inference in population

genetics. The Markov assumption allows for fast computation and has proven an

effective approximation for inferring the population-scaled recombination rate, the

demographic history of population size changes, and the timing and magnitude of
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admixture events among genetically distinct populations [Hinch et al., 2011, Li and

Durbin, 2011, Li and Stephens, 2003, Price et al., 2009, Wegmann et al., 2011]. The

approach taken by Chen et al. [2015] is a special case of two hidden states—the

ancestral and background haplotypes. The ancestral haplotype represents the linked

background that the focal allele arose on, while the background haplotypes represent

some combination of alleles that recombine with the ancestral haplotype during its

increase in frequency. Chen et al. [2015] compute maximum-likelihood estimates for

the length of the ancestral haplotype on each chromosome carrying the selected allele.

Inference for the time of mutation is performed on these fixed estimates assuming

they are known. The authors condition the probability of an ancestry switch event

on a logistic frequency trajectory for the selected allele and assume independence

among haplotypes leading to the common ancestor. The likelihood for background

haplotypes is approximated using a first-order Markov chain to account for non-

independence among linked sites.

Here, we present a Hidden Markov model that leverages both the length of the

ancestral haplotype on each chromosome as well as derived mutations that have

accumulated on the ancestral haplotype. Our method implements an MCMC which

samples over the unknown ancestral haplotype to generate a sample of the posterior

distribution for the TMRCA. Our emission probabilities account for the LD structure

among background haplotypes using the Li and Stephens [2003] haplotype copying

model and a reference panel of haplotypes without the selected allele (Figure 2.1b).

In contrast to the first order Markov chain employed by Chen et al. (2015), the

Li and Stephens [2003] model provides an approximation to the coalescent with
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  local panel diverged panel
beneficial mutation

time
ancestral haplotypereference panel
observed haplotype

selected site

(a) (b)

(c)t1 tca

Figure 2.1: Visual descriptions of the model. a) An idealized illustration of the effect
of a selectively favored mutation’s frequency trajectory (black line) on the shape
of a genealogy at the selected locus. The orange lineages are chromosomes with
the selected allele. The blue lineages indicate chromosomes that do not have the
selected allele. Note the distinction between the time to the common ancestor of
chromosomes with the selected allele, tca, and the time at which the mutation arose,
t1. b) The copying model follows the ancestral haplotype (orange) moving away from
the selected site until recombination events within the reference panel lead to a mosaic
of non-selected haplotypes surrounding the ancestral haplotype. c) A demographic
history with two choices for the reference panel: local and diverged. After the
ancestral population at the top of the figure splits into two sister populations, a
beneficial mutation arises and begins increasing in frequency. The orange and blue
colors indicate frequency of the selected and non-selected alleles, respectively.

recombination by modeling a focal haplotype as an imperfect mosaic of haplotypes

in the reference panel.

While Chen et al. (2015) use a mutation parameter in their HMM, the count
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of derived mutations on the background haplotype does not directly influence their

estimation of time since mutation. The probability of observing a mutation on the

selected haplotypes of beneficial allele carriers depends on two parameters: the per

generation mutation rate and the time to the common ancestor (TMRCA). The Chen

et al model uses a compound parameter for these such that the observed mutations

do not directly inform their estimates of timing. In our model we separately include

the TMRCA and mutation rate as parameters and thus incorporate information from

mutations directly into our inference of the TMRCA.

Our approach also differs in that we do not presume to know the true extent of

the ancestral haplotype, and instead treat it as a latent variable to be marginalized

over. This allows our estimation of the TMRCA to reflect uncertainty in the precise

switch point off of the ancestral haplotype, which in many cases will be difficult to

distinguish from the background haplotypes. Another significant difference is that

our model does not make assumptions about the frequency trajectory apart from

that a sufficiently hard sweep occurred to incur a star-shaped genealogy. Below, we

use simulations to show the sensitivity of our model to these simplified assumptions

for varying strengths of selection, final allele frequencies, and sampling regimes for

the choice of reference panel. An R package is available to implement this method

on github (https://github.com/joelhsmth/startmrca).

2.3 Model Description

In general, the TMRCA for a sample of haplotypes carrying the advantageous allele

(hereafter referred to as tca) will be more recent than the time of mutation [Kaplan
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et al., 1989]. We aim to estimate tca in the case where a selectively advantageous

mutation occurred in an ancestor of our sample t1 generations ago (Figure 2.1a).

Viewed backwards in time, the selected variant decreases in frequency at a rate

proportional to the selection strength. During a rapid drop in allele frequency, the

coalescent rate among haplotypes carrying the selected variant is amplified. The

same effect would be observed for population growth from a small initial size forward

in time [Hudson, 1990, Slatkin and Hudson, 1991]. As a result, the genealogy of a

sample having undergone selection and/or population growth becomes more “star-

shaped”. This offers some convenience, as it becomes more appropriate to invoke an

assumption of independence among lineages when selection is strong. We would like

to emphasize that this assumption necessarily implies that the beneficial allele has

a single ancestral haplotype that has increased in frequency. This is in contrast to

a scenario in which the beneficial allele has been present in the population for some

time prior to selection. For that case, multiple ancestral haplotypes would increase

in frequency simultaneously resulting in a genealogy that is not star-shaped.

We assume no crossover interference between recombination events within a hap-

lotype, and therefore treat each side flanking the focal allele separately. We define

one side of the selected site, within a window of some predetermined length, to

have L segregating sites, such that an individual’s sequence will be indexed from site

s = {1, ..., L}, where s = 1 refers to the selected site (a notation reference is provided

in Table 2.1). To simplify notation, this description will be written for a window on

one side flanking the selected site. Note that the opposing side of the selected site is

modeled in an identical fashion after redefining L.
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n Number of haplotypes with the selected allele
m Number of haplotypes without the selected allele
L Number of SNPs flanking the selected site (one side considered at a time)
X n× L matrix of haplotypes with the selected allele
H m× L matrix of haplotypes without the selected allele
Xij Allele in haplotype i at SNP j, where i ∈ {1, ..., n}, and j ∈ {1, ..., L}
Hzj Allele in haplotype z at SNP j, where z ∈ {1, ...,m}, and j ∈ {1, ..., L}
Aj Allele at site j on the ancestral haplotype
Zij The reference panel haplotype from which Xi copies at site j
tca Time to the most recent common ancestor (TMRCA)
Wi The location of the first recombination event off of the ancestral haplotype
r Recombination rate per basepair per generation
µ Mutation rate per basepair per generation
θ Haplotype miscopying rate, or population-scaled mutation rate (4Nµ)
ρ Haplotype switching rate, or population-scaled recombination rate (4Nr)
dw Physical distance of site w from the selected site, where w ∈ {1, ..., L}
cj Number of basepairs between sites j and j + 1
αiw Likelihood of haplotype i for sites 1, ..., w
βiw Likelihood of haplotype i for SNPs (w + 1), ..., L

Table 2.1: Notation used to describe the model.

Let X denote an n × L data matrix for a sample of n chromosomes with the

selected variant. Xij is the observed allelic type in chromosome i at variant site j,

and is assumed to be biallelic where Xij ∈ {1, 0}. Let H denote an m × L matrix

comprising m chromosomes that do not have the selected variant where Hij ∈ {1, 0}.

Let A denote the ancestral haplotype as a vector of length L where Aj is the allelic

type on the ancestral selected haplotype at segregating site j and Aj ∈ {1, 0}. We

assume independence among lineages leading to the most recent common ancestor

of the selected haplotype. This is equivalent to assuming a star-shaped genealogy
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which, as noted above, is a reasonable assumption for sites linked to a favorable

variant under strong selection. We can then write the likelihood as

Pr (X | tca, A,H) =
n∏
i

Pr (Xi | tca, A,H). (2.1)

In each individual haplotype, Xi, we assume the ancestral haplotype extends from

the selected allele until a recombination event switches ancestry to a different ge-

netic background. Let W = w indicate that the location of the first recombination

event occurs between sites w and w + 1, where W ∈ {1, ..., L} (w = L indicates

no recombination up to site L). We can then condition the probability of the data

on the interval where the first recombination event occurs and sum over all possible

intervals to express the likelihood as

Pr (Xi | tca, A,H) =
L∑

w=1

Pr (Xi | tca, A,H,Wi = w) Pr (Wi = w | tca). (2.2)

Assuming haplotype lengths are independent and identically distributed draws from

an exponential distribution, the transition probabilities for a recombination event off

of the ancestral haplotype are

Pr (Wi = w | tca) =

 e−rtcadw(1− e−rtca(dw+1−dw)) if w = {1, ..., (L− 1)};

e−rtcadL if w = L
labeleq3

(2.3)

where dw is the distance, in base pairs, of site w from the selected site and r is the
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local recombination rate per base pair, per generation. The data for each individual,

Xi, can be divided into two parts: one indicating the portion of an individual’s

sequence residing on the ancestral haplotype (before recombining between sites w

and w+ 1), Xi(j≤w), and that portion residing off of the ancestral haplotype after a

recombination event, Xi(j>w). We denote a separate likelihood for each portion:

αiw = Pr(Xi(j≤w) | tca, A,Wi = w) (2.4)

βiw = Pr(Xi(j>w) | H(j>w),Wi = w) (2.5)

Because the focal allele is on the selected haplotype, αi1 = 1. Conversely, we assume

a recombination event occurs at some point beyond locus L such that βiL = 1.

We assume the waiting time to mutation at each site on the ancestral haplotype is

exponentially distributed with no reverse mutations and express the likelihood as

αiw = Pr(Xi(j≤w) | tca, A,Wi = w) = e−tcaµ(dw−w)
w∏
j=2

Pr(Xij = a | tca, A) (2.6)

Pr (Xij = a | tca, A) =

 e−tcaµ if a = Aj ;

1− e−tcaµ if a 6= Aj

(2.7)

The term, e−tcaµ(dw−w), on the right side of Equation 2.6 captures the lack of mu-

tation at invariant sites between each segregating site. Assuming tcaµ is small,

Equation 2.6 is equivalent to assuming a Poisson number of mutations (with mean
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tcaµ) occurring on the ancestral haplotype.

For βiw, the probability of observing a particular sequence after recombining

off of the ancestral haplotype is dependent on standing variation in background

haplotype diversity. The Li and Stephens [2003] haplotype copying model allows

for fast computation of an approximation to the probability of observing a sample

of chromosomes related by a genealogy with recombination. Given a sample of m

haplotypes, H ∈ {h1, ..., hm}, a population scaled recombination rate ρ and mutation

rate θ, an observed sequence of alleles is modeled as an imperfect copy of any one

haplotype in the reference panel at each SNP. Let Zij denote the reference panel

haplotype which Xi copies at the jth SNP, and cj denote the number of base pairs

between SNPs j and j+1. Zij follows a Markov process with transition probabilities

Pr (Zi(j+1) = z′ | Zij = z) =

 e−ρjcj/m + (1− e−ρjcj/m)(1/m) if z′ = z;

(1− e−ρjcj/m)(1/m) if z′ 6= z.

(2.8)

To include mutation, the probability that the sampled haplotype matches a haplotype

in the reference panel is m/(m+ θ), and the probability of a mismatch (or mutation

event) is θ/(m + θ). Letting a refer to an allele where a ∈ {1, 0}, the matching and

mismatching probabilities are
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Pr (Xij = a | Zij = z, h1, ..., hm) =

 m/(m+ θ) + (1/2)(θ/(m+ θ)) if hz,j = a;

(1/2)(θ/(m+ θ)) if hz,j 6= a.

(2.9)

Equation 2.5 requires a sum over the probabilities of all possible values of Zj using

Equations 2.8 and 2.9. This is computed using the forward algorithm as described

in Rabiner [1989] and Appendix A of Li and Stephens [2003]. It should be noted

that this formulation does not model the observation of an invariant site among

the background haplotypes. We tried an approach to model these sites, but saw no

improvement in model performance (see Appendix A.2 and Table S.8).

The complete likelihood for our problem can then be expressed as:

Pr(X | tca, A,H) =
n∏
i=1

L∑
w=1

αiwβiw Pr (Wi = w | tca, A). (2.10)

This computation is on the order 2Lnm2, and in practice for m = 20, n = 100

and L = 4000 takes approximately 3.027 seconds to compute on an Intel® Core�

i7-4750HQ CPU at 2.00GHz×8 with 15.6 GiB RAM.

2.4 Inference

Performing inference on tca requires addressing the latent variables w and A in

the model. Marginalizing over possible values of w is a natural summation per

haplotype that is linear in L as shown above. For A, the number of possible values

is large (2L), and so we employ a Metropolis–Hastings algorithm to jointly sample
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the posterior of A and tca, and then we take marginal samples of tca for inference.

We assign a uniform prior density for both A and tca, such that Pr(A) = 1/2L and

Pr(tca) = 1/(tmax − tmin) where tmax and tmin are user-specified maximum and

minimum values for tca. Proposed MCMC updates of the ancestral haplotype, A′,

are generated by randomly selecting a site in A and flipping to the alternative allele.

For tca, proposed values are generated by adding a normally distributed random

variable centered at 0: t′ca = tca + N(0, σ2). To start the Metropolis–Hastings

algorithm, an initial value of tca is uniformly drawn from a user-specified range of

values (10 to 2000 in the applications here). To initialize the ancestral haplotype

to a reasonable value, we use a heuristic algorithm which exploits the characteristic

decrease in variation near a selected site (see Appendix A.1).

For each haplotype in the sample of beneficial allele carriers, the Li and Stephens

[2003] model uses a haplotype miscopying rate θ, and switching rate ρ, to com-

pute a likelihood term for loci following the recombination event off of the ancestral

haplotype. For our analyses, we set ρ = 4.4 × 10−4 using our simulated values of

r = 1.1 × 10−8 per bp per generation and N = 10000, where ρ = 4Nr. Following

Li and Stephens [2003] we fix θ = (
∑n
m=1 1/m)−1; as derived from the expected

number of mutation events on a genealogy relating n chromosomes at a particular

site. We found no discernible effects on estimate accuracy when specifying different

values of ρ (Figure S.1 in Appendix A.3).
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2.5 Results

Because our model requires a sample (or “panel”) of reference haplotypes without

the selected allele, we tested our method for cases in which the reference panel is

chosen from the local population in which the selected allele is found, as well as

cases where the panel is from a diverged population where the selected haplotype is

absent (Figure 2.1). Regardless of scenario, the estimates are on average within a

factor of 2 of the true value, and often much closer. When using a local reference

panel, point estimates of tca increasingly underestimate the true value (TMRCA)

as selection becomes weaker and the final allele frequency increases (Figure 2.2).

Put differently, the age of older TMRCAs tend to be underestimated with local

reference panels. Using the mean posteriors as point estimates, mean values of

log2(estimate/true value) range from −0.62 to −0.14. Simulations using a diverged

population for the reference panel removed the bias, though only in cases where the

divergence time was not large. For a reference panel diverged by 0.5N generations,

mean log2(estimate/true value) values range from −0.21 to −0.18. As the reference

panel becomes too far diverged from the selected population, estimates become older

than the true value (0.36 to 0.94 log2(estimate/true value)). In these cases, the HMM

is unlikely to infer a close match between background haplotypes in the sample and

the reference panel, leading to many more mismatches being inferred as mutation

events on the ancestral haplotype and an older estimate of tca.

The bottom panel of Figure 2.2 shows the effect of selection strength and fi-

nal allele frequency on the size of the 95% credible interval around point estimates

normalized by the true TMRCA for each simulated data set. Before normalizing,
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Figure 2.2: Accuracy of TMRCA point estimates and 95% credible interval ranges
from posteriors inferred from simulated data under different strengths of selection,
final allele frequencies and choice of reference panel. Credible interval range sizes are
in units of generations and are normalized by the true TMRCA for each simulated
data set. See Materials and Methods below for simulation details.
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credible interval sizes using a local reference panel range from 73 to 213 generations

for 2Ns = 100, versus 18 to 22 generations when 2Ns = 2000. Using local and

diverged reference panels, we found a minimal effect of the sample size on point

estimates (Figures S.2, S.3 in Appendix A.3). As expected, larger sample sizes for

the carrier panel improve estimate accuracy. However, higher allele frequencies and

weak selection are likely to induce more uncertainty due to the ancestral haplotype

tracts recombining within the sample. We find this effect more pronounced with

large sample sizes for the reference panel. We speculate that a large sample of ref-

erence haplotypes leads the focal selected haplotype to have increased probability

copying from the reference panel leading to a shorter selected haplotype and slight

over-estimate of the TMRCA.

We also performed simulations under varying degrees of mutation and recombina-

tion rate misspecification (Figure S.4 in Appendix A.3). In most cases, mean values

of log2(estimate/true value) stay within an order of magnitude of 0. As expected,

when both the mutation and recombination rate are misspecified, we find the most

discrepancy. To assess the convergence properties of the MCMC, five replicate chains

were run for each of 20 simulated data sets produced under three 2Ns values (100,

200 and 2000) for frequency trajectories ending at 0.1 (Figure S.5 in Appendix A.3).

While care is always warranted with MCMC approaches, we find in practice that

convergence among our replicate chains is attained relatively quickly (≈ 3000 itera-

tions for simulated data and 3000 - 9000 iterations for applied cases; see Figure S.9

in Appendix A.3).

We compared the performance of our estimator with three other model-based
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approaches for allele age estimation by matching the simulation scheme performed

by Chen et al. [2015] (Table S.7 in Appendix A.3). Our method shows improvement

in accuracy (RMSE) and/or lower bias for simulations with lower frequencies of

the beneficial allele (40%) regardless of the reference panel used. In cases where

the final beneficial allele frequency is higher (80%), our method’s accuracy remains

as good or better than the other methods when using a diverged reference panel,

with a two-orders-of-magnitude improvement of bias under strong selection (s =

0.05). Estimates when using a local reference panel and a high final beneficial allele

frequency remain comparable to the other methods for strong selection, but tend to

have more bias and decreased accuracy as selection strength decreases.

Assuming a star-genealogy among beneficial allele carriers may result in underes-

timating the variance for the posterior distribution when there is non-independence

in our sample. To measure this affect, we computed TMRCA estimates on 100

bootstrap replicates for 4 simulated datasets under 2 selection strengths and 2 final

allele frequencies (Table S.9 in Appendix A.4). We find close agreement between the

95% posterior credible intervals of the original data and the 95% confidence intervals

computed on the bootstrap estimates for a selection strength of 0.1. for both final

allele frequencies of 0.4 and 0.8. As expected, older TMRCAs are likely to violate

the star-genealogy assumption, and in these cases we find that estimates from our

original data are more narrow than the bootstrap confidence intervals.
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2.5.1 Recombination Versus Mutation as a Source of Information

We compared our model-based inference with simpler estimates of the TMRCA using

the number of derived mutations on the ancestral haplotype, and the mean length

of the ancestral haplotype. In addition to quantifying the improvement our method

has over these calculations, this also serves as an ad-hoc way to understand how the

relative weight of information from mutation and recombination affects the perfor-

mance of our method. One can model the haplotype lengths as independent and

exponentially distributed to derive a recombination-based estimator, t̂r, as

t̂r =
1

w̄or
(2.11)

where r is the recombination rate and w̄o is the observed mean ancestral haplotype

length. To leverage the count of derived mutations on the ancestral haplotype, we use

the Thomson et al. [2000] estimator. In a sample of n haplotypes with the selected

allele, a mutation-based estimator, t̂m, can be calculated as

t̂m =
1

n

n∑
i

yi
wiµ

(2.12)

where yi is the number of derived mutations on the ith haplotype which has length

wi basepairs. See Hudson (2007) for a derivation of the estimate for the variance of

the Thomson estimator.

When using derived mutations, uncertainty in both the ancestral haplotype se-

quence and the length of the ancestral haplotype on each chromosome (wi) can lead

to poor estimation. To improve inference, researchers typically define a restricted
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“non-recombining” region that may reliably contain derived mutations on the ances-

tral haplotype. This has two disadvantages: (1) There is more information available

in the data which cannot be used because excess caution is necessary to prevent

over-counting of derived mutations; and (2) There may still be unobserved recombi-

nation events in this restricted locus. To minimize the use of heuristics for a derived

mutation approach, we used our model to find maximum-likelihood estimates of the

ancestral haplotype breakpoints using Equation 2.2 in the model description. We

also used the mean posterior estimate of the ancestral haplotype from our model

to identify derived mutations. To calculate a recombination-based estimator of the

TMRCA, we calculated w̄o using the same maximum-likelihood estimates of the

ancestral haplotype lengths inferred for the mutation estimator.

When using a local reference panel, the simple mutation estimator t̂m consistently

under-estimates the true TMRCA. The recombination estimate, however, remains

accurate (Figure S.6 in Appendix A.3). We suspect this to be a result of poor es-

timation of the ancestral haplotype and violation of the star-genealogy assumption.

In cases where selection is weaker and the genealogy is not star-shaped, derived

mutations occurring early in the genealogy will be over-represented and incorrectly

inferred to be the ancestral allele. In this way, high frequency derived alleles will

not be counted. As predicted, increasing selection strength improves mutation esti-

mator accuracy. The recombination estimator appears robust to this effect as long

as selection is not too strong. For very strong selection, and young TMRCA values,

maximum likelihood estimates of the haplotype lengths become constrained by the

size of the locus studied. For example, in simulations with a selection strength of 0.05
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and frequency of 0.1, the mean TMRCA is around 100 generations. Using equation

14 above, the mean length of the ancestral haplotype for a TMRCA of 100 genera-

tions is 2Mb, which is twice as large as the window size we use to make computation

for our simulations feasible. Using a larger window around the selected locus would

ameliorate this effect.

When using a diverged reference panel we find an opposite effect. In this case,

the count of derived mutations result in an over-estimate and the haplotype lengths

yield an under-estimate. We suspect this to be driven by poor matching between the

reference panel and the background haplotypes among beneficial allele carriers. The

low probability of matching between the reference and background haplotypes means

that the lengths of the ancestral haplotype are inferred to extend further than their

true lengths. This also leads to an overestimate for the mutation estimator because

differences between the ancestral and background haplotypes are incorrectly inferred

as derived mutations on the ancestral haplotype.

2.5.2 Application to 1000 Genomes Data

We applied our method to five variants previously identified as targets of recent

selection in various human populations (Figure 2.3). Using phased data from the

1000 Genomes Project, we focused on variants that are not completely fixed in any

one population so that we could use a local reference panel. The Li and Stephens

[2003] haplotype copying model is appropriate in cases where ancestry switches occur

among chromosomes within a single population, so we excluded populations in the

Americas for which high levels of admixture are known to exist.
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While the simulation results described above provide some intuition for the effects

of selection strength, final allele frequency and choice of reference panel, we also

performed simulations using the demographic history inferred by Tennessen et al.

[2012] to explore the effects of non-equilibrium demographic history on our estimation

accuracy (Figure S.10 in Appendix A.3). We find subtle differences in accuracy

between the two demographic histories, where the non-equilibrium histories lead to

negligible differences in mean values for log2(estimate/true value) and larger credible

interval ranges.

ADH1B

A derived allele at high frequency among East Asians at the ADH1B gene (rs3811801)

has been shown to be functionally relevant for alcohol metabolism [Eng et al., 2007,

Osier et al., 2002]. Previous age estimates are consistent with the timing of rice

domestication and fermentation approximately 10,000 years ago [Li et al., 2007,

Peng et al., 2010a, Peter et al., 2012]. However, a more recent estimate by Peter et

al. (2012) pushes this time back several thousand years to 12,876 (2,204 - 49,764)

years ago. Our results are consistent with an older timing of selection, as our CHB

sample (Han Chinese in Beijing, China) TMRCA estimate is 15,377 (13,763 - 17,281)

years. Replicate chains of the MCMC are generally consistent, with the oldest es-

timates in the CHB sample showing the most variation among resampled datasets

and the youngest estimate of 10,841 (9,720 - 12,147) in the KHV sample showing the

least. When using a fine-scale recombination map, all of the ADH1B TMRCAs are

inferred to be slightly older (Figure S.7 in Appendix).
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Figure 2.3: Comparison of TMRCA estimates with previous results. Violin plots
of posterior distributions for the complete set of estimated TMRCA values for the
5 variants indicated in the legend scaled to a generation time of 29 years. Each
row indicates a population sample from the 1000 Genomes Project panel. Replicate
MCMCs are plotted with transparency. Points and lines overlaying the violins are
previous point estimates and 95% confidence intervals for each of the variants indi-
cated by a color and rs number in the legend (see Tables S.3, S.4, S.5, and S.6 in
Appendix A.3). The population sample abbreviations are defined in text.
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EDAR

Population genomic studies have repeatedly identified the gene EDAR to be under

recent selection in East Asians [Akey et al., 2004, Voight et al., 2006, Williamson

et al., 2005] with a particular site (rs3827760) showing strong evidence for being

the putative target. Functional assays and allele specific expression differences at

this position show phenotypic associations to a variety of phenotypes including hair

thickness and dental morphology [Bryk et al., 2008, Fujimoto et al., 2008, Kamberov

et al., 2013, Kimura et al., 2009].

Our estimate of 22,192 (19,683 - 25,736) years for the EDAR allele in the CHB

sample is older than ABC-based estimates of 12,458 (1,314 - 85,835) and 13,224 (4,899

- 50,692) years made by Bryk et al. [2008] and Peter et al. [2012], respectively. Kam-

berov et al. [2013] use spatially explicit ABC and maximum likelihood approaches to

compute older estimates of 30,925 (13,175 - 39,575) and 36,490 (34,775 - 38,204). We

included all populations for which the variant is present including the FIN and BEB

samples where it exists at low frequency. Our results for the youngest TMRCAs are

found in these two low frequency populations, where the estimate in FIN is 17,386

(13,887 - 20,794) and the estimate in BEB is 18,370 (14,325 - 22,872). Among East

Asian populations, the oldest and youngest TMRCA estimates are found in the KHV

sample (25,683; 23,169 - 28,380) and CHB sample (22,192; 19,683 - 25,736).

LCT

Arguably the best studied signature of selection in humans is for an allele at the LCT

gene (rs4988235) which confers lactase persistence into adulthood–a trait unique
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among mammals and which is thought to be a result of cattle domestication and the

incorporation of milk into the adult diets of several human populations [Bersaglieri

et al., 2004, Enattah et al., 2002, Tishkoff et al., 2007]. There are multiple alleles

that show association with lactase persistence [Tishkoff et al., 2007]. We focused on

estimating the age of the T-13910 allele, primarily found at high frequency among

Northern Europeans, but which is also found in South Asian populations. In addition

to association with the lactase persistence phenotype, this allele has been functionally

verified by in vitro experiments [Kuokkanen et al., 2006, Olds and Sibley, 2003,

Troelsen et al., 2003].

Mathieson et al. [2015a] use ancient DNA collected from 83 human samples to

get a better understanding of the frequency trajectory for several adaptive alleles

spanning a time scale of 8,000 years. For the LCT persistence allele (rs4988235),

they find a sharp increase in frequency in the past 4,000 years ago. While this is

more recent than previous estimates, an earlier TMRCA or time of mutation is still

compatible with this scenario.

Our estimates using European and South Asian samples fall between the range

from 5000 to 10,000 years ago, which is broadly consistent with age estimates from

modern data. The credible intervals for estimates in all of the samples have substan-

tial overlap which makes any ranking on the basis of point estimates difficult. We

infer the PJL (Punjabi from Lahore, Pakistan) sample to have the oldest TMRCA

estimate of 9,514 (8,596 - 10,383) years. Itan et al. [2009] use spatial modeling

to infer the geographic spread of lactase allele from northern to southern Europe.

Consistent with their results, the youngest estimate among European populations
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is found in the IBS sample at 9,341 (8,688 - 9,989) years. Among all samples, the

youngest estimate was found in BEB at 6,869 (5,143 - 8809).

KITLG and OCA2

The genetic basis and natural history of human skin pigmentation is a well studied

system with several alleles of major effect showing signatures consistent with being

targets of recent selection [Beleza et al., 2013b, Eaton et al., 2015, Jablonski and

Chaplin, 2012, Wilde et al., 2014]. We focused on an allele found at high frequency

world-wide among non-African populations at the KITLG locus (rs642742) which

shows significant effects on skin pigmentation differences between Europeans and

Africans [Miller et al., 2007]; although more recent work fails to find any contribution

of KITLG toward variation in skin pigmentation in a Cape Verde African-European

admixed population [Beleza et al., 2013a]. We also estimated the TMRCA for a

melanin-associated allele at the OCA2 locus (rs1800414) which is only found among

East Asian populations at high frequency [Edwards et al., 2010].

For the KITLG variant, our estimates among different populations vary from

18,000 to 34,000 years ago, with the oldest age being in the YRI (Yoruba in Ibadan,

Nigeria) sample (33,948; 28,861 - 39,099). The youngest TMRCA is found in FIN at

18,733 years (16,675 - 20,816). The next two youngest estimates are also found in

Africa with the TMRCA in the MSL (Mende in Sierra Leone) sample being 22,340

(15,723 - 28,950) years old, and that for LWK (Luhya in Webuye, Kenya) being

22,784 (17,922 - 2,8012) years old, suggesting a more complex history than a model

of a simple allele frequency increase outside of Africa due to pigmentation related
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selection pressures. Previous point estimates using rejection sampling approaches on

a Portuguese sample (32,277; 6,003 - 80,683) and East Asian sample (32,045; 6,032

- 98,165) are again most consistent with our own results on the IBS (29,731; 26,170

- 32,813) and CHB samples (26,773; 24,297 - 30,141) [Beleza et al., 2013b, Chen

et al., 2015]. Among East Asians, the oldest and youngest estimates are again found

in the JPT (28,637; 24,297 - 30,141) and KHV (24,544; 21,643 - 27,193) samples,

respectively. The TMRCA for OCA2 alleles in the JPT (18,599; 16,110 - 20,786) and

KHV (16370; 14,439 - 18,102) samples are also the oldest and youngest, respectively.

2.6 Discussion

Our method improves estimation for the timing of selection on a beneficial allele

using a tractable model of haplotype evolution. This approach leverages detailed

information in the data while remaining amenable to large sample sizes. Using both

carriers and non-carriers of the allele, we can more effectively account for uncertainty

in the extent of the ancestral haplotype and derived mutations. We show the per-

formance of our method using simulations of different selection strengths, beneficial

allele frequencies and choices of reference panel. By applying our method to five vari-

ants previously identified as targets of selection in human populations, we provide a

comparison among population-specific TMRCAs. This gives a more detailed account

of the order in which populations may have acquired the variant and/or experienced

selection for the trait it underlies.

In that regard, it is hypothesized that local selection pressures and a cultural shift

toward agrarian societies has induced adaptive responses among human populations
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around the globe. The data associated with some variants seem to indicate more

recent selective events than others. Our results for variants associated with dietary

traits at the LCT and ADH1B genes both imply relatively recent TMRCAs (<

15, 000 ya), consistent with hypotheses that selection on these mutations results

from recent changes in human diet following the spread of agriculture [Peng et al.,

2010a, Simoons, 1970]. In contrast, the inferred TMRCAs for EDAR, KITLG and

OCA2 imply older adaptive events which may have coincided more closely with the

habitation of new environments or other cultural changes.

Several hypotheses have been suggested to describe the selective drivers of skin

pigmentation differences among human populations, including reduced UV radiation

at high latitudes and vitamin D deficiency [Jablonski and Chaplin, 2000, Loomis,

1967]. Estimated TMRCAs for the variants at the OCA2 and EDAR loci among East

Asians appear to be as young or younger than the KITLG variant, but older than the

LCT and ADH1B locus. This suggests a selective history in East Asian populations

leading to adaptive responses for these traits occurring after an initial colonization. In

some cases, the dispersion of replicate MCMC estimates make it difficult to describe

the historical significance of an observed order for TMRCA values. However, the

consistency of estimates among different populations for particular variants add some

confidence to our model’s ability to reproduce the ages which are relevant to those

loci or certain geographic regions.

To assess the relative concordance of our estimates with those from previous

approaches, we compared our results to a compilation of previously published esti-

mates based on the time of mutation, time since fixation, or TMRCA of variants
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associated with the genes studied here (Figure S.8 in Appendix A.3). The range of

confidence intervals for these studies is largely a reflection of the assumptions in-

voked or relaxed for any one method, as well as the sample size and quality of the

data used. In principle, our method extracts more information than approaches that

use summary statistics such as ABC. In our empirical application, we found that

our method provides a gain in accuracy while accounting for uncertainty in both

the ancestral haplotype and its length on each chromosome. Notably, our method

provides narrower credible intervals by incorporating the full information from an-

cestral haplotype lengths, derived mutations, and a reference panel of non-carrier

haplotypes.

Another caveat of our method is its dependence on the reference panel, which

is intended to serve as a representative sample of non-ancestral haplotypes in the

population during the selected allele’s increase in frequency. Four possible challenges

can arise: (1) segments of the ancestral selected haplotype may be present in the

reference panel due to recombination, (this is more likely for alleles that have reached

higher frequency), (2) the reference panel may contain haplotypes that are similar to

the ancestral haplotype due to low levels of genetic diversity, (3) the reference panel

may be too diverged from the focal population, and (4) population connectivity and

turnover may lead the “local” reference panel to be largely composed of migrant

haplotypes which were not present during the selected allele’s initial increase in

frequency.

Under scenarios 1 and 2, the background haplotypes will be too similar to the

ancestral haplotype and it may be difficult for the model to discern a specific ancestry
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switch location. This leads to fewer differences (mutations) than expected between

the ancestral haplotype and each beneficial allele carrier. The simulation results are

consistent with this scenario: our method tends to underestimate the true age across

a range of selection intensities and allele frequencies when using a local reference

panel.

Conversely, under scenarios 3 and 4 the model will fail to describe a recombinant

haplotype in the sample of beneficial allele carriers as a mosaic of haplotypes in the

reference panel. As a result, the model will infer more mutation events to explain

observed differences from the ancestral haplotype. Our simulation results show this

to be the case with reference panels diverged by N generations: posterior mean es-

timates are consistently older than their true value. Our simulations are perhaps

pessimistic though - we chose reference panel divergence times of N and 0.5N gener-

ations, approximately corresponding to FST values of 0.4 and 0.2, respectively. For

the smaller FST values observed in humans, we expect results for diverged panels

to be closer to those obtained with the local reference panel. Nonetheless, future

extensions to incorporate multiple populations within the reference panel would be

helpful and possible by modifying the approach of Price et al. [2009]. Such an ap-

proach would also enable the analysis of admixed populations (we excluded admixed

samples from our analysis of the 1000 Genomes data above).

Aside from the challenges imposed by the choice of reference panel, another po-

tential source of bias lies in our transition probabilities, which are not conditioned

on the frequency of the selected variant. In reality, recombination events at some

distance away from the selected site will only result in a switch from the ancestral
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to background haplotypes at a rate proportional to 1− pl, where pl is the frequency

of the ancestral haplotype alleles at locus l. In this way, some recombination events

may go unobserved – as the beneficial allele goes to high frequency the probability

of an event leading to an observable ancestral to background haplotype transition

decreases. One solution may be to include the frequency-dependent transition prob-

abilities derived by Chen et al. (2015). Under their model, the mutation time is

estimated by assuming a deterministic, logistic frequency trajectory starting at 1
2N .

An additional benefit of using frequency trajectories would be the ability to infer

posterior distributions on selection coefficients. While the selection coefficient is typ-

ically assumed to be related to the time since mutation by t1 = log(Ns)/s, we do

not have an equivalent expression for time to the common ancestor. Rather than the

initial frequency being 1
2N for a new mutation, our initial frequency must correspond

to the frequency at which the TMRCA occurs. Griffiths and Tavare (1994) derive a

framework to model a genealogy under arbitrary population size trajectories, which

should be analogous to the problem of an allele frequency trajectory, and additional

theory on intra-allelic genealogies may be useful here as well [Griffiths and Tavare,

1994, Slatkin and Rannala, 2000, Wiuf, 2000, Wiuf and Donnelly, 1999].

Our model also assumes independence among all haplotypes in the sample in a

composite-likelihood framework, which is equivalent to assuming a star-genealogy

[Larribe and Fearnhead, 2011, Varin et al., 2011]. This is unlikely to be the case

when sample sizes are large or the TMRCA is old. It is also unlikely to be true if the

beneficial allele existed on multiple haplotypes preceding the onset of selection, was

introduced by multiple migrant haplotypes from other populations, or occurred by
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multiple independent mutation events [Berg and Coop, 2015, Hermisson and Pen-

nings, 2005, Innan and Kim, 2004, Prezeworski et al., 2005, Pritchard et al., 2010].

Methods for distinguishing selection from standing variation versus de novo mutation

are available that should make it easier distinguish these cases [Garud et al., 2015,

Messer and Neher, 2012, Messer and Petrov, 2013, Peter et al., 2012].

If the underlying allelic genealogy is not star-like, one can expect different esti-

mates of the TMRCA for different subsets of the data. Here, we performed multiple

MCMCs on resampled subsets of the data to informally diagnose whether there are

violations from the star-like genealogy assumption. We speculate that exactly how

the TMRCAs vary may provide insight to the underlying history. In cases where the

TMRCA estimates for a particular population are old and more variable than other

populations, the results may be explained by structure in the genealogy, whereby

recent coalescent events have occurred among the same ancestral haplotype before

the common ancestor. When estimates are dispersed among resampled datasets the

presence of multiple ancestral haplotypes prior to the variant’s increase in frequency

may be a better explanation. Further support for this explanation might come from

comparisons to other population samples which show little to no dispersion of es-

timates from resampled datasets. Future work might make it possible to formalize

this inference process.

A final caveat regards the misspecification of mutation and recombination rates.

TMRCA estimates are largely determined by the use of accurate measures for these

two parameters. In a way, this provides some robustness to our method. Our age

estimates depend on mutation and recombination rates, so accurate specification
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for one of the values can compensate for slight misspecification in the other. As

previously noted, in cases where a fine-scale recombination map is unavailable we

suggest using a uniform recombination rate specific to the locus of interest (Figure ??

in Appendix). Choosing an appropriate mutation rate will continue to depend on

current and future work which tries to resolve discrepancies in published mutation

rate estimates inferred by various approaches [Ségurel et al., 2014].

One future direction for our method may be to explicitly incorporate the possi-

bility of multiple ancestral haplotypes within the sample. Under a disease mapping

framework, Morris et al. [2002] implement a similar idea in the case where inde-

pendent disease causing mutations arise at the same locus leading to independent

genealogies, for which they coin the term “shattered coalescent”. For our case, bene-

ficial mutations may also be independently derived on different haplotypes. Alterna-

tively, a single mutation may be old enough to reside on different haplotypes due to

a sufficient amount of linked variation existing prior to the onset of selection. Berg

and Coop [2015] model selection from standing variation to derive the distribution

of haplotypes that the selected allele is present on.

While we have treated the TMRCA as a parameter of interest, our method also

produces a sample of the posterior distribution on the ancestral haplotype. This

could provide useful information to estimate the frequency spectrum of derived mu-

tations on the ancestral haplotype. Similarly, the frequency of shared recombination

breakpoints could shed light on the genealogy and how well it conforms to the star-

shape assumption. The extent of the ancestral haplotype in each individual may also

prove useful for identifying deleterious alleles that have increased in frequency as a
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result of strong positive selection on linked beneficial alleles [Chun and Fay, 2011,

Hartfield and Otto, 2011]. For example, Huff et al. [2012] describe a risk allele for

Crohn’s disease at high frequency in European populations which they suggest is

linked to a beneficial allele under recent selection. Similar to an admixture mapping

approach, our method could be used to identify risk loci by testing for an association

between the ancestral haplotype and disease status. As another application, iden-

tifying the ancestral haplotype may be useful in the context of identifying a source

population (or species) for a beneficial allele prior to its introduction and subsequent

increase in frequency in the recipient population (see Chapter 3).

In many cases, the specific site under selection may be unknown or restricted to

some set of putative sites. While our method requires the position of the selected

site be specified, future extensions could treat the selected site as a random variable

to be estimated under the same MCMC framework. This framework would also be

amenable to marginalizing over uncertainty on the selected site.

While we focus here on inference from modern DNA data, the increased acces-

sibility of ancient DNA has added a new dimension to population genetic datasets

[Allentoft et al., 2015, Haak et al., 2015, Lazaridis et al., 2014, Mathieson et al.,

2015a,b, Skoglund et al., 2014]. Because it will remain difficult to use ancient DNA

approaches in many species with poor sample preservation, we believe methods based

on modern DNA will continue to be useful going forward. That said, ancient DNA is

providing an interesting avenue for comparative work between inference from mod-

ern and ancient samples. For example, Nakagome et al. [2016] use simulations to

assess the fit of this ancient DNA polymorphism to data simulated under their in-
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ferred parameter values for allele age and selection intensity and they find reasonable

agreement. Much work still remains to fully leverage ancient samples into population

genetic inference while accounting for new sources of uncertainty and potential for

sampling bias.

Despite these challenges, it is clear that our understanding of adaptive history

will continue to benefit from new computational tools which extract insightful infor-

mation from a diverse set of data sources.

2.7 Materials and Methods

We generated data using the software mssel (Dick Hudson, personal communication),

which simulates a sample of haplotypes conditioned on the frequency trajectory of a

selected variant under the structured coalescent [Hudson and Kaplan, 1988, Kaplan

et al., 1988]. Trajectories were first simulated forwards in time under a Wright-

Fisher model for an additive locus with varying strengths of selection and different

ending frequencies of the selected variant. Trajectories were then truncated to end

at the first time the allele reaches a specified frequency. See Table S.1 in Appendix

A.4 for relative ages of simulated TMRCA values for different end frequencies and

selection strengths. For the results in Figure 2.2, 100 simulations were performed

for each parameter combination. MCMCs were run for 5000 iterations with a burn-

in excluding the first 3000 iterations. A standard deviation of 10 was used for the

proposal distribution of tca. The red boxplots indicate local reference panels. The

blue and green boxplots indicate reference panels diverged by .5Ne generations and

1Ne generations, respectively. Each data set was simulated for a 1 Mbp locus with a
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mutation rate of 1×10−8, recombination rate of 1×10−8 and population size of 10000.

Sample sizes for the selected and reference panels were 100 and 20, respectively.

For more efficient run times of the MCMC, we set a maximum number of indi-

viduals to include in the selected and reference panels to be 100 and 20, respectively.

In cases where the true number of haplotypes for either panel was greater than this

in the full data set, we resampled a subset of haplotypes from each population for a

total of five replicates per population. For simulation results supporting the use of

this resampling strategy, see Figure S.5 in Appendix A.3. The MCMCs were run for

15000 iterations with a standard deviation of 20 for the TMRCA proposal distribu-

tion. The first 9000 iterations were removed as a burn-in, leading to 6000 iterations

for a sample of the posterior. Convergence was assessed by comparison of MCMC

replicates. Figure 2.3 and Figure S.8 in Appendix A.3 show the results for all five

variants along with previous point estimates and 95% confidence intervals assuming

a generation time of 29 years [Fenner, 2005]. Tables S.3 and S.4 in Appendix A.4 list

the mean and 95% credible intervals for estimates with the highest mean posterior

probability which we refer to in the text. Tables S.5 and S.6 in Appendix A.4 list the

previous estimates and confidence intervals with additional details of the different

approaches taken.

To model recombination rate variation, we used recombination rates from the

Decode sex-averaged recombination map inferred from pedigrees among families in

Iceland [Kong et al., 2010]. Because some populations may have recombination

maps which differ from the Decode map at fine scales, we used a mean uniform

recombination rate inferred from the 1 megabase region surrounding each variant.

44



The motivation for this arises from how recombination rates have been previously

shown to remain relatively consistent among recombination maps inferred for dif-

ferent populations at the megabase-scale [Auton and McVean, 2012, Baudat et al.,

2010, Broman et al., 1998, Kong et al., 2010]. Further, we found our estimates

depend mostly on having the megabase-scale recombination rate appropriately set,

with little difference in most cases for estimates obtained by modeling fine-scale re-

combination at each locus (Figure S.7 in Appendix A.3). We specify the switching

rate among background haplotypes after recombining off of the ancestral haplotype

to be 4Nr, where N = 10, 000 and r is the mean recombination rate for the 1Mb

locus.

For modeling mutation, a challenge is that previous mutation rate estimates vary

depending on the approach used [Ségurel et al., 2014]. Estimates using the neutral

substitution rate between humans and chimps are more than 2 × 10−8 per bp per

generation, while estimates using whole genome sequencing are closer to 1 × 10−8.

As a compromise, we specify a mutation rate of 1.6× 10−8.
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3.1 Abstract

There are a growing number of studies which describe genomic patterns of adapta-

tion that are consistent with beneficial alleles being shared between species through

hybridization. These patterns can also be used to describe the time at which the

allele was introduced into the receiving species or population. Below, we use our

method of estimating the time to the most recent common ancestor (described in

Chapter 2) as a proxy for the timing of adaptive introgression. When assumptions of

the model are reasonably approximated by the data, this approach leads to dramatic

gains in accuracy relative to more commonly used Approximate Bayesian Compu-

tation methods. We describe these assumptions and present results for the timing

of coat color adaptation in North American wolves and high altitude adaptation in
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Tibetans.

3.2 Introduction

Adaptation is often described as either occurring by selection on genetic variants

introduced by recent mutation or older genetic variants at intermediate frequency.

The distinction between these two scenarios is known to have important implications

for the resulting patterns of genetic diversity around the selected allele [Berg and

Coop, 2015]. While these models are typically considered in the context of a single

randomly mating population, population structure can lead to other scenarios which

might be viewed as a combination of these two patterns.

An older beneficial allele may reach high frequency in one population, but in cases

where migration events among populations of a species are rare, the introduction of

a beneficial variant from one population to another is analogous to a new mutation

having occurred in the receiving population. Subsequent propagation of this variant

among individuals in the receiving population leads to a distinct pattern of variation

around the selected allele: the ancestral haplotype of the donor population, or linked

sequence of genetic variants on which the beneficial allele resides, will be at high

frequency and embedded within a genomic background of the receiving population.

This process of repeated crossing of a favored allele into a new genomic background is

a natural analog to the artificial selection technique used in plant and animal breeding

known as introgression [Anderson et al., 2009, Burbank, 1921, Mendez et al., 2012,

Simmonds, 1993, Song et al., 2011].

A more strict definition of adaptive introgression will further specify that the
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donor and receiving populations be different species. In practice, the pattern of

adaptive introgression is most recognizable when there is sufficient sequence diver-

gence between the introduced haplotype and its new genomic background. This is

more likely to be the case if some degree of reproductive isolation exists between

the populations. In an effort to avoid making species designations, we will use the

pattern of an ancestral haplotype with shared ancestry from another population (or

species) as criteria for labeling the process as introgression.

Studies which aim to describe this pattern can use the length of the introgressed

haplotype and a count of derived mutations on its background to infer the time

to the common ancestor (TMRCA). When the beneficial allele is strongly selected,

the TMRCA indicates the time at which the allele began increasing in frequency

after first arriving in the population. Here, we present estimates for the timing of

introgression using the method we describe in Chapter 2.

Our model assumes that the selected allele resides on a single ancestral hap-

lotype. One complication that may arise in the context of introgression is that

admixture events involving many individuals may introduce multiple ancestral hap-

lotypes into the receiving population. This could lead to an over-counting of derived

mutations which would yield an over-estimate for the TMRCA. Frequent admixture

would, however, lead to larger admixture proportions from the donor population

across the genome. This pattern might serve as an indicator for some degree of

model-misspecification. Keeping this caveat in mind, we estimated the timing of

introgression events for two recently described examples of coat color adaptation in

North American wolves and high altitude adaptation in Tibetans.
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3.3 Coat Color Adaptation in North American Wolves

Interest in understanding the evolutionary history of coat color polymorphism in

North American wolves was initially prompted by the observation that coat color

varied on a latitudinal cline with light coat color being associated with open tundra

habitat in the north, and dark coat color being more strongly associated with south-

ern forest habitat [Gipson et al., 2002]. This polymorphism was subsequently found

to co-segregate with a 3-bp deletion at the K locus (CBD103) which leads to domi-

nant inheritance of the dark phenotype [Anderson et al., 2009]. The allele conferring

dark coat color (KB) occurs on a single haplotype, defined on a scale of 100 kb, that

is shared among domesticated dogs and wolves. In addition to conferring dark coat

color in canids, the K locus is known to be functionally relevant to microbial immune

response [Pazgier et al., 2006, Yang et al., 1999]. Current evidence suggests that the

KB allele provides a heterozygote advantage to individuals at lower latitudes where

the risk of infection by pathogens is higher [Coulson et al., 2011, Ducrest et al., 2008,

Stahler et al., 2013].

Using a count of derived mutations, initial estimates for the TMRCA of the

KB allele in dogs was found to be comparable to estimates among dog and wolf

chromosomes when considered together (46,886 years 95% confidence interval: 12,779

- 121,182, assuming a mutation rate of 1×10−9 and generation time of 3 years). The

KB allele TMRCA among wolves was not formally estimated, but a comparison of

genetic diversity around the K locus indicated that the estimated time ranged from

500 to 14 kya, consistent with the hypothesis that the KB allele was introduced into

North American wolf populations by domesticated dogs of Native Americans. While
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these haplotype patterns also suggest that natural selection increased the frequency

of the KB allele, further analyses and data were necessary to provide a more detailed

picture of the evolutionary history of this locus.

Schweizer et al. [2018] performed targeted capture sequencing at the K locus for

a larger sample of wolf populations across North America. The first goal was to

validate previous evidence for natural selection operating on the KB allele. This was

done using comparisons of nucleotide diversity (π), Tajima’s D, Watterson’s estima-

tor (θw) and extended haplotype homozygosity (EHH) between the ancestral allele

(Ky) and the derived KB allele [Nei and Li, 1979, Sabeti et al., 2002, Tajima, 1989,

Watterson, 1975]. All of these metrics confirmed an adaptive hypothesis whereby a

single haplotype was introduced from domesticated dogs into wolves and increased

in frequency leading to a selective sweep signature.

To describe the relative timing of the KB allele’s spatial spread and/or timing of

selection among wolf populations in North America, we estimated the TMRCA for

the deletion in each of the four samples using our method (described in Chapter 2)

which leverages both the decay in LD between the selected allele and nearby sites,

as well as the accumulation of new mutations on the selected allele’s ancestral hap-

lotype [Smith et al., 2018]. Provided that assumptions of the model are reasonably

approximated by the data, this approach leads to dramatic gains in accuracy rela-

tive to more commonly used Approximate Bayesian Computation (ABC) methods.

Specifically, the method assumes a “star-shaped” genealogy among sites linked to

the selected allele’s ancestral haplotype. This is a reasonable assumption in cases

where the focal allele is subject to strong positive selection; which for our case is
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appropriate given the results of reduced nucleotide diversity, Tajima’s D and EHH

scores observed at the K locus.

Another assumption involves the specification of an appropriate reference panel

of haplotypes that do not have the selected allele. This reference panel should ap-

proximate the background haplotypes with which the selected haplotype recombined

during its increase in frequency. Simulation results show that a reference panel which

is too similar to the selected haplotype can lead to under-estimates of the true TM-

RCA while a misspecified reference panel that is too diverged from the true reference

panel will over-estimate the TMRCA (Figure 2.2). For this reason, we excluded the

sample of dogs for which a suitable reference panel was not available. We used the

local reference panel of haplotypes without the selected allele in each of the four

samples from natural populations of North American wolves.

TMRCA estimates can vary depending on the mutation and recombination rates

used. To account for locus specific variation in recombination rates across the K

locus region, we used a recombination map inferred for dogs based on patterns of LD

[Auton et al., 2013]. This recombination map, however, does not include the entire

sequenced region downstream of the selected site. We predicted the unobserved

recombination rates at these sites using the adjacent 4 Mb of observed recombination

rates and the smooth spline function in R with the smoothing parameter set to 0.95.

Several estimates of the per basepair per generation mutation rate have been

inferred using different approaches. Skoglund et al. [2015] use ancient DNA from a

35 ky old wolf and to infer a rate of 0.4× 10−8 per basepair per generation. Frantz

et al. [2016] calibrate a molecular clock using radiocarbon dating on an ancient dog
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to infer similar a mutation rate between 0.3 × 10−8 and 0.45 × 10−8 per basepair

per generation. We report TMRCA estimates using these values in addition to one

higher rate of 1× 10−8 per basepair per generation.
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Figure 3.1: TMRCA estimates of the KB allele in the 4 North American populations
using 4 different mutation rates assuming a generation time of 3 years. The mutation
rates in the legend are in units of per basepair per generation. The violin plots are
samples from the posterior distribution of TMRCAs drawn from a Markov chain
Monte Carlo run for 50000 iterations with a standard deviation of 10 for the proposal
distribution. The locus includes 3 Mbp of flanking sequence around the selected site.
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Sample Size

Population Sel. Ref. Mutation Rate TMRCA 95% C.I.

Alaska 6 20 1× 10−8 694 376 - 1100
Alaska 6 20 0.45× 10−8 1477 831 - 2329
Alaska 6 20 0.4× 10−8 1801 826 - 3263
Alaska 6 20 0.3× 10−8 2135 1602 - 2951
NWT 9 20 1× 10−8 1301 822 - 1931
NWT 9 20 0.45× 10−8 1635 932 - 2333
NWT 9 20 0.4× 10−8 1704 1137 - 2234
NWT 9 20 0.3× 10−8 2155 1105 - 3250
YNP 16 20 1× 10−8 202 133 - 285
YNP 16 20 0.45× 10−8 250 162 - 352
YNP 16 20 0.4× 10−8 1513 982 - 2030
YNP 16 20 0.3× 10−8 1942 1346 - 2503

Yukon 2 8 1× 10−8 1598 393 - 3389
Yukon 2 8 0.45× 10−8 3500 2338 - 4398
Yukon 2 8 0.4× 10−8 4378 2979 - 6169
Yukon 2 8 0.3× 10−8 7248 6219 - 8963

Table 3.1: Mean posteriors and credible intervals for TMRCA estimates (in years)
of the KB allele in the 4 North American populations using 4 different mutation
rates assuming a generation time of 3 years. Mutation rates are per basepair per
generation.

Providing TMRCA estimates among different samples can shed light on the rela-

tive order in which the mutation spread through North American wolf populations.

We find a relatively consistent order of TMRCA estimates, where the oldest values

are found in Yukon with posterior means ranging from 1598 to 7248 ya, depending

on the mutation rate used (See Figure 3.1 and Table 3.1). The youngest TMRCA

values are consistently found in Yellowstone, ranging from 202 to 1942 ya. Estimates

for Alaska, Northwest Territories, and two Yellowstone posteriors have significant

overlap and all fall roughly between 694 and 2135 ya.
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In some cases, the choice of different mutation rates did not affect the variability

of time estimates (Table 3.1). Among the Alaska and Northwest Territories samples,

mutation rates from 0.4 × 10−8 to 0.45 × 10−8 impose similar time estimates. The

same is true for the Yellowstone samples at mutation rates of 1×10−8 and 0.45×10−8.

However, all estimates using a mutation rate of 1 × 10−8 did result in younger

TMRCA values.

3.4 High Altitude Adaptation in Tibetans

Much of our current progress toward understanding recent human evolution has been

driven by the increased scale of sequencing efforts and methods development which

continue to describe wide representations of human genetic diversity [Cann et al.,

2002, Genomes Project Consortium, 2012, HapMap Consortium, 2003]. Genome

scans for signatures of natural selection have provided long lists of candidate loci,

many of which have known relevance to phenotypes of interest that are specific to

particular populations or geographic regions [Akey et al., 2002, Coop et al., 2009,

Enard et al., 2014, Johnson and Voight, 2018, Liu et al., 2013, Pickrell et al., 2009,

Sabeti et al., 2002, Voight et al., 2006]. These discoveries have prompted follow-up

studies which aim to identify the functional mechanisms which underly these adapta-

tions, as well as characterize their demographic and evolutionary context [Fumagalli

et al., 2015, Kamberov et al., 2013, Tishkoff et al., 2007]. One of the most well-known

cases is that of Tibetans’ high altitude adaptation to hypoxia [Huerta-Sánchez et al.,

2014, Jeong et al., 2014].

The low-oxygen environments found at high altitude in which many human pop-
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ulations have persisted are known to have negative fitness consequences for child-

bearing individuals with ancestral origins from low-altitude populations [Moore et al.,

2004, 2001, Niermeyer et al., 2009]. Some of the consequences which have been de-

scribed include lower birth weight and an increased rate of hypertension during

pregnancy relative to individuals with high-elevation ancestry. The genetic archi-

tecture for high altitude adaptation is known to involve a variety of genes which

affect several traits; however, the transcription factor EPAS1 shows the strongest

signature of recent selection among Tibetans [Beall et al., 2010, Bigham et al., 2010,

Huerta-Sánchez et al., 2014, Peng et al., 2010b, Simonson et al., 2010, Wang et al.,

2011, Xu et al., 2010, Yi et al., 2010].

To more carefully characterize the haplotype patterns at this locus, Huerta-

Sánchez et al. [2014] resequenced 40 Tibetan and 40 Han Chinese individuals and

found that the EPAS1 selected haplotype is highly differentiated with respect to

the Han Chinese and all other modern populations in the Human Genome Diversity

Panel. Interestingly, the only sample with a nearly identical haplotype was from an

archaic Denisovan individual which was found in the Altai Mountains of Southern

Siberia [Reich et al., 2010]. The proposed demographic model most consistent with

this pattern is a scenario in which admixture between Denisovan individuals which

had already adapted to hypoxic environments and an ancestral Tibetan population

led to a selective sweep for the beneficial EPAS1 haplotype. The resulting haplotypic

signature is characteristic of adaptive introgression, whereby a highly differentiated

population has contributed genetic variation which is beneficial to the receiving pop-

ulation. The introduction and propagation of this distinct haplotype among Tibetan
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individuals has driven it to high frequency in the Tibetan plateau and nowhere else.

We estimated the TMRCA for 10 candidate SNPs at the EPAS1 locus in a sam-

ple of 59 Tibetans (Figure 3.2). This set of variants was identified by both GWAS

and selection scans to be the best functional candidates to modulate EPAS1 activ-

ity. 3 SNPs from this set (rs188801636, rs76242811 and rs375554942) are found in

an upstream enhancer of EPAS1 and show several signs of experimental validation

for functional relevance (Di Rienzo Lab at University of Chicago, personal commu-

nication) including: (1) transcriptional differences between alleles using a luciferase

reporter assay on transformed epithelial cells, (2) Hi-C experiments which indicate

that this enhancer is looping to touch the EPAS1 transcription start site, and (3)

ATAC-seq results confirming that this enhancer is in a region of open chromatin.

To compute samples from the posterior distribution of the TMRCA, we used a

mutation rate of 1.6×10−8 per basepair per generation and estimated a mean recom-

bination rate of 1.4×10−8 per basepair per generation from the sex-averaged Decode

recombination map across the 1 Mbp region that we considered [Kong et al., 2010].

We generated 5 replicate MCMCs for each SNP to ensure convergence among runs.

Assuming a generation time of 29 years, mean posterior estimates are approximately

18850 years ago (95% credible interval: 16907 - 21257). Estimates are consistent

across all SNPs in large part due to the high levels of linkage disequilibrium between

them on the selected haplotype. Results for each SNP are summarized in Table 3.2.
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Figure 3.2: Comparison of TMRCA estimates for the candidate SNPs assuming a
generation time of 29 years. The violin plots are samples from the posterior distribu-
tion of TMRCAs drawn from a Markov chain Monte Carlo run for 15000 iterations
with a burn-in of 10000 iterations and standard deviation of 10 for the proposal
distribution. Replicate MCMC runs are plotted with transparency.

3.5 Discussion

While our method to estimate the TMRCA of a beneficial variant was originally

intended to describe adaptations for the same population in which the mutation

occurred, many cases of adaptive introgression remain amenable to describing the

timing of introgression. The primary cause of model misspecification for cases of

adaptive introgression would be the result of ongoing or more frequent admixture
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Sample Size

SNP ID Sel. Ref. TMRCA 95% C.I.

rs188801636 97 21 19815 17594 - 22155
rs76242811 97 21 19660 17512 - 21843

rs375554942 95 23 18419 16369 - 20672
rs141366568 90 28 18200 16191 - 20345
rs116611511 90 28 19022 16798 - 21403
rs369097672 90 28 18180 16057 - 20355
rs58160876 90 28 18190 16118 - 20325
rs12467821 93 25 20090 17842 - 22357
rs59034065 90 28 19015 16820 - 21358
rs11681242 93 25 19786 17656 - 21971

Table 3.2: A summary of the results from Figure 3.2. TMRCA estimates and 95%
credible intervals are mean estimates across MCMC replicates scaled to a generation
time of 29 years.

events which contribute more than one ancestral haplotype. In addition to being a

violation of the “star-shaped” genealogy assumption, multiple ancestral haplotypes

would lead to an overestimate of the TMRCA due to a greater number of ancestral

variants being counted as derived mutations. For the human and wolf applications

considered here, there is sufficient evidence to show that admixture events which

contributed beneficial variants to the receiving populations were rare enough to only

contribute a single ancestral haplotype [Huerta-Sánchez et al., 2014, Schweizer et al.,

2018]. In this way, admixture events which lead to adaptive introgression are analo-

gous to mutation events for non-introgression scenarios of adaptation.

The rarity of admixture events among domesticated dogs and North American

wolves is corroborated by the introgression timing estimates which, when considering

all four mutation rates, place the oldest mean TMRCAs between 1598 to 7248 years
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ago in the Yukon population. Domesticated dogs arrived in North America 8.5k to

10k years ago and there was limited European contact before the 19th century, which

suggests that the only dogs contributing to K locus variation to North American

wolves were those from Native Americans [Leonard et al., 2002]. The population

density of Native Americans (and their dogs) was relatively low, which is consistent

with the observation of a single ancestral haplotype across North American wolf

samples, possibly derived from a single introgression event.

The demographic history of modern Tibetans has received much recent attention

due to a combination of studies which have described their unique adaptations to

high altitude and their complicated history of admixture among several modern and

archaic populations [Aldenderfer, 2011, Jeong and Di Rienzo, 2014, Lu et al., 2016].

Archaeological and genetic data from mitochondria and Y chromosomes have sug-

gested that the Tibetan plateau may have been colonized as early as 30,000 years

ago; and while the EPAS1 haplotype shows close resemblance to the Denisovan sam-

ple, genome-wide patterns of ancestry suggest that Tibetans show levels of archaic

admixture which are comparable to other East Asian populations [Jeong et al., 2014].

Jeong et al. [2014] used genotype data from 540,000 SNPs to describe patterns of

relatedness in a sample of 69 Sherpa, 96 Tibetans and additional world-wide samples

from the HGDP (Human Genome Diversity Panel) and HapMap phase 3 (HapMap3)

datasets. They find Tibetans to be an admixed population of Sherpa and lowland

East Asian populations. Because this admixture event is estimated to have occurred

relatively recently (400 - 600 years ago), genetic data from the Sherpa serves as a

proxy to study the ancestral high altitude population that contributed to Tibetan
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ancestry. To do so, Jeong et al. [2014] inferred the history of population size changes

using the Pairwise Sequentially Markovian Coalescent (PSMC) on whole-genome

sequence data from two Sherpa and two low altitude East Asians (Han and Dai),

and find that the population size trajectories between the high altitude and low

altitude individuals begin to diverge around 40,000 years ago. When considering the

X chromosomes, split-time estimates are closer to 20,000 years ago. Together, these

estimates are consistent with previous colonization times of around 30,000 years.

Despite our own estimates for the TMRCA of the derived EPAS1 allele being

on the early side of this range, this timeline can be explained by either early col-

onization of the Tibetan plateau with a delayed arrival of the beneficial allele, or

by its maintenance at low frequency until increasing around 20,000 years ago. The

consistency of our estimates among replicate resampled haplotypes suggests that the

star-genealogy assumption is well-approximated by the data. Based on simulation

results and other applications of this method in humans (see Chapter 2), older or less

strongly selected alleles with genealogical structure are more likely to yield different

TMRCA estimates from different subsamples of the data.

Moving forward, ancient DNA samples for both the North American canid and

Tibetan populations will likely provide even more evidence to resolve their adaptive

and demographic histories. While these two applications are well-suited to the un-

derlying assumptions of our model for estimating the TMRCA of beneficial alleles,

future studies that are not consistent with our model will require more thorough sim-

ulation and testing to determine the kinds of biases that might arise from multiple

ancestral haplotypes which enter the receiving population at one or multiple times.

61



Acknowledgements

This work was supported by an NSF Graduate Research Fellowship and National

Institute Of General Medical Sciences of the National Institutes of Health under

award numbers DGE-1144082 and T32GM007197 to JS.

62



CHAPTER 4
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4.1 Abstract

The initial drivers of reproductive isolation between species are poorly characterized.

In cases where partial reproductive isolation exists, genomic patterns of variation in

hybrid zones may provide clues about the barriers to gene flow which arose first

during the early stages of speciation. Purifying selection against incompatible sub-

stitutions that reduce hybrid fitness has the potential to distort local patterns of

ancestry relative to background patterns across the genome. The magnitude and

qualitative properties of this pattern are dependent on several factors including mi-

gration history and the relative fitnesses for different combinations of incompatible

alleles. We present a model which may account for these factors and highlight the

potential for its use in verifying the action of natural selection on candidate loci

implicated in reducing hybrid fitness.
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4.2 Introduction

A large fraction of research aiming to describe the process of speciation involves

mapping genetic variants responsible for reproductive isolation. Despite its difficulty,

this task has nevertheless been carried out for a number of cases in which the link

between a reproductive isolating mechanism mapped in a laboratory setting and its

effect on an individual’s fitness in nature is demonstrated [Schluter, 2009]. However,

in many of these cases, reproductive isolation is already complete such that the initial

cause of speciation cannot be attributed to any one locus or set of loci due to a lack of

information regarding the order in which these isolating barriers arose [Turelli et al.,

2014]. Hybrid zones present a convenient situation where reproductive isolation

is incomplete. In these cases, the mechanisms of reproductive isolation are both

fewer and more recently derived. Relative to scenarios with complete reproductive

isolation, systems with ongoing hybridization may provide a more narrow set of

candidate loci to consider as the initial drivers of speciation.

The next task would be to describe the mechanism by which the incompatible

substitutions were fixed. Functional annotations for the implicated loci can yield

some clues about the ecological context or genetic causes that resulted in these sub-

stitutions. A rigorously tested explanation would require that field experiments be

carried out to establish their effect on fitness in nature [Schemske, 2000, Schemske

and Bradshaw, 1999]. However, patterns of genomic variation can provide a com-

plementary source of evidence for the action of natural selection on genetic variants

which are relevant to a phenotype of interest [Tiffin and Ross-Ibarra, 2014]. The

robustness of any given metric or model for the signature of natural selection de-
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pends on well-conceived theory that describes both the conditions under which the

signature is detectable as well as any non-selective processes that can explain the

pattern. This observational approach has been a driver of both theoretical and em-

pirical research which aims to implicate loci responsible for genetic incompatibilities

that decrease fitness among hybrids in nature [Barton, 1979, Barton and Hewitt,

1985, Endler, 1973, White, 1968].

Hybrid zones are thought to present a useful situation where the interaction

between gene flow and natural selection can leave identifiable patterns associated

with genetic incompatibilities in genomic data [Harrison and Larson, 2016, Payseur,

2010, Payseur and Rieseberg, 2016]. Historically, most work on this problem has

relied on using differences in allele frequencies across the hybrid zone while ignoring

patterns of linkage disequilibrium among neighboring sites [Barton and Hewitt, 1985].

More recently, increased access to sequencing technology has prompted the use of

methods which can infer local ancestry across the genomes of admixed individuals

[Gompert and Buerkle, 2013]. In this regard, population genetic inference has made

a significant shift toward developing models which leverage this information for a

variety of purposes. Several models aim to infer the migration history between

genetically distinct populations using the length of ancestry tract lengths among

admixed individuals [Gravel, 2012, Harris and Nielsen, 2013, Hellenthal et al., 2014,

Liang and Nielsen, 2014, Loh et al., 2013, Patterson et al., 2012, Pool and Nielsen,

2009, Price et al., 2009, Sedghifar et al., 2015]. As the primary intention of these

approaches has been to focus on populations within a species, there is a lack of work

which aims to describe the effect of genetic incompatibilities which commonly arise
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between species after a prolonged period of geographic isolation.

Theory with formal treatment of genetic incompatibilities and ancestry tracts

has been slow to accumulate, in large part due to the large parameter space of both

migration histories and genetic architectures that may contribute to reduced fitness

in hybrid individuals. As a result, forward simulations of whole chromosomes under

differing migration and selection regimes have been used to describe some general

patterns [Gompert et al., 2012, Lindtke and Buerkle, 2015, Schumer and Brandvain,

2016]. In a few of these cases, the primary goal is to describe the conditions which

may account for the heterogeneous patterns of genomic differentiation which have

been widely observed across hybrid zones [Harrison and Larson, 2016]. For example,

Gompert et al. [2012] focus on describing differences in both the number of contribut-

ing loci and the mechanism of their effect through either underdominance at single

loci or two-locus epistasis. They also introduce a formalized approach to identify

outlier loci responsible for reduced hybrid fitness using allele frequency clines across

the genome. Lindtke and Buerkle [2015] pay particular attention to two-locus models

of genetic incompatibilities and compare the relative efficiency with which different

kinds of epistatic interactions can maintain genomic differentiation in a hybrid zone

under both high and low migration.

In an effort to make use of ancestry tract lengths rather than allele frequencies

at individual loci, Sedghifar et al. [2015] derive a null expectation for the length

of ancestry tracts in a geographic context where distance from the contact zone

of two genetically distinct populations is explicitly modeled. They then provide a

likelihood function which they use to infer the age of the contact zone, or time at
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which admixture between the populations began. Sedghifar et al. [2016] extends this

spatially-explicit framework further to model the mean ancestry tract length which

is contiguous with an under-dominant locus.

Another approach that uses local ancestry inference to identify genetic incompat-

ibilities relies on computing correlations in ancestry among pairs of loci in a hybrid

zone [Schumer et al., 2014]. Schumer and Brandvain [2016] use simulation to demon-

strate how selection against incompatible alleles at two loci can lead to a positive

correlation in species ancestry at those loci. They find good power to identify these

associations for genetic architectures that feature ubiquitous selection against derived

and ancestral allele combinations. The intuition for this pattern is that genotypes

with the same ancestry at both loci are the only genotypes with high fitness, such

that an over-representation of ancestry at those loci relative to background levels of

linkage disequilibrium (LD) should lead to an identifiable signal. For genetic archi-

tectures that only feature strong selection against derived allele combinations, they

find much less power to identify significant pairs.

The variety of approaches and data available to study this problem have prompted

a few questions of where to proceed next. We first describe a few of the well-

studied genetic architectures for two-locus genetic incompatibilities as well as others

that have received less attention but which have also been identified in nature. We

then present a model to compute the expected distribution of ancestry tract lengths

around incompatibility loci.
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4.2.1 Two-Locus Genetic Incompatibilities

The two-locus fitness matrix provides a useful representation of different genetic ar-

chitectures which might contribute to genetic incompatibility between species (Fig-

ure 4.1 and Table 4.1). Much of our current understanding for how relevant any

of these genetic architectures might be in nature has been driven by theoretical ar-

guments and simulations. There are, however, a modest number of examples in a

variety of species which have hinted at the potential importance of meiotic drive

and neutral (or nearly neutral) causes for the fixation of incompatible substitutions

[Maheshwari and Barbash, 2011, Presgraves, 2010, Sweigart and Willis, 2012].

bb (B1B1) Bb (B1B2) BB (B2B2)
aa (A1A1) 1 1− saha 1− sa
Aa (A1A2) 1− seh1 1− seh0 1− saha
AA (A2A2) 1− se 1− seh1 1

Table 4.1: Genotype fitnesses for the DMI and symmetric incompatibility models.
The first pairs of bold letters are DMI model genotypes and the genotypes in paren-
theses indicate the symmetric model. sa and se denote the selection coefficient
against the ancestral and incompatible alleles, respectively. ha, h0 and h1 denote
the dominance effects of ancestral, double-heterozygotes and single-heterozygotes,
respectively.

The most well-known model is described in Dobzhansky [1937] in which allele

substitutions fix at two different loci among populations that are geographically

isolated. The top row in Figure 4.1 shows a range of possible fitness matrices that

might result from this scenario, also known as the Dobzhansky-Muller incompatibility

model (DMI). If we denote the ancestral genotype as aaBB in all of these cases, then

the derived genotypes before coming into secondary contact are aabb and AABB.
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We chose these example matrices to emphasize diversity of fitness configurations that

might result from this model. The fitness matrix in Figure 4.1a is an example where

the the derived substitutions were fixed by positive selection, such that the ancestral

genotype suffers a fitness cost. Figures 4.1a and 4.1b are examples where the derived

alleles interact dominantly; whereas in Figure 4.1c, derived alleles interact recessively.

  

bb Bb BB bb bbBb BbBB BBaaAaAAB1B1B1B2B2B2

(a)

(d) (e) (f)

(b) (c)

Sy mme t
r ic

DM I

A1A1A1A2A2A2

FitnessLow
High

B1B2 B1B2B2B2 B2B2B1B1 B1B1

Figure 4.1: Two-locus fitness matrices for six models of genetic incompatibility. Each
matrix includes the fitnesses of all possible two-locus genotypes where each locus is
biallelic. Shaded boxes represent genotypes with a fitness cost that varies positively
with the amount of shading. The top row of matrices are variations of the DMI model
with the aaBB genotype representing the ancestral state and the bottom row shows
variations of a symmetric incompatibility model. For both rows, the dominance effect
of derived substitutions decreases from left to right.

Lindtke and Buerkle [2015] draw attention to a different model of genetic incom-
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patibility where allele substitutions occur at two loci in both populations leading

to a symmetric pattern of fitnesses between the two derived genotypes A1A1B1B1

and A2A2B2B2 (Figure 4.1d, 4.1e, 4.1f). Their results suggest that this mechanism

could provide a better explanation for the observed patterns of genetic differentiation

that occur at extended genomic distances between species that hybridize [Harrison

and Larson, 2016]. Regulatory interactions between a transcription factor encoded at

one locus and the corresponding binding site at a second locus would be one scenario

consistent with this model. Seehausen et al. [2014] note that this model could also be

common in meiotic drive scenarios where a substitution that promotes biased trans-

mission of a selfish genetic element at one locus is counteracted by a substitution at

a second locus which restores unbiased inheritance. The bottom row in Figure 4.1

shows a range of possible fitness matrices under this model, where the left-most ma-

trix results from dominant substitutions which interfere between haplotypes, and the

right most matrix results from recessive substitutions. Simulated data in Figure 4.2

(using the software dfuse from Lindtke and Buerkle [2015]) illustrates the effect of

the DMI model in Figure 4.1b where selection against derived alleles leads to a bias

towards the ancestral genotype (aaBB) of recombined ancestries.

In the following section, we first review an approach taken by Gravel [2012] to

model the distribution of ancestry tract lengths across the genomes of an admixed

population. We then describe the framework for our own extension to this approach

which aims to model the distribution of ancestry tract lengths that are contiguous

with a locus undergoing epistatic interactions according to any of the incompatibility

scenarios outlined above.
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Figure 4.2: Haplotype data simulated using the software dfuse with the fitness ma-
trix in Figure 4.1b. The forward-in-time simulation begins with two infinite source
populations contributing equal fractions of ancestry (0.5) to a target population of
100 individuals 30 generations in the past. Each generation to the present follows
a Wright-Fisher model, whereby both source populations contribute a fraction of
individuals m to the target population. In this case m = 0.1. Recombination occurs
uniformly along the chromosome at rate 1 crossover per chromosome per generation.
After recombination, individuals are removed from the population according to a
specified fitness matrix. The parameter values defined in Table 1 take the following
values: sa = 0, se = 0.9, h1 = 1, h0 = 1, and ha = 0. The interacting loci are
indicated by the vertical dotted lines.

4.3 Model Description

4.3.1 Tract Length Distributions Under Neutral Admixture

Gravel [2012] defines a Markov chain along a chromosome with transition rates
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between both an ancestry state variable, p, and the time, t, at which ancestry

p arrives in a hybrid population. Consider the demography of a sample up to

the first hybridization event T generations ago, where each generation is labeled

s ∈ {0, 1, 2, ..., T − 1}. Let mp(t) denote the fraction of individuals in the target

population replaced by individuals from source population p at time t. m(t) is the

total fraction of individuals in the target population replaced by migrants in gen-

eration t where
∑
pmp(t) ≤ 1. Moving along a chromosome from any point, the

probability of encountering state (p, t) after a recombination event that occured at

generation τ is

P (p, t|τ) = mp(t)
t−1∏

t′=τ+1

(1−m(t′)). (4.1)

τ is uniformly distributed on (1, t− 1), so the discrete transition probabilites can be

expressed as

R(p, t→ p′, t′) =

min(t,t′)−1∑
τ=1

P (p′, t′|τ)

(t− 1)
(4.2)

To get the continuous transition rate, one can multiply the discrete transition rate

by the continuous overall transition rate t − 1. This follows from the fact that a

recombination event occurs at each generation such that probability of observing an

ancestry junction depends on the number of generations since admixture:

Q(p, t→ p′, t′) = mp′(t
′)
min(t,t′)−1∑

τ=1

t′−1∏
s=τ+1

(1−m(s)). (4.3)
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Using Q, one can compute the tract length distribution for a given ancestry. Q is

first uniformized to adjust self-transition probabilities such that the total transition

rate from each state is equal to the rate of the state with the highest transition rate,

Q0 [Stewart, 1994]. One can then compute the distribution of the number of steps

spent in a particular ancestry, {bn}n=1,...,Λ, up to a cutoff Λ, where
∑Λ
i=1 bi ≈ 1.

{bn}n=1,...,Λ is computed by multiplying the state vector with the transition matrix

for Λ iterations while recording the amount of probability absorbed by the non-p

ancestries at each step. The Erlang distribution models the length of a trajectory, l,

with k steps as:

Ek,Q0
(l) =

Qk0l
k−1e−Q0l

(k − 1)!
(4.4)

This leads to the tract length distribution:

φ(l) =
Λ+1∑
k=1

bk Ek,Q0
(l) (4.5)

4.3.2 A Locus-Specific Tract Length Distribution With Selection

Equation 4.5 describes the length of tracts in a way that is not locus specific. We

are interested in how the effects of purifying selection against alleles at two loci

under negative selection, according to the incompatibility models described above,

may skew the tract length distribution. More specifically, we want to model the

distribution of ancestry tracts lengths that are contiguous with a negatively selected

allele on a chromosome. In this case, the probability of observing a transition, or

recombination event, depends on its recombination distance from the incompatibility
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loci of interest.

We define the number of basepairs between loci A and B to be v+w = L, where v

is the number of basepairs from the A locus to the vth position and w is the number

of basepairs from position v + 1 to L (Figure 4.3). We extend the transition matrix

Q in equation (3) such that each value of v denotes a new Qv by multiplying each

transition rate by the probability, Ψτ
v , that an ancestry junction which arises at time

τ at position v survives to the present:

Qv(p, t→ p′, t′) = mp′(t
′)
min(t,t′)−1∑

τ=1

Ψτ
v

t′−1∏
s=τ+1

(1−m(s)). (4.6)

Equation 4.6 is computed as a function of the sequence of genotypic backgrounds the

junction encounters each generation to the present. Using a two-allele model, let A

and a refer to alternative alleles at the locus of interest, and alleles B and b refer to

the second locus located at some distance away from the A locus. We can define a

state space, S, of two-locus genotypes in which the junction can exist:
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S =



AB|ab

AB|Ab

AB|aB

AB|AB

Ab|ab

Ab|Ab

Ab|aB

Ab|AB

aB|ab

aB|Ab

aB|aB

aB|AB

ab|ab

ab|Ab

ab|aB

ab|AB

ε


where the bold pair of alleles refers to the chromosome on which the junction resides.

In cases where the interacting loci are on different chromosomes, the bold alleles refer

to the genomic complement from which the junction is inherited.

Let P
t,t−1
v be a symmetric 17× 17 transition matrix among the states in S from

time t to t−1 for a junction at the vth position. The transition probabilities in P
t,t−1
v
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depend on the fitness of genotypes carrying the junction, ω, the recombination rate

between the interacting loci, r, and the frequency of possible gametes with which to

pair in the hybrid population at time t− 1: xt−1
1 , xt−1

2 , xt−1
3 , xt−1

4 . Let x1, x2, x3,

x4 refer to the frequencies of gametes AB, Ab, aB and ab, respectively. Gamete

frequencies are computed numerically by simulation [Gavrilets 1997, Appendix A.5].

Let ωi denote the marginal fitness of gamete i where ω1, ω2, ω3, ω4 refer to gametes

AB, Ab, aB and ab, respectively. Let ωij refer to the fitness of an individual with

gametes i and j. Figure 4.3 provides some intuition for how the following transition

probabilities in P
t,t−1
v are computed.

  

A Bv
a b
A ba b

junction
w

Figure 4.3: A visual description of the transition probability P
t,t−1
1,5 . For the first

state in S, AB|ab, the transition probability to state Ab|ab, is a product of the
probability that the bold haplotype (AB) is chosen (0.5), a recombination event
occurs between the junction and locus B, r w

v+w , the recombined gamete gets paired
with gamete x4 at time t− 1, and the individual with genotype Ab|ab survives, ω14.
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Pt,t−1
1,j =



.5ω14(1− r)xt−14 if j = 1;

.5ω14(1− r)xt−12 if j = 2;

.5ω14(1− r)xt−13 if j = 3;

.5ω14(1− r)xt−11 if j = 4;

.5ω14r
w

v+wx
t−1
4 if j = 5;

.5ω14r
w

v+wx
t−1
2 if j = 6;

.5ω14r
w

v+wx
t−1
3 if j = 7;

.5ω14r
w

v+wx
t−1
1 if j = 8

.5ω14r
v

v+wx
t−1
4 if j = 9;

.5ω14r
v

v+wx
t−1
2 if j = 10;

.5ω14r
v

v+wx
t−1
3 if j = 11;

.5ω14r
v

v+wx
t−1
1 if j = 12

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
1,j if j = 17

(4.7)
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Pt,t−1
2,j =



.5ω12(((1− r)xt−14 ) + (r v
v+wx

t−1
4 )) if j = 1;

.5ω12(((1− r)xt−12 ) + (r v
v+wx

t−1
2 )) if j = 2;

.5ω12(((1− r)xt−13 ) + (r v
v+wx

t−1
3 )) if j = 3;

.5ω12(((1− r)xt−11 ) + (r v
v+wx

t−1
1 )) if j = 4;

.5ω12r
w

v+wx
t−1
4 if j = 5;

.5ω12r
w

v+wx
t−1
2 if j = 6;

.5ω12r
w

v+wx
t−1
3 if j = 7;

.5ω12r
w

v+wx
t−1
1 if j = 8

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
2,j if j = 17

(4.8)
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Pt,t−1
3,j =



.5ω13(((1− r)xt−14 ) + (r w
v+wx

t−1
4 )) if j = 1;

.5ω13(((1− r)xt−12 ) + (r w
v+wx

t−1
2 )) if j = 2;

.5ω13(((1− r)xt−13 ) + (r w
v+wx

t−1
3 )) if j = 3;

.5ω13(((1− r)xt−11 ) + (r w
v+wx

t−1
1 )) if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω13r
v

v+wx
t−1
4 if j = 9;

.5ω13r
v

v+wx
t−1
2 if j = 10;

.5ω13r
v

v+wx
t−1
3 if j = 11;

.5ω13r
v

v+wx
t−1
1 if j = 12

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
3,j if j = 17

(4.9)
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Pt,t−1
4,j =



.5ω11(((1− r)xt−14 ) + (rxt−14 )) if j = 1;

.5ω11(((1− r)xt−12 ) + (rxt−12 )) if j = 2;

.5ω11(((1− r)xt−13 ) + (rxt−13 )) if j = 3;

.5ω11(((1− r)xt−11 ) + (rxt−11 )) if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
4,j if j = 17

(4.10)
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Pt,t−1
5,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

.5ω24(((1− r)xt−14 ) + (r w
v+wx

t−1
4 )) if j = 5;

.5ω24(((1− r)xt−12 ) + (r w
v+wx

t−1
2 )) if j = 6;

.5ω24(((1− r)xt−13 ) + (r w
v+wx

t−1
3 )) if j = 7;

.5ω24(((1− r)xt−11 ) + (r w
v+wx

t−1
1 )) if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

.5ω24r
v

v+wx
t−1
4 if j = 13;

.5ω24r
v

v+wx
t−1
2 if j = 14;

.5ω24r
v

v+wx
t−1
3 if j = 15;

.5ω24r
v

v+wx
t−1
1 if j = 16

1−
∑16

j Pt,t−1
5,j if j = 17

(4.11)
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Pt,t−1
6,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

.5ω22(((1− r)xt−14 ) + (rxt−14 )) if j = 5;

.5ω22(((1− r)xt−12 ) + (rxt−12 )) if j = 6;

.5ω22(((1− r)xt−13 ) + (rxt−13 )) if j = 7;

.5ω22(((1− r)xt−11 ) + (rxt−11 )) if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
6,j if j = 17

(4.12)
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Pt,t−1
7,j =



.5ω23r
w

v+wx
t−1
4 if j = 1;

.5ω23r
w

v+wx
t−1
2 if j = 2;

.5ω23r
w

v+wx
t−1
3 if j = 3;

.5ω23r
w

v+wx
t−1
1 if j = 4;

.5ω23(1− r)xt−14 if j = 5;

.5ω23(1− r)xt−12 if j = 6;

.5ω23(1− r)xt−13 if j = 7;

.5ω23(1− r)xt−11 if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

.5ω23r
v

v+wx
t−1
4 if j = 13;

.5ω23r
v

v+wx
t−1
2 if j = 14;

.5ω23r
v

v+wx
t−1
3 if j = 15;

.5ω23r
v

v+wx
t−1
1 if j = 16

1−
∑16

j Pt,t−1
7,j if j = 17

(4.13)
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Pt,t−1
8,j =



.5ω12r
w

v+wx
t−1
4 if j = 1;

.5ω12r
w

v+wx
t−1
2 if j = 2;

.5ω12r
w

v+wx
t−1
3 if j = 3;

.5ω12r
w

v+wx
t−1
1 if j = 4;

.5ω12(((1− r)xt−14 ) + (r v
v+wx

t−1
4 )) if j = 5;

.5ω12(((1− r)xt−12 ) + (r v
v+wx

t−1
2 )) if j = 6;

.5ω12(((1− r)xt−13 ) + (r v
v+wx

t−1
3 )) if j = 7;

.5ω12(((1− r)xt−11 ) + (r v
v+wx

t−1
1 )) if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
8,j if j = 17

(4.14)
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Pt,t−1
9,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω34(((1− r)xt−14 ) + (r v
v+wx

t−1
4 )) if j = 9;

.5ω34(((1− r)xt−12 ) + (r v
v+wx

t−1
2 )) if j = 10;

.5ω34(((1− r)xt−13 ) + (r v
v+wx

t−1
3 )) if j = 11;

.5ω34(((1− r)xt−11 ) + (r v
v+wx

t−1
1 )) if j = 12;

.5ω34r
w

v+wx
t−1
4 if j = 13;

.5ω34r
w

v+wx
t−1
2 if j = 14;

.5ω34r
w

v+wx
t−1
3 if j = 15;

.5ω34r
w

v+wx
t−1
1 if j = 16

1−
∑16

j Pt,t−1
9,j if j = 17

(4.15)
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Pt,t−1
10,j =



.5ω23r
v

v+wx
t−1
4 if j = 1;

.5ω23r
v

v+wx
t−1
2 if j = 2;

.5ω23r
v

v+wx
t−1
3 if j = 3;

.5ω23r
v

v+wx
t−1
1 if j = 4

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω23(1− r)xt−14 if j = 9;

.5ω23(1− r)xt−12 if j = 10;

.5ω23(1− r)xt−13 if j = 11;

.5ω23(1− r)xt−11 if j = 12;

.5ω23r
w

v+wx
t−1
4 if j = 13;

.5ω23r
w

v+wx
t−1
2 if j = 14;

.5ω23r
w

v+wx
t−1
3 if j = 15;

.5ω23r
w

v+wx
t−1
1 if j = 16

1−
∑16

j Pt,t−1
10,j if j = 17

(4.16)
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Pt,t−1
11,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω33(((1− r)xt−14 ) + (rxt−14 )) if j = 9;

.5ω33(((1− r)xt−12 ) + (rxt−12 )) if j = 10;

.5ω33(((1− r)xt−13 ) + (rxt−13 )) if j = 11;

.5ω33(((1− r)xt−11 ) + (rxt−11 )) if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
11,j if j = 17

(4.17)
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Pt,t−1
12,j =



.5ω13r
v

v+wx
t−1
4 if j = 1;

.5ω13r
v

v+wx
t−1
2 if j = 2;

.5ω13r
v

v+wx
t−1
3 if j = 3;

.5ω13r
v

v+wx
t−1
1 if j = 4

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω13(((1− r)xt−14 ) + (r w
v+wx

t−1
4 )) if j = 9;

.5ω13(((1− r)xt−12 ) + (r w
v+wx

t−1
2 )) if j = 10;

.5ω13(((1− r)xt−13 ) + (r w
v+wx

t−1
3 )) if j = 11;

.5ω13(((1− r)xt−11 ) + (r w
v+wx

t−1
1 )) if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16

1−
∑16

j Pt,t−1
12,j if j = 17

(4.18)
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Pt,t−1
13,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

.5ω44(((1− r)xt−14 ) + (rxt−14 )) if j = 13;

.5ω44(((1− r)xt−12 ) + (rxt−12 )) if j = 14;

.5ω44(((1− r)xt−13 ) + (rxt−13 )) if j = 15;

.5ω44(((1− r)xt−11 ) + (rxt−11 )) if j = 16;

1−
∑16

j Pt,t−1
13,j if j = 17

(4.19)
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Pt,t−1
14,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

.5ω24r
v

v+wx
t−1
4 if j = 5;

.5ω24r
v

v+wx
t−1
2 if j = 6;

.5ω24r
v

v+wx
t−1
3 if j = 7;

.5ω24r
v

v+wx
t−1
1 if j = 8

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

.5ω24(((1− r)xt−14 ) + (r w
v+wx

t−1
4 )) if j = 13;

.5ω24(((1− r)xt−12 ) + (r w
v+wx

t−1
2 )) if j = 14;

.5ω24(((1− r)xt−13 ) + (r w
v+wx

t−1
3 )) if j = 15;

.5ω24(((1− r)xt−11 ) + (r w
v+wx

t−1
1 )) if j = 16;

1−
∑16

j Pt,t−1
14,j if j = 17

(4.20)
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Pt,t−1
15,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

.5ω34r
w

v+wx
t−1
4 if j = 9;

.5ω34r
w

v+wx
t−1
2 if j = 10;

.5ω34r
w

v+wx
t−1
3 if j = 11;

.5ω34r
w

v+wx
t−1
1 if j = 12

.5ω34(((1− r)xt−14 ) + (r v
v+wx

t−1
4 )) if j = 13;

.5ω34(((1− r)xt−12 ) + (r v
v+wx

t−1
2 )) if j = 14;

.5ω34(((1− r)xt−13 ) + (r v
v+wx

t−1
3 )) if j = 15;

.5ω34(((1− r)xt−11 ) + (r v
v+wx

t−1
1 )) if j = 16;

1−
∑16

j Pt,t−1
15,j if j = 17

(4.21)
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Pt,t−1
16,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

.5ω44r
v

v+wx
t−1
4 if j = 9;

.5ω44r
v

v+wx
t−1
2 if j = 10;

.5ω44r
v

v+wx
t−1
3 if j = 11;

.5ω44r
v

v+wx
t−1
1 if j = 12

.5ω44r
w

v+wx
t−1
4 if j = 9;

.5ω44r
w

v+wx
t−1
2 if j = 10;

.5ω44r
w

v+wx
t−1
3 if j = 11;

.5ω44r
w

v+wx
t−1
1 if j = 12

.5ω44(1− r)xt−14 if j = 13;

.5ω44(1− r)xt−12 if j = 14;

.5ω44(1− r)xt−13 if j = 15;

.5ω44(1− r)xt−11 if j = 16;

1−
∑16

j Pt,t−1
16,j if j = 17

(4.22)
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Pt,t−1
17,j =



0 if j = 1;

0 if j = 2;

0 if j = 3;

0 if j = 4;

0 if j = 5;

0 if j = 6;

0 if j = 7;

0 if j = 8;

0 if j = 9;

0 if j = 10;

0 if j = 11;

0 if j = 12;

0 if j = 13;

0 if j = 14;

0 if j = 15;

0 if j = 16;

1 if j = 17

(4.23)

We can define the initial probabilities, πτ0 , of a junction in each state when it oc-

curs at a particular time τ . These probabilities will vary depending on the ancestry

of interest for the tract length distribution. Conditional on a recombination event

occurring between the two loci, the probability that the junction occurs at any par-

ticular position is uniform (1/L). If the ancestry of interest is that of the A allele,

then
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πτ0 =


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τ
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τ
4

0

0

0

0

0

0

0

0


where pτA, pτa, pτB , pτb are the allele frequencies at time τ . The probability that the

junction resides among each of the states after its origination at time τ to the present

is

πτv = πτ0

τ∏
t=0

P
t,t−1
v . (4.24)

After defining the vector η = [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1], the survival
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probability of the junction is

Ψτ
v = 1− πτvη. (4.25)

The transition matrix Qv can now be computed using Equation 4.6 for all values

of v where v ∈ {1...L}. In contrast to the transition matrix Q defined in Equation 4.3,

the set of transition matrices Qv are inhomogeneous over positions v. As a result, the

uniformization technique outlined in Stewart [1994] does not apply. However, Andr-

eychenko [2010] describes an approach to uniformize a time-inhomogeneous Markov

chain which relies on partitioning the transition matrix into time-dependent and

time-independent components. Whereas the time-homogeneous case relies on uni-

formizing by the constant transition rate of the state with the largest value, the

time-inhomogeneous case relies on using the average rate of the state with the largest

transition rate value. As before, the distribution for the number of steps in a trajec-

tory, {bn}n=1,...,Λ, can be computed and used with Equations 4.4 and 4.5 to calculate

the tract length distribution.

4.4 Discussion

The model presented above describes an approach which may prove useful in ver-

ifying the role of purifying selection against incompatible alleles in a hybrid zone.

If shown to be robust under a reasonable set of demographic scenarios and genetic

architectures for incompatibility, this model would provide an additional tool for

testing the effects of selection on candidate loci which have been identified by QTL

mapping of hybrid sterility or inviability traits [White et al., 2011]. This model could
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also be used to develop an independent test of loci identified by steep clines in allele

frequency across a hybrid zone relative to the genomic background [Gompert et al.,

2012].

There are several challenges that remain before computing expected tract length

distributions and performing inference on parameters of interest. In particular, com-

puting Qv for a large set of positions may be difficult considering the repeated sum-

mation over products in Equation 4.6, the matrix multiplication required both for

Equation 4.24 and computing {bn}n=1,...,Λ. While Gravel [2012] intended to model

admixture events which occurred relatively recently, many hybrid zones of interest

are likely to have formed more than 100 generations ago, which produces more com-

putational burden given that the state space of Qv is 2Tv. However, it is likely that

differences in the junction survival probability, Ψτ
v , beyond some value of τ becomes

negligible. The simplified two-locus, two-allele model that we consider is another

effort to reduce the parameter space of genotype fitnesses that might result from

higher-order epistasis of 3 or more loci.

Because Ψτ
v is dependent on hybrid zone gamete frequencies in a linear stepping-

stone model, deviation from this simplifying assumption will most likely affect the

results. The linear stepping-stone model which we borrow from Gavrilets [1997] can

be generalized to any number of demes between the two infinite source populations.

By implementing our model with this population structure, one could compute tract

length distributions as a function of distance from the hybrid zone in a similar spirit

to the more geography-explicit approach of Sedghifar et al. [2015, 2016].

Aside from the challenges of model misspecification, performing inference will be
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particularly difficult considering the computational burden of computing the tract

length distribution for a set of migration rates and fitness matrix parameters. Gravel

[2012] uses a maximum-likelihood scheme to identify the set of parameters that

best describe the magnitude and timing of migration events from a source into a

target population. Given that our primary interest is to infer the effects of purifying

selection, it may be more efficient to treat the migration history as a latent variable

to be marginalized over using Markov chain Monte Carlo.

Despite these challenges, our framework for computing statistical properties of

haplotypes in a hybrid zone represents one of only a few recent efforts which aim

to exploit the combination of whole-genome sequencing and dense genotyping ap-

proaches that have emerged for non-model systems. In particular, this model is the

only example that we know of for deriving locus-specific haplotype patterns under

epistatis. Given the complexity of this problem, an alternative option may be to use

simulation-based classification in a machine learning framework [Chan et al., 2018,

Schrider and Kern, 2018, Sheehan and Song, 2016]. Rather than focusing on any one

summary statistic, several summary statistics with potential relevance to purifying

selection against genetic incompatibilities could be used simultaneously. Alterna-

tively, Chan et al. [2018] describe another machine learning approach which could

instead use genotype data directly.

Regardless of the methods used to identify genomic patterns of purifying selec-

tion against incompatibility loci, this effort represents one facet of the many lines

of evidence necessary to identify and describe the causes of reproductive isolation

between species.
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CHAPTER 5

DO HELICONIUS BUTTERFLY SPECIES EXCHANGE

MIMICRY ALLELES?

Joel Smith and Marcus Kronforst

Department of Ecology and Evolution, University of Chicago, Chicago, IL

5.1 Abstract

Hybridization has the potential to transfer beneficial alleles across species bound-

aries and there are a growing number of examples in which this has apparently

occurred. Recent studies suggest that Heliconius butterflies have transferred wing

pattern mimicry alleles between species via hybridization, but ancestral polymor-

phism could also produce a signature of shared ancestry around mimicry genes. To

distinguish between these alternative hypotheses, we measured DNA sequence diver-

gence around putatively introgressed mimicry loci and compared this to the rest of

the genome. Our results reveal that putatively introgressed regions show strongly

reduced sequence divergence between co-mimetic species, suggesting that their di-

vergence times are younger than the rest of the genome. This is consistent with

introgression and not ancestral variation. We further show that this signature of

introgression occurs at sites throughout the genome, not just around mimicry genes.

99



5.2 Introduction

Genetic exchange between species is gaining ground as a potentially important source

of variation for adaptation and speciation [Abbott et al., 2013, Arnold et al., 2012,

Seehausen, 2004]. A recent paper by the Heliconius Genome Consortium demon-

strated that Heliconius butterfly species with similar mimetic wing patterns exhibit

shared ancestry around wing patterning loci, suggesting that hybridization and intro-

gression have transferred mimicry alleles from one species to another [Dasmahapatra

et al., 2012]. The results of a companion study further support this conclusion

[Pardo-Diaz et al., 2012]. However, there are two entirely distinct phenomena that

could produce a signal of shared ancestry around mimicry loci; introgression (Fig-

ure 5.1a) and shared ancestral polymorphism (Figure 5.1b). While trans-species

polymorphisms due to shared ancestral variation are widespread in nature, this al-

ternative has not been carefully considered in the case of Heliconius mimicry [Klein

et al., 1998].

The D-statistic used by the HGC to infer introgression is capable of distinguishing

biased allele sharing from random sorting of ancestral polymorphism [Durand et al.,

2011]. This test statistic uses nucleotide sites that fall into two categories: “ABBA”

and “BABA”, where each letter refers to an allele in each of four taxa. “A” refers to

the outgroup, or ancestral allele, and “B” refers to the derived allele (Supplementary

Material). ABBA and BABA configurations should occur with equal frequency in

cases where there has been no admixture between taxa and ancestral populations

mate randomly. When tallied across the genome, skew toward ABBA or BABA sites

would indicate a systematic bias in allele sharing between taxa. In cases where allele
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Figure 5.1: Sequence divergence distinguishes between ancestral polymorphism and
introgression as the source of shared haplotypes between species. (a) Introgression
predicts young divergence times between shared haplotypes resulting in (c) reduced
sequence divergence between species, as compared to the genomic background. (b)
Ancestral polymorphism predicts older divergence times resulting in (d) greater se-
quence divergence between species.
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sharing is enriched between sympatric taxa, introgression is a potential explanation.

  

Figure 5.2: Map of South America showing distributions of H. melpomene and H.
timareta used in this study.

However, ancestral polymorphism could interact with selection to give the false

appearance of introgression in a mimicry system. If an ancestral species were poly-

morphic for two mimetic wing patterns, which it then passed to each of two de-

scendant species, subsequent directional selection for local mimicry could result in

co-occurring sister species with shared mimicry phenotypes controlled by homologous

haplotypes. As an example, polymorphism in the ancestor could be the product of

co-occurring mimicry models or co-mimics, a phenomenon well-known to promote in-
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traspecific mimetic polymorphism [Joron and Mallet, 1998, Mallet and Joron, 1999].

Subsequent divergent selection could then simply be a product of shifting ranges

for one or both of the models/co-mimics. This scenario is analogous to well-studied

molecular trans-species polymorphisms such as MHC alleles and the ABO blood

group, except that variation is locally monomorphic today as a result of selection for

mimicry [Klein et al., 1998, Ségurel et al., 2012].

This alternative explanation could account for a variety of HGC results, such as

localized elevation of the D-statistic around mimicry loci and gene trees that group

taxa by mimicry phenotype as opposed to species (but it is unlikely to explain the

genome-wide elevation in the D-statistic noted between sympatric species) [Dasma-

hapatra et al., 2012]. The fact that ancestral polymorphism has not been consid-

ered as a potential explanation for shared variation around mimicry genes has been

controversial, with subsequent published work and blog discussions [Brower [2013],

http://gcbias.org/2012/05/23/journal-tea-may-21st/] calling for clarification. Heli-

conius butterflies tend to be locally monomorphic so it is difficult to imagine how a

wing pattern polymorphism could be maintained through a speciation event. How-

ever, there are multiple examples of local polymorphism in Heliconius, including one

of the focal species here, H. timareta, which has as many as four co-existing pheno-

types in Ecuador [Chamberlain et al., 2009, Joron et al., 2011, Mallet, 1999]. Here we

specifically test the hypothesis that shared mimicry phenotypes are due to ancestral

variation, as opposed to introgression, by examining DNA sequence divergence in

putatively introgressed regions of the genome.
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Figure 5.3: A Schematic of taxa distributed on the phylogeny for calculating the
D-statistic. Note that an enrichment of ABBA sites, resulting in a positive D value,
is indicative of biased allele sharing between sympatric H. melpomene amaryllis and
H. timareta ssp. nov.

5.3 Materials and Methods

We reanalyzed the HGC data, focusing on DNA sequence divergence between species.

Our approach considers the impact of introgression vs. ancestral polymorphism on

sequence divergence between shared alleles, as compared to the genomic background.
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Introgression should result in recent splitting of alleles, and low sequence divergence,

compared to the genomic background (Figure 5.1c). In contrast, ancestral poly-

morphism should result in more ancient splitting of alleles and greater sequence

divergence (Figure 5.1d). Note that a third potential explanation, convergent molec-

ular evolution, was excluded by HGC analyses but would result in mimicry allele

divergence times that match the genomic background [Dasmahapatra et al., 2012].

The HGC data consist of targeted resequencing data around two mimicry loci

(B/D and N/Yb) for two H. melpomene/H. timareta comparisons, co-mimetic H. m.

amaryllis and H. t. ssp. nov. in Peru and H. m. aglaope and H. t. florencia in Peru

and Colombia (Figure 5.2). There are also targeted resequencing data for outgroup

taxa as well as genome-wide RAD data for all taxa except H. timareta florencia. For

our analyses, we focused on sympatric H. m. amaryllis and H. timareta in Peru,

using H. m. aglaope as an allopatric comparison, because these are the samples for

which both resequencing and RAD data exist. Each ingroup taxon consists of four

individuals in the resequencing datasets and five individuals in the RAD dataset.

The silvaniform outgroup includes one individual from each of the following taxa: H.

hecale, H. numata silvana, H. ethilla, H. pardalinus sergestus, and H. pardalinus ssp.

nov. Because the D-statistic depends on identifying derived alleles that are shared

between taxa, the inclusion of multiple taxa in the outgroup provides additional

confidence in identifying ancestral alleles.

To estimate allele frequencies, we used biallelic sites having a GATK quality

score greater than 30 (99.9% accuracy) [McKenna et al., 2010]. In accordance with

the HGC analysis, only sites with at least 50% of the genotypes available for each
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of the four groups were used. Alleles were polarized with respect to the outgroup

major allele and sites with an outgroup frequency of 50% were excluded. After

filtering, the B/D, N/Yb and RAD datasets contained 55847, 79549 and 142869

SNPs, respectively.

Using fixed sites among four taxa (P1, P2, P3, and outgroup P4) at a locus with

n “ABBA” and “BABA” sites in total, Patterson’s D-statistic is calculated as:

D(P1, P2, P3, P4) =

∑n
i=1CABBA(i)− CBABA(i)∑n
i=1CABBA(i) + CBABA(i)

(5.1)

where CABBA(i) and CBABA(i) take on values of 1 or 0 for each site compatible

with an “ABBA” or “BABA” configuration, respectively. The D-statistic can be

extended to include polymorphic sites using frequency estimates (p̂i1, p̂i2, p̂i3, p̂i4)

at each site, i, for a locus with n SNPs. We followed the HGC in using this approach:

D(P1, P2, P3, P4) =

∑n
i=1 p̂i3(1− p̂i4)((1− p̂i1)p̂i2 − p̂i1(1− p̂i2))∑n
i=1 p̂i3(1− p̂i4)((1− p̂i1)p̂i2 + p̂i1(1− p̂i2))

. (5.2)

We calculated Patterson’s D-statistic in non-overlapping 5 kbp windows across the

B/D (717 kbp) and the N/Yb (1.15 Mbp) scaffolds from the H. melpomene reference

genome. We used the following four group comparison to calculate D: H. melpomene

aglaope, H. melpomene amaryllis, H. timareta ssp. nov., silvaniform outgroup (Fig-

ure 5.3). Positive D outlier windows are indicative of allele sharing between sympatric

H. m. amaryllis and H. timareta in Peru. We used a similar approach for the rest of

the genome, calculating D and divergence based on RAD data. For the genome-wide
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analysis we excluded the B/D and N/Yb regions.

Finally, we compared mean DNA sequence divergence (dxy) between the top

10% D outliers (positive values) and the remaining windows in each region. We

estimated the mean pairwise sequence divergence between taxa for a window of

length n basepairs as:

dxy =
1

n

n∑
i=1

p̂ix(1− p̂iy) + p̂iy(1− p̂ix) (5.3)

where p̂x and p̂y refer to the reference allele frequency in taxon x and y, respectively.

Note that for RAD data, sequenced loci were clustered into windows based on vari-

ants being within 5 kbp of each other and divergence was calculated by dividing by

the total basepairs in the window. For this reason, divergence estimates in Figure

2c are artificially low but internally consistent. We used Welch’s t-test to compare

divergence between outlier and background intervals.

5.4 Results

When we considered the putatively introgressed regions around two wing pattern-

ing loci, the B/D locus (which controls red patterning) and the N/Yb locus (which

controls yellow patterning), we found distinct signals of reduced divergence consis-

tent with introgression (Figure 5.4a and 5.4b). In addition, results from the HGC

suggested that introgression may also occur in parts of the genome other than these

two wing patterning loci [Dasmahapatra et al., 2012]. We scanned the genome and

identified widespread signatures of elevated D-statistic consistent with genome-wide
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introgression between H. m. amaryllis and H. timareta in Peru. When we examined

sequence divergence in these additional regions, excluding the B/D and N/Yb loci,

we again found reduced divergence indicative of introgression (Figure 5.4c).

The results reveal an additional pattern consistent with introgression. The HGC

analyses suggest that mimicry introgression may have also occurred between H. m.

aglaope and H. timareta in Colombia [Dasmahapatra et al., 2012]. Furthermore,

directionality of introgression is suspected to be from H. melpomene into H. timareta

[Pardo-Diaz et al., 2012]. If so, then our comparison between H. m. aglaope and

Peruvian timareta, in putatively introgressed regions of the genome (middle white

bars in Figure 5.4), should effectively be a comparison between aglaope and amaryllis.

The fact that this level of divergence is similar to H. m. aglaope and H. m. amaryllis

background divergence (right-most bars in Figure 5.4) lends additional support to

the introgression hypothesis.

5.5 Discussion

Hybridization is widespread among Heliconius species and previous work suggests

that this may result in interspecific gene flow [Brower, 2011, Bull et al., 2006, Kron-

forst, 2008, Kronforst et al., 2006, Mallet et al., 2007]. This, combined with examples

of mimicry between species known to hybridize, makes the mimicry introgression hy-

pothesis appealing [Brower, 1996, Gilbert, 2003, Giraldo et al., 2008]. However, the

alternative hypothesis of trans-species polymorphism due to shared ancestral varia-

tion must also be considered. This alternative explanation is relevant when it comes

to Heliconius wing patterns because H. melpomene and H. timareta are closely re-
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Figure 5.4: Sequence divergence is reduced between co-mimetic H. melpomene
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lated, having diverged 1-1.5 mya, and both species are polymorphic for the same

wing pattern variation, suggesting their common ancestor may have been so as well

[Kronforst et al., 2006]. Despite these features that make ancestral polymorphism

plausible, our results ultimately support the hypothesis that introgression has moved

mimicry alleles between Heliconius species [Dasmahapatra et al., 2012, Gilbert, 2003,

Pardo-Diaz et al., 2012]. By comparing two alternative hypotheses we are able to

substantiate this previously tentative conclusion. Furthermore, given the widespread

signatures of introgression found across the genome, it is quite likely that interspecific

gene flow has impacted aspects of Heliconius biology beyond wing patterning.
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APPENDIX

A.1 Initializing the Ancestral Haplotype for the MCMC

To decrease run times for the MCMC, we initialize the starting sequence for the

ancestral haplotype using a heuristic algorithm which exploits the decrease in poly-

morphism near the selected site. Let A0 denote the initial ancestral haplotype to be

estimated, and let the indicator variable Iij denote whether chromosome i is part of

the ancestral haplotype at site j:

Iij =

 1 if Xij = A0
j ;

0 if Xij 6= A0
j

(4)

The algorithm proceeds as follows:

1. At j = 1 all chromosomes with the beneficial allele are specified to be on the

ancestral haplotype at the selected site, i.e.
∑n
i=1 Ii1 = n and A0

j = 1.

2. Moving to the next adjacent SNP, we calculate the allele frequency, Fj , among

chromosomes on the ancestral haplotype at the previous site:

Fj =

∑n
i=1XijIi(j−1)∑n
i=1 Ii(j−1)

(5)

3. The major allele among advantageous allele carriers is assumed to be the puta-

tive ancestral allele and minor alleles are assumed to be the result of a putative

recombination event off of the ancestral haplotype in the previous SNP interval.

For j > 0,
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A0
j =

 1 if Fj > 0.5;

0 if Fj < 0.5
(6)

Because we expect there to be some rare or singleton variants on the ancestral

haplotype, singletons are removed before step 1 in an effort to improve estimates of

the ancestral haplotype at more distant sites. In addition, major and minor alleles

can’t be identified at sites with alleles at 0.5 frequency and are also removed initially.

Steps 2 and 3 are computed iteratively until reaching the end of the locus (j = L)

on both sides flanking the selected site. The sites that were removed (Fj = 0.5

and singletons) are then added back in and take values of Iij from Iij+1. A0
j for the

added sites are computed using equations 12 and 13. At sites for which
∑n
i=1 Ii1 = 0,

A0
j = Binomial(1, Pj), where Pj = 1

n

∑n
i=1Xij . After getting the initial estimate

A0
j , the MCMC is run and evaluated for convergence by visual inspection of trace

plots.

A.2 Modeling Singletons and Invariant Sites on

Background Haplotypes

We implemented an approach for modeling invariant sites on the background haplo-

types among carriers of the beneficial allele, the accuracy of which are summarized

in Table S.8 (Appendix A.4). This portion of the likelihood is denoted βiw in the

model description (Equation 2.5), and corresponds to the Li and Stephens [2003]

haplotype copying model. The original formulation of this model ignores invariant
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sites, which is equivalent to assuming the probability of observing them is 1. We

modified our likelihood by first noting that, under the star genealogy assumption, all

variants which are found in the carrier panel but absent in the reference panel should

be singletons. Thus we can estimate the probability of a invariant site by considering

the rate of singletons in the reference panel. Specifically, we estimate the probability

as 1 − (S/nL), where S is the number of singletons in the reference panel, n is the

number of reference panel haplotypes and L is the number of basepairs at the locus.

For a given haplotype i and SNP w in βiw, the probability of observing d invariant

sites is (1− (S/nL))d (Model B in Table S.8, Appendix A.4).

Despite this attempt to more accurately model the background haplotypes in the

carrier panel, we did not find any consistent improvement in bias or accuracy.
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A.3 Chapter 2 Supplementary Figures
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Figure S.1: Effect of mis-specifying rho. Accuracy results for 3 different values of
rho used in the Li and Stephens [2003] copying model for background haplotypes.
All other parameter values are identical to Figure 2.2. The divergence value of 0
refers to a local reference panel. Allele frequency refers to the end frequency of the
beneficial allele trajectory.
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Figure S.2: Effect of beneficial allele carrier sample size. Accuracy results for 3
different sample sizes for the panel of haplotypes carrying the beneficial allele. The
selection strength for all simulations was set to 0.01. All other parameter values are
identical to Figure 2.2. Allele frequency refers to the end frequency of the beneficial
allele trajectory.
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Figure S.3: Effect of reference panel sample size. Accuracy results for 3 different
sample sizes for the reference panel of haplotypes without the selected allele. The
selection strength for all simulations was set to 0.01. All other parameter values are
identical to Figure 2.2. Allele frequency refers to the end frequency of the beneficial
allele trajectory.
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Figure S.4: Effect of mis-specifying the mutation and recombination rates. Accuracy
results for varying degrees of mutation and recombination rate misspecification. In
both panels, the parameter values on the x-axis were used both for simulation and
inference. For the colored boxplots, the true values are in white (1.1×10−8) and the
colors refer to different degrees of misspecification used for inference. Simulations
were performed with a local reference panel and a selection strength of 0.01. All
other parameter values are identical to Figure 2.2.
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Figure S.5: Effect of resampling subsets of complete data. Estimated accuracy and
among independent MCMC runs for different resampling schemes. Frequency tra-
jectories were simulated to an end frequency of 0.1. Under each 2Ns value and
resampling scheme indicated in the legend, 20 data sets were simulated and infer-
ence was performed on the 5 replicate MCMCs. In each simulation, the full dataset
includes sample sizes of 100 for the selected and reference panels. Inference for each
replicate was then performed on 50 selected haplotypes and 20 reference haplotypes
according to the sampling scheme in the legend. Normalized RMSE values are cal-
culated using the estimates and true TMRCA value, while the standard deviations
are calculated using the estimates and their mean.
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Figure S.6: Comparison to heuristic estimates. We compared our TMRCA estimator
(joint estimator) to an estimate which uses the mean length of haplotype lengths and
another estimate which uses number of derived mutations on the ancestral haplotype.
In all simulations a selection strength of 0.01 was used. All other parameter values
are identical to Figure 2.2. Frequency refers to the end frequency of the beneficial
allele trajectory.
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Figure S.7: Comparison of fine-scale and Mbp-scale recombination maps. A compar-
ison between estimates made using the fine-scale Decode recombination map (gray)
and a uniform recombination rate (red and blue). The uniform recombination rate
used for each gene is the mean rate for the 1Mb region around each variant indi-
cated by the rs number. Five replicate MCMCs were performed for each variant and
population by resampling the selected and reference panels with replacement.
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Figure S.8: Comparison of TMRCA estimates and previous estimate approaches.
Results from Figure 2.2 sorted into different plots for different variants. Previous
estimates are colored by an abbreviated description of the type of information used in
the data. The blue violin plots in the KITLG/OCA2 plot are estimates for the OCA2
variant. The purple and orange previous estimates for CHB in the KITLG/OCA2
plot refer to OCA2 and KITLG, respectively.
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Figure S.9: Traces of MCMC results from simulated data. Results from Figure 2.2
for data simulated in a single population using a local reference panel. Each plot
is the result of MCMC runs performed on 100 simulated data sets. The simulated
parameter values in the left plot represent the oldest TMRCAs and those in the right
are the youngest.
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Figure S.10: Effects of non-equilibrium demographic history on estimate accuracy.
A comparison of estimate accuracy and credible interval ranges using data simulated
under the European demographic history inferred by Tennessen et al. [2012] and a
constant population size model. To decrease computation time, we used a present
day population size of 150,000 rather than 500,000. All relative changes in growth
rate and bottleneck sizes are identical to those inferred by Tennessen et al. [2012].
We used a local reference panel for both demographic histories, and other parameter
values are identical to those used for Figure 2.2 in the main text.
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A.4 Chapter 2 Supplementary Tables

Selection Strength Frequency TMRCA

0.005 0.1 525
0.005 0.3 789
0.005 0.6 1030
0.005 0.9 1411
0.01 0.1 322
0.01 0.3 461
0.01 0.6 596
0.01 0.9 772
0.05 0.1 94
0.05 0.3 120
0.05 0.6 144
0.05 0.9 179

Table S.1: Simulated TMRCA values (mean generations). These are mean TMRCA
values from simulations using 3 selection strengths and 4 ending frequencies for the
beneficial allele. Each mean TMRCA is computed with 300 simulations.

124



Abbreviation Sample

CHB Han Chinese in Bejing, China
JPT Japanese in Tokyo, Japan
CHS Southern Han Chinese
CDX Chinese Dai in Xishuangbanna, China
KHV Kinh in Ho Chi Minh City, Vietnam
CEU Utah Residents with Northern and Western European Ancestry
TSI Toscani in Italia
FIN Finnish in Finland
GBR British in England and Scotland
IBS Iberian Population in Spain
YRI Yoruba in Ibadan, Nigeria
LWK Luhya in Webuye, Kenya
GWD Gambian in Western Divisions in the Gambia
MSL Mende in Sierra Leone
ESN Esan in Nigeria
GIH Gujarati Indian from Houston, Texas
PJL Punjabi from Lahore, Pakistan
BEB Bengali from Bangladesh
STU Sri Lankan Tamil from the UK
ITU Indian Telugu from the UK

Table S.2: Sample abbreviations for the 1000 Genomes Project panel.
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Mbp-Scale Rec. Map Fine-Scale Rec. Map

Gene Pop. tca (years) 95% C.I. tca (years) 95% C.I.

KITLG FIN 18733 16675 - 20816 26343 21185 - 31439
KITLG MSL 22339 15723 - 28949 20244 15042 - 26063
KITLG LWK 22783 17921 - 28011 24200 16839 - 30730
KITLG KHV 24544 21643 - 27192 26697 22249 - 31526
KITLG ESN 26254 22854 - 29657 31791 26440 - 36543
KITLG TSI 26427 24109 - 28905 22776 18379 - 27588
KITLG CHS 26535 23456 - 29651 28396 23284 - 33294
KITLG CHB 26772 24297 - 30141 28968 24451 - 34718
KITLG GBR 26785 23841 - 29252 36132 31410 - 41697
KITLG GWD 27669 21900 - 33664 25833 20134 - 32433
KITLG ITU 28093 24607 - 31040 280906 24212 - 32250
KITLG CDX 28362 25128 - 31245 29010 24457 - 33869
KITLG JPT 28636 26351 - 31139 31634 27551 - 36471
KITLG GIH 29029 25862 - 32439 28935 24599 - 33752
KITLG IBS 29730 26169 - 32812 25373 21393 - 30031
KITLG CEU 31287 27866 - 34512 34009 29818 - 38072
KITLG STU 32021 8243 - 36318 27693 23968 - 32516
KITLG BEB 32030 29000 - 34975 34375 29254 - 39578
KITLG PJL 33719 30137 - 37310 31384 26814 - 36005
KITLG YRI 33947 28861 - 39098 44437 36047 - 54074
EDAR FIN 17386 13887 - 20794 20176 15053 - 25838
EDAR BEB 18370 14325 - 22871 18418 13680 - 25409
EDAR CHB 22192 19682 - 25735 19262 16921 - 21521
EDAR JPT 23508 21595 - 25644 25730 23096 - 28826
EDAR CHS 24058 22005 - 26678 24813 22493 - 27204
EDAR CDX 24360 21572 - 27044 24346 21214 - 28019
EDAR KHV 25683 23169 - 28379 12686 11001 - 14645

Table S.3: TMRCA estimates from the 1000 Genomes Project panel using the Mbp
and fine-scale recombination rate. These results represent the distributions with
the highest posterior probability among the 5 replicates shown with transparency in
Figure 2.2 and Figure S.8 in Appendix A.3. All estimates are scaled to a generation
time of 29 years.
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Mbp-Scale Rec. Map Fine-Scale Rec. Map

Gene Pop. tca (years) 95% C.I. tca (years) 95% C.I

OCA2 KHV 16370 14439 - 18102 26904 22093 - 32402
OCA2 CHS 17316 14913 - 19799 26377 21217 - 31921
OCA2 CHB 17838 15336 - 20174 25159 20764 - 29688
OCA2 CDX 18083 6231 - 20253 28644 24241 - 33819
OCA2 JPT 18598 16110 - 20785 31582 27875 - 35522
ADH1B KHV 10841 9720 - 12147 11186 9503 - 12862
ADH1B CHS 12101 10668 - 13479 15352 12969 - 17974
ADH1B CDX 12176 10678 - 136992 13568 11183 - 15941
ADH1B JPT 13996 12670 - 15278 18317 15995 - 20911
ADH1B CHB 15377 13763 - 17281 13526 11280 - 16210
LCT BEB 6869 5143 - 8808 7971 5893 - 10443
LCT FIN 7545 6982 - 8112 10332 9349 - 11427
LCT ITU 7795 6199 - 9419 8972 7043 - 11015
LCT TSI 7936 6616 - 9435 8630 70843 - 10230
LCT STU 8197 6167 - 10338 7671 5205 - 10364
LCT GBR 8412 7754 - 9084 8185 7111 - 9226
LCT CEU 8662 80642 - 9340 10701 9579 - 11839
LCT GIH 8732 7724 - 9921 9926 8596 - 11379
LCT IBS 9341 8687 - 9988 7593 6602 - 8681
LCT PJL 9514 8596 - 10382 9500 8511 - 10618

Table S.4: Continued.
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Gene Population Years Before Present Estimate Information Reference

LCT CEU 8560 (7328 - 9861) t1 LD, freq. Chen et al. [2015]
LCT CEU 7466 (5516 - 11019) t1 LD, mut., freq. Nakagome et al. [2016]
LCT CEU 9277 (4021 - 21102) t1 LD, mut., freq. Tishkoff et al. [2007]
LCT CEU 13246 (2538 - 23954) tca LD Bersaglieri et al. [2004]
LCT Finland 2791 (1885 - 3698) tca LD Bersaglieri et al. [2004]
LCT Finland 5921 (5266 - 6576) tca mut. Enattah et al. [2008]
LCT Finland 6177 (5209 - 7145) tca mut. Enattah et al. [2008]
LCT Finland 6119 (5655 - 6542) tca LD Enattah et al. [2007]
LCT Finland 9425 (4350 - 18125) tca LD Coelho et al. [2005]
LCT Finland 7155 (77 - 26293) tca mut. Enattah et al. [2007]
LCT Finland 10730 (0 - 39440) tca mut. Coelho et al. [2005]
LCT Italy 9645 (3990 - 32120) tca LD Coelho et al. [2005]
LCT Italy 23710 (5000 - 66120) tca mut. Coelho et al. [2005]
LCT Portugal 10869 (6890 - 19940) tca LD Coelho et al. [2005]
LCT Portugal 21959 (4489 - 62199) tca mut. Coelho et al. [2005]
LCT Finland 12992 (1740 - 75284) t1 LD, mut., freq. Peter et al. [2012]
LCT European 8632 (7257 - 10020) t1 spatial Itan et al. [2009]

Table S.5: Previous allele age point estimates and 95% confidence intervals for the loci considered in this
study. All estimates are scaled to a generation time of 29 years and, where possible for SNP data, scaled to
a mutation rate of 1.6× 10−8. For the times estimated in each case, t1 refers to the time of mutation, tca is
time to the common ancestor and tfix is time since fixation [Przeworski, 2003].
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Gene Population Years Before Present Estimate Information Reference

KITLG Portugal 32277 (6003 - 80683) t1 LD, mut., freq. Beleza et al. [2013b]
KITLG Han Chinese 32045 (6032 - 98165) t1 LD, mut., freq. Beleza et al. [2013b]
KITLG CEU 26386 (16846 - 56928) t1 LD, freq. Chen et al. [2015]
OCA2 Han Chinese 17056 (12912 - 25246) t1 LD, freq. Chen et al. [2015]
ADH1B East Asians 4060 (2320 - 5800) tca mut. Li et al. [2011]
ADH1B East Asians 10026 (8512 - 11540) tca LD Peng et al. [2010a]
ADH1B Han Chinese 8957 (1533 - 34618) t1 LD, mut., freq. Peter et al. [2012]
EDAR East Asians 8666 (914 - 59711) tfix LD, mut. Bryk et al. [2008]
EDAR Han Chinese 8463 (3192 - 32443) t1 LD, mut., freq. Peter et al. [2012]
EDAR Han Chinese 35873 (15283 - 45907) t1 freq. spec. Kamberov et al. [2013]
EDAR Han Chinese 42328 (40339 - 44317) t1 freq. spec. Kamberov et al. [2013]

Table S.6: Continued

129



startmrca

local ref. panel diverged ref. panel Chen et al. [2015] ForSim IS-Age

Mean RMSE Mean RMSE Mean RMSE Mean RMSE Mean RMSE
Freq = 80%

s = 0.005 -0.4786 0.5638 -0.1365 0.3186 -0.0410 0.3637 -1.2113 1.2313 0.0330 0.7255
s = 0.01 -0.3830 0.4657 0.0132 0.3014 -0.0190 0.3053 -0.2830 0.4125 -0.0984 0.6384
s = 0.05 -0.3074 0.4044 0.0027 0.3289 0.1469 0.3253 1.7866 1.8039 0.2719 0.4296

Freq = 40%
s = 0.005 -0.5070 0.5882 -0.1607 0.3801 -0.0450 0.7080 -0.4826 0.6284 -0.3158 0.6331
s = 0.01 -0.3198 0.4294 -0.0132 0.2897 -0.0621 0.5949 0.2720 0.4275 -0.1586 0.8631
s = 0.05 -0.2009 0.3731 -0.0024 0.3497 0.2884 0.6554 2.1822 2.1994 0.4936 0.6391

Table S.7: Comparison of accuracy and bias results between our estimator “startmrca” and previously re-
ported results from Chen et al. [2015] under different end frequencies (Freq) and selection strengths (s). Root
mean squared errors (RMSE) and means were computed using log2(Estimated/True) TMRCA values. Results
in bold indicate the method with lower RMSE values than the others. Simulations were matched to include
a sample size of 200 haplotypes of length 1Mbp with a mutation and recombination rate of 1 × 10−8. The
diverged reference panel is sampled from a population that split with the beneficial allele carrier population
.5N generations in the past. ForSim is the forward simulation method by Beleza et al. [2013a]; and IS-Age is
the importance sampling-based method by Chen and Slatkin [2013].
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Model A Model B

Reference Panel Selection Frequency Mean RMSE Mean RMSE
Diverged 0.005 0.4 -0.16070 0.38010 -0.17842 0.38143
Diverged 0.01 0.4 -0.01320 0.28970 -0.00003 0.34665
Diverged 0.05 0.4 -0.00240 0.34970 0.03975 0.40088
Diverged 0.005 0.8 -0.13650 0.31860 -0.16190 0.33011
Diverged 0.01 0.8 0.01320 0.30140 0.05729 0.28370
Diverged 0.05 0.8 0.00270 0.32890 0.04515 0.36350

Local 0.005 0.4 -0.50700 0.58820 -0.52444 0.61450
Local 0.01 0.4 -0.31980 0.42940 -0.35912 0.44024
Local 0.05 0.4 -0.20090 0.37310 -0.23170 0.37473
Local 0.005 0.8 -0.47860 0.56380 -0.52219 0.60239
Local 0.01 0.8 -0.38300 0.46570 -0.44445 0.50871
Local 0.05 0.8 -0.30740 0.40440 -0.30716 0.40357

Table S.8: Comparison of accuracy and bias results between different approaches for
modelling invariant sites among background haplotypes in the carrier panel (βiw).
Model A refers to the original Li and Stephens [2003] model. Model B uses the
singleton rate in the reference panel (see Appendix A.2). As in Table S.7, root mean
squared errors (RMSE) and means were computed using log2(Estimated/True) TM-
RCA values. Results in bold indicate the model with lowest RMSE value. Frequency
refers to the end frequency of the beneficial allele trajectory.
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Posterior Bootstraps

Mean 95% C.I. Mean 95% C.I.

Freq = 80%
s = 0.01 728 (643 - 813) 721 (623 - 838)
s = 0.1 76 (62 - 90) 77 (67 - 88)

Freq = 40%
s = 0.01 388 (345 - 434) 413 (360 - 485)
s = 0.1 52 (43 - 62) 53 (44 - 64)

Table S.9: Bootstrap Estimate Comparisons. Comparison of TMRCA estimates from
posterior results of simulated data versus estimates from 100 bootstrap replicates of
those same datasets. For each dataset, we simulated 100 beneficial allele carriers
and 20 non-carriers for the reference panel. Bootstrap replicates were generated by
resampling among the beneficial allele carriers. We used mutation and recombination
rates of 1× 10−8 and a population size of 10000.

A.5 Gamete Frequency Trajectories

We can use the epistatic selection model described in Gavrilets [1997] to generate

expected genotype frequencies at two focal loci separated by a recombination distance

of r in a hybrid zone. Let x1, x2, x3, x4 refer to the frequencies of gametes AB, Ab,

aB and ab at the beginning of a generation. In a single randomly mating population,

gamete frequencies after a generation of selection and recombination are

x′g =


ωgxg−rω14D

ω̄ if g = 1, 4;

ωgxg+rω14D
ω̄ if g = 2, 3

(7)

where ωi =
∑
j ωijxj is the fitness of gamete i, ω̄ =

∑
ij wijxixj is mean fitness, and

D is the linkage disequilibrium computed as D = x1x4 − x2x3. The fitness matrix
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of two locus genotypes is given in Table 4.1. There are a variety of hypotheses for

different specifications of the fitness matrix. For Dobzhansky-Muller type interac-

tions, aaBB is the ancestral genotype from which two derived genotypes (aabb and

AABB) are descended in different species or populations.

The Gavrilets [1997] model uses a linear stepping stone scheme of two infinite

source populations with fixed ancestry for either species (aabb and AABB) con-

tributing to two or more subpopulations between them. We simplify this model to a

single hybrid population with equal migrant contributions from both source popula-

tions. Let the migration rate from each of the source populations (A or B) into the

hybrid population be m. Let x′′g,h, x′′g,A and x′′g,B denote the frequency of gamete g

in the hybrid zone and the two source populations. After migration,

x′′g,h = (1− 2m)x′g +mx′g,A +mx′g,B (8)

We also consider a random sampling component to incorporate the effects of genetic

drift on the random union of gametes in a finite population. Before selection and

migration in a population of size N , we model the probability of a particular pairing

of gametes in a zygote as multinomial with sample size 2N , and probabilities x2
1,

2x1x2, x2
2, 2x1x3, 2x1x4 + 2x2x3, 2x2x4, x2

3, 2x3x4, and x2
4 for each zygote AABB,

AABb, AAbb, AaBB, AaBb, Aabb, aaBB, aaBb, and aabb.

133



REFERENCES

Richard Abbott, Dirk Albach, Stephen Ansell, Jan W Arntzen, Stuart JE Baird,
Nicolas Bierne, Jenny Boughman, Alan Brelsford, C Alex Buerkle, Richard Buggs,
et al. Hybridization and speciation. Journal of Evolutionary Biology, 26(2):229–
246, 2013.

Joshua M Akey, Ge Zhang, Kun Zhang, Li Jin, and Mark D Shriver. Interrogating
a high-density snp map for signatures of natural selection. Genome Research, 12
(12):1805–1814, 2002.

Joshua M Akey, Michael A Eberle, Mark J Rieder, Christopher S Carlson, Mark D
Shriver, Deborah A Nickerson, and Leonid Kruglyak. Population history and
natural selection shape patterns of genetic variation in 132 genes. PLoS Biology,
2:1591–1599, 2004.

Mark Aldenderfer. Peopling the tibetan plateau: insights from archaeology. High
Altitude Medicine & Biology, 12(2):141–147, 2011.

Morten E Allentoft, Martin Sikora, Karl-Göran Sjögren, Simon Rasmussen, Morten
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