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Abstract

Inferring Genomic Histories of Structured Populations: Lessons from the
Hominids

Tariq Desai

Demography is a major determinant of the variation of species. Understanding how it
effects the genetic composition of populations allows us to infer history from genetic data. I
contribute to this project in three ways. First, I estimate the historical trajectories of effective
population size in Pan and Pongo. These analyses are based on past rates of coalescence,
estimated within and between populations, and they use the largest known samples of whole
genomes for each species. From these, I infer new histories of migration and separation in
each genus.

Second, the interpretation of past rates of coalescence is known to depend on whether a
population is structured. I analyse a novel model of non-equilibrium island structure and
propose an approach through which it can be used to aid the interpretation of estimated
historical changes in effective population size. This is based on comparisons of the effects on
theoretical distributions of coalescent times. The approach is then applied to examples arising
in chimpanzee and human population history, in both cases suggesting effective population
size changes are more likely due to changes in census population size, rather than island
structure.

The proliferation of ancient DNA sequencing presents a rich new resource. I develop a
haplotype-based approach to help test more directly for ancestral structure. It is based on
reconstructions of the ancestral recombination graph of a sample. The method incorporates
an explicit coalescent analysis of locus ancestry under idealised demographic models. It
jointly analyses samples of ancient and modern whole genomes in which modern sequences
trace some recent part of their ancestry to populations from which the ancient sequences are
drawn. I illustrate some of the possibilities and limitations of this tentative approach and
apply it to questions about the peopling of North America.





To my mother, always

Faieza Desai
1959 - 2018





Acknowledgements

I should first thank my supervisor, Aylwyn Scally. This research would not have happened
had Aylwyn not taken the chance and invited me to join his group. I suspect he will always
stand in my mind as an exemplar of scientific independence and scepticism, not least for
his routine reminders of our collective ignorance! I may have needed more guidance and
patience from him than he was expecting, but his support all the way through was unwavering.
Likewise, I must thank my advisor, Frank Jiggins, for his overseeing this process, and for
allowing me to be something of a brood parasite among his lab members on the first floor.

I am thankful to the Genetics Department for providing a stimulating and supportive
environment. I learnt a great amount in my time there, especially from the evolutionary
genetics groups in the Department and elsewhere in the University. Our weekly journal clubs
and joint lab meetings were invaluable. For this, I thank Aylwyn, Frank, Chris Illingworth,
John Welch, Chris Jiggins, Toomas Kivisild, Richard Durbin, as well as members of their
groups who took part in those sessions. I must also thank Joel, Julien, Dany, Sam, Arun,
Lucia, Jon, Anood, Ruoyun, and Alex, for stimulating conversation, companionship, and
sometimes even a little biology.

It is virtually impossible to do research today without being part of a large network of
collaborators. I owe a great deal to those with whom I collaborated on various projects
and extend my gratitude to each of them. For stimulating discussion, and for leading
demanding and rigorous projects, I would especially like to thank Maja Mattle-Greminger,
Alexander Nater, Michael Krutzen, Marc de Manuel, Martin Kuhlwilm, Peter Frandsen,
Tomas Marques-Bonet, Freddi Scheib, and Toomas Kivisild.

I am grateful to the Gates Cambridge Trust for funding my studies and for bringing
me into the Gates community. For memories of snow on First Court, candlelit carols, and
daffodils along the Cam, I am glad to have been a part of Magdalene College.

I am infinitely grateful to my parents: to my father, who taught me the value of words
and sentences, and who provided our home with purpose and security; and to my mother,
who gave everything for us, and whom I miss, and will miss, every day. I hope to live up to
their love and sacrifices.



x

To Aniqah, thanks for making sure things never got too quiet around the house, and for
making me feel guilty about not exercising. To Azhar, thanks for keeping the ship afloat
while I was away. I admire and love you both.

To the Khan family, thanks for being my home away from home, and to Aunty Saabira
for being our rock in trying times. It all started in Salt River, so to Aunty Abie, Aunty
Bieda, and everyone at Kingsley Road, thank you for the encouragement, and the constant
inspiration.

To the friends who supported me through it all, I could hardly have asked for more. I
won’t be able to name everyone, but to Amandla and Arif, and especially to Greg and Taskeen,
I cannot imagine what Cambridge would have been like without you. And to Vinayak, Tara,
and Laura, I couldn’t hope to show you how much I’ve drawn from our friendship these last
few years. I look forward to the years ahead.

Finally, to Mahvish: I agree. A better world isn’t going to build itself, and I hope we’ll
get the chance to do our bit, together.



Contents

1 Introduction 1
1.1 Population history and hominid genomics . . . . . . . . . . . . . . . . . . . . 1

1.1.1 A brief history of hominid demographic inference . . . . . . . . . . . . 2
1.1.2 The value of demographic history . . . . . . . . . . . . . . . . . . . . . 4

1.2 Overview of thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Methodological Background 11
2.1 Theoretical background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Methods of inferring population history . . . . . . . . . . . . . . . . . . . . . 17

2.2.1 Inferring population history with PSMC . . . . . . . . . . . . . . . . . 17
2.2.2 Methods for the inference of historical population structure . . . . . . 20

3 Chimpanzee, Bonobo, and Orangutan Population History 27
3.1 Orangutan demographic history . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.1.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Chimpanzee and bonobo demographic history . . . . . . . . . . . . . . . . . . 44
3.2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.3.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.3.2 Autosomal PSMC analysis . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.3.3 Cross-population MSMC2 analysis . . . . . . . . . . . . . . . . . . . . 65

4 The Genomic Effects of Population Substructure 71
4.1 A model of historical substructure . . . . . . . . . . . . . . . . . . . . . . . . 74
4.2 An approach to identify plausible structured models . . . . . . . . . . . . . . 80
4.3 Applications of the approach . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
4.4 Additional effects of historical substructure . . . . . . . . . . . . . . . . . . . 103



xii Contents

5 Haplotype-Based Analyses of Ancient Population Structure 107
5.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.1.1 Modelling ancient structure with the ARG . . . . . . . . . . . . . . . 107
5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.2.1 Application to the peopling of the Americas . . . . . . . . . . . . . . . 118
5.3 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6 Conclusion 131

References 137



Chapter 1

Introduction

1.1 Population history and hominid genomics

Demography is a major determinant of the genetic variation of species. Changes in population
size, as well as migration and admixture, interact with fundamental evolutionary processes to
alter a population’s genetic composition [17]. Although these effects can be complex, there
is considerable interest in trying to understand how they shape observable variation, since
doing so would enable us to draw inferences about population history from genetic data. This
has been a longstanding project in population genetics and it has met with some success. As
least since the pioneering work of Cavalli-Sforza [15], and increasingly since the development
of high-throughput and ancient DNA sequencing [81, 104], genetic methods have become
significant tools in history-telling (see Section 1.1.1).

The growing influence of population genetics is not only a consequence of rapid advances
in data collection. It has been supported by significant developments in theory, statistical
techniques, and computing. With regards to theory, what may loosely be thought of
as the classical tradition of population genetics, beginning with the foundational work
of Fisher, Haldane, and Wright, retains considerable importance in historical inference
[122, 18]. However, it has been complemented by several more recent advances, perhaps
most significantly by the development of the Kingman coalescent [62], and its extensions
[e.g. 180]. The empirical value of the coalescent rests to a large degree on its computational
efficiency over previous approaches [171]. This underpins the widespread adoption of several
efficient tools for simulation and inference [e.g. 51, 70]. Developments in computing have
also allowed several other statistical approaches to become central to the work of inferring
population history, such as the landmark STRUCTURE method and approaches inspired by
it [121, 1]. Several new statistical techniques have also been developed to address questions
arising from new sources of data, such as the widely used family of f -statistics which infer
historical relationships between potentially admixing populationsusing ancient DNA [114].
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Nonetheless, many important questions remain open. Key features of hominid evolutionary
history are still obscure or contested [120], requiring more data as well as the development
of new methods, or the refinement of old ones, to resolve. Methodologically, the genetic
effects of some key demographic processes are still hard to predict, especially when they
interact with each other. This limits our ability to draw inferences about population history,
and to assess the accuracy of those drawn from some popular methods. Using new data,
mathematical analysis, and original applications of established computational tools, this
dissertation addresses several aspects of these problems.

I have organised this work into three studies, summarised in more detail in Section 1.2.
The first is an attempt to clarify aspects of the evolutionary histories of the genii Pan and
Pongo. New samples of whole-genome sequences from these hominids are used to draw
inferences about their population size histories and of gene flow between their populations.
The approaches here are based on estimates of historic rates of coalescent events. This
source of information about demography is known to be subtle to interpret in the presence of
persistent non-random mating, or population substructure [87]. In the second study I look
more closely at the effects of substructure and what they imply for the interpretation of
coalescent time distributions. In the final part of the thesis, I incorporate ancient DNA in an
attempt to develop an approach to directly test for ancestral population substructure, using
a rich data structure expressing the relationships between the coalescent lineages of a sample.
Applications in the last two studies are drawn from chimpanzee and human population
history.

1.1.1 A brief history of hominid demographic inference

The earliest uses of genetics in hominid population history focused on human evolution.
Although constrained to the study of single genetic markers, such as mitochondrial DNA
(mtDNA) or the non-recombining region of Y chromosomes, starting from the 1980s, geneticists
contributed influentially to early debates about the human region of origin. One notable
instance was the reconstruction of a worldwide mtDNA phylogeny in 1987 which led to the
widespread adoption of the out-of-Africa model [13]. Being studies of single locus ancestry,
early efforts had limited statistical power, however. Later investigations of large sets of
genome-wide single nucleotide polymorphisms (SNPs) and short tandem repeats supported the
out-of-Africa model by demonstrating, for example, consistently greater levels of diversity in
Africa [165]. Other studies also showed correlations between current population structure and
geography [e.g. 136, 128]. After the development of efficient genotyping and high-throughput
whole-genome sequencing technologies [for a historical review, see 44], more fine-grained
analyses of extant population structure were made possible [e.g. 69]. This data has also
facillitated the improved characterisation of the historic demography of populations, allowing
us to detect paths of migration and past changes in population size [e.g. 134, 70].
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A significant shift in our understanding of the past occured after the development of
methods for the recovery of ancient DNA (aDNA). With the sequencing of neanderthal and
denisovan genomes, the out-of-Africa model has had to be revised to accommodate archaic
introgression into individuals with ancestry from outside Africa [38, 132]. Significantly, ancient
DNA of humans from the last 50000 years has underscored the previously underestimated
difficulties of inferring key aspects of population history without DNA from the past: the
widely accepted histories of several populations have undergone major changes after the
sequencing of DNA from relevant archeological sites [for reviews of the contributions of aDNA,
see 104, 131].

It has since become common to combine modern and ancient DNA when reconstructing
demographic histories of populations. Through this approach we have learnt that people
who trace their ancestry to the out-of-Africa migration are likely to descend from a single
founding Eurasian population [75], despite the probable existence of several waves of outward
migration from Africa [47]. This is supported by several lines of evidence, including the
roughly similar proportions of neanderthal ancestry observed in non-Africans [139], and the
common timing of a major ancestral population bottleneck widely thought to be caused by the
shared cross-continental migration [81]. We are also beginning to understand the composite
and recent descent of modern Europeans from ancient farmers and several apparently distinct
hunter-gatherer populations [68]. A similar process has likely occured in the South Asian
subcontinent [100].

The influx of new data and analyses has also raised striking new questions, and drawn
our attention to several longstanding ones. Hitherto unsuspected ancestry has been detected
in several modern populations, one recent example being the Australo-Melanesian ancestry
found in several Native American populations [127, 148]. The migratory route of this
apparently distinct ancestral population is still unknown, nor is there much clarity on its
precise relationship to other ancestral Native Americans. Increasingly, attention has also
turned to the understudied prehistory of Africa, especially to questions around the timing and
geography of the recent southward migration by people of West African descent [97], and to
population structure during the early evolution of humans. We observe the deepest divisions
between extant human populations in Africa [7], but we do not know the extent to which
ancestral human populations predating this division were also structured. There is some
interest in a new multiregional model of human evolution, consisting of several populations
spread across Africa, and also in the possibility of archaic introgression from extinct hominids
into the ancestors of modern Africans [150].

There is less data available for the study of non-human hominids. Initial sequencing of
primate genomes prioritised sampling a large number of species and, especially, obtaining
sequences of model organisms used in medical research [83]. Nonetheless, in the last decade
significant demographic studies have been published on each of the non-human great apes:
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chimpanzees and bonobos [123, 24], gorillas [183], orangutans [77, 102], and including at least
one major comparative study of the entire family [120]. Ancient DNA from non-hominin great
apes has not yet been published. Nonetheless, the research already undertaken has revealed
complex histories of migration and gene flow between populations, as well as demographic
changes due to changing environmental conditions, including the effects of hunting by humans.
In Chapter 3 I review in more detail the population histories of chimpanzees, bonobos, and
orangutan species.

1.1.2 The value of demographic history

While there is significant intrinsic interest in determining ancestral demography, an un-
derstanding of population history is also needed to address questions of broader value to
biology and conservation. I consider three of these below: detecting the effects of selection,
understanding speciation, and adequately controlling for structure in genome-wide association
studies.

Isolating the effects of selection One of the oldest projects of population genetics is
to determine the effects of forms of selection on variation within and between populations
[122]. This understanding helps determine the causes of differentiation and adaptation, and
allows us to isolate the functional consequences of genomic variants [e.g. 33]. Models of
demographic history play several key roles in such studies, of which I highlight four: their use
in the statistical tests which isolate loci under selection, their relationship to the effectiveness
of selection, their use in locating the source and timing of variants, and the way they allows
us to relate population history to ancestral environments.

Several statistical tests have been used to scan genomes and locate sites under selection
[105]. One consistent difficulty with these approaches is the high rate of false positives,
induced in part by demographic phenomena replicating the effects of selection: various
statistics have been shown to produce spuriously significant values as a result of changes in
population size [22] and due to the presence of population substructure [155, 141]. In order to
limit false discoveries, it is useful to have a reasonable model of a population’s demographic
history. Ostrander et al. (2017) outline a representative approach they used to study selection
in the canines [112]. They began by inferring demographic models of several dog breeds.
These models included estimates of the times at which ancestral populations merged, and of
various population bottlenecks. They compute the values of their test statistic (FST , discussed
in Chapter 2) in windows across the genomes of their samples, and simulate many such
regions under the demographic model they infer. These simulations are used to determine an
approximate neutral distribution for the statistic, and with this a significance threshold for
regions potentially under selection. Further analyses of the process of domestication homed
in on these regions. Similar approaches have been applied to hominids [e.g. 86].
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One of the longstanding theoretical predictions of population genetics is that selection
acts more effectively in populations which have historically higher effective populations sizes
(for more on effective population size, see Chapter 2). This prediction has been supported
empirically in several great ape species, including humans [120, 45]. The observation implies
that demographic history provides a useful prediction of the global effectiveness of forms of
selection, and their influence relative to neutral processes like drift.

The migratory and gene flow history of a population allows us to determine the source of
alleles under selection. Notable examples of this have been proposed in human evolution,
where it has been suggested that several archaically-derived variants have experienced positive
selection [e.g. 52, 125]. In such cases population history also allows us to obtain estimates
of the time at which alleles entered a population and thus to estimate the strength of the
selective force. Timing and migration are relevant in another way: they allow us to determine
the regions in which an ancestral population might have been found, and thus to clarify the
environmental conditions and possible selective forces acting on a population. This possibility
is discussed in the case of orangutans in Chapter 3, although it is also a consideration in trying
to determine the process through which human populations adapted to regional differences
in diet and immunity [e.g. 2]

Understanding speciation Understanding how intrinsic reproductive barriers emerge
between diverging populations is a problem at the centre of evolutionary biology. Some
take it to be the defining characteristic of species [21], though various alternative species
concepts are in use [48]. Regardless, reproductive isolation is generally thought to be an
important component of speciation, and disagreements about classification tend to exist
where populations fall in an intermediate region of divergence [137]. In recent years we
have accumulated examples of gene flow between formally designated species, either ongoing
or during secondary contact subsequent to a major initial divergence. In the hominids
we have evidence of gene flow between bonobos and at least one chimpanzee subspecies
[24], and also between humans, neanderthals and denisovans [104]. The phenomenon is
particularly well-documented in Heliconious butterflies [93] and cichlid fishes [80]. Since gene
flow tends to limit the differential accumulation of mutations which could reduce hybrid
fitness, the mechanism through which reproductive isolation, or semi-isolation, can occur
in interbreeding populations needs to be understood in the light of the history of gene flow
between populations.

Reducing spurious signals in genome-wide association studies (GWAS) The in-
creasing prominence of genome-wide association studies (GWAS) has turned attention to
the problem of cryptic population structure. A rapidly developing form of research, GWAS
attempt to explain the heritable components of phenotypic traits, such as height or risk of
heart-disease, by the contributions of (typically) many genetic markers [168]. Several models
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have been developed showing relationships between GWAS results and evolutionary processes
like selection and drift [e.g. 146]. There is, however, a more direct role played by demography
in conducting GWAS. Most such studies assume individuals in samples are unrelated to each
other, but as samples get larger this gets harder to guarantee. When a sample is drawn from
a structured population or when it contains individuals which are significantly related to each
other, the related individuals will typically share many variants, only some of which will be
causally related to traits of interest. This can result in spurious associations between alleles
and study traits [160]. GWAS commonly reduce the rate of false positives by controlling for
structure using a technique like principal components analysis (PCA), discussed in Chapter
2. Nonetheless, a fine-grained knowledge of the causes of stratification can aid in the correct
design of studies. This can require understanding the admixture history of populations from
which samples are drawn [108]. Last, in the development of polygenic scores, accounting for
complex genetic correlations with quantitative traits, we have learnt that there are limitations
in applying the results of association studies between spatially separated populations [28]. It
might be useful in such cases to have accurate models of population history to better predict
how well results generalise across populations and to identify populations which would need
to be included in studies to make risk score models more generalisable [85].

1.2 Overview of thesis

Methodological review I begin by reviewing some population genetic theory which is
relevant to arguments put forward in this thesis. Special attention is placed on outlining
coalescent arguments, and on central concepts such as effective population size and population
substructure. Ambiguity sometimes arises in the literature around the use of such concepts. I
will primarily aim to clarify the way they are employed in this text, and will make no attempt
to settle any foundational disputes. Methods which apply the sequential Markovian coalescent
are frequently used and referred to throughout this work, so their theoretical underpinnings
are developed in greater detail. I discuss some of their known difficulties as well. In Chapter
5, it will be important to have an understanding of the ancestral recombination graph (ARG)
of a sample. This data structure is rich, but it is known to be difficult infer and applications
are thus relatively rare. I try to convey as much of an intuition for the structure as is needed
to follow the arguments set out in Chapter 5.

Following this will be a review of the key methods currently used to determine structure
and relatedness in modern and ancient populations. These are organised by their underlying
assumptions and statistical approaches. I outline in greater detail a few of the more popular
tools, along with some of their limitations, placing special attention on those which I use or
refer to in the text.
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The demographic history of Pongo and Pan In Chapter 3 I present original studies of
the population histories of orangutans, and of chimpanzees and bonobos. These investigations
are based on the largest collected samples of whole genome sequences for each species. They
aim to determine the historical changes in population size and cross-population migration
rates which have shaped present-day genetic variation. Each genus is closely related to our
own, and the chapter provides insight into the evolution of hominids in markedly different
geographic and demographic conditions.

Orangutans are found on two islands, Sumatra and Borneo, corresponding to the two
historically recognised Pongo species. Sufficiently accurate demographic histories of popu-
lations in the genus will help clarify the process by which they came to be separated. In
particular, they will help us relate species history to past environmental conditions of the
region. Recently, it has been proposed that one population on the island of Sumatra should
be recognised as a species distinct from other Sumatran orangutans (and from Borneans)
[102]. An accurate history of gene flow between Sumatran island populations will inform our
understanding of the conditions under which these putatively separate populations evolved.
Bornean orangutans are spread widely over their native island, and neither the ancestral
relationships between current populations nor their migratory histories have been completely
resolved. As mentioned above, such information is useful in studies which aim to detect the
effects of natural selection in the species [86].

In contrast to the orangutans, chimpanzee subspecies and bonobos have evolved in relative
proximity to each other. The degree to which populations have remained distinct in the
past is unclear, though recent data has provided evidence for gene flow between bonobos
and at least one chimpanzee subspecies subsequent to their major divergence period [24].
As with the orangutans, the environmental conditions which have maintained observable
Pan structure are not well understood. Many studies favour explanations for population
divergence involving varying rainforest cover, and prominent changes to the position and
volume of equatorial rivers [161]. Information on the history of gene flow and population size
will provide some insight into these questions.

The primary approach in this chapter is to use methods which involve estimating rates
of coalescence within and between populations. This allows us to characterise the effective
population size of ancestral populations, and to infer historical levels of gene flow between
extant populations. I also use the Pongo and Pan studies to comment on some of the
limitations and opportunities of these methods. This will have implications for their utility
in studying other species, and in particular, other hominids.

The genomic effects of population substructure In the course of the previous chapter
it emerges that population substructure can complicate our interpretations of ancestral rates
of coalescence. This observation follows a recent theoretical study [87], and also an argument
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made in the first publication in this lineage of methods [70]. It stems from the recognition
that changes in census population size and in population substructure can produce effects on
historical rates of coalescence which closely resemble each other. These histories are thus
difficult to distinguish when exclusively using this source of information. In order to explore
the parameter space of structured histories which can explain some past change in inferred
coalescence rates, we need to determine the effects of ancestral population structure on the
time distribution of coalescent events.

In Chapter 4 I present a formal model of a general demographic history featuring transient
n-island structure, and I analytically determine its relevant coalescent distribution. For
comparison sake I undertake a similar analysis of a single-pulse population size change, or
“hump”, model. Following this, I propose an approach which can be used to narrow the search
space of explanatory demographic histories. The technique is based on the idea of specifying
a hump model, using the ancestral effective population size history of some individual or
group, and matching it with a set of transient n-island models. The matching is based on
finding models with similar divergence from the coalescent distribution of an appropriately
chosen panmictic, constant-sized history. The theoretical analyses of these models makes
this process easier than would be the case if we used simulation. Once a range of plausible
structured models is determined, up to the constraints of the models being compared here,
we can appeal to external evidence, genetic or otherwise, to assess their plausibility.

This is followed by two empirical applications of the technique. The first is to a situation
drawn from the previous chapter, where we were concerned with the interpretation of one
specific change in the inferred population size of a chimpanzee subspecies. The second is taken
from human population history. We determine whether one of the characteristic signatures of
population size change in out-of-Africa populations can alternatively be explained by changes
in population structure. In both cases I suggest that structure is less likely as an explanation
than a genuine change in census population size, though the conclusion is stronger in the
case of the chimpanzees, where the relevant timescale excludes most forms of structure. This
empirical discussion is followed by a brief examination of the effect of relaxing one assumption
related to coalescent lineage sorting at the start of structured periods. I observe that while it
is generally accepted that population structure will tend to depress coalescent rates relative
to comparable panmictic conditions, under certain admixture regimes coalescent rates can be
inflated. This situation may not be uncommon in human history. We conclude by noting
the intrinsic difficulty of detecting periods of ancestral population structure using modern
sequence data alone. The approach developed in this chapter can help narrow down the
range of plausible histories, but recent experience has taught us that even striking examples
of ancient substructure can sometimes only be detected using ancient DNA [68]. This insight
is the starting point for the following chapter.
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Inference of cryptic ancestral substructure using the ARG In Chapter 5 I develop
a haplotype-based approach to more directly test for ancestral structure. The method uses
an analysis of the ancestral recombination graph (ARG) of a modern sample, and compares
haplotype segments isolated using the ARG with variation found in relevant ancient sequences.
I construct an explicit demographic model for the sharing of variants between modern and
ancient DNA, and use this to explore hypotheses about ancient population structure. The
model attempts to detect the times during which hypothetical ancient populations merged,
and through this, infer aspects of population structure.

Some of the implications of this method are shown using simulations. Empirically, I use
the approach in an attempt to address a question around population structure relevant to
resolving the sequence of demographic changes which occurred during the peopling of North
America. Ultimately, the approach will be constrained by the availability of high-coverage
ancient DNA, though it indicates some of the potential information gained from inferred
ancestral recombination graphs.

Conclusions I end by discussing the findings of each chapter, drawing out their relations
to each other and to the established literature. I also highlight some important avenues for
future research based on the limitations of the work in this thesis, indicating some of the
opportunities provided by the new approaches developed here.





Chapter 2

Methodological Background

I have divided this review into two sections. In the first, I outline key parts of the theoretical
background of this thesis. This will also allow me to clarify the terminology I use and to state
the simplifying assumptions I make. In the second section, I examine several of the statistical
and computational tools commonly used to infer population history, with an emphasis on
those used to study structure. I also discuss some of the limitations of these methods, and
their relationships to those developed in Chapters 4 and 5. In both sections, special attention
is paid to the sequential Markovian coalescent and its applications, as this body of work
plays a prominent role in the thesis.

2.1 Theoretical background

The coalescent and its extensions The coalescent is a stochastic process modelling the
genealogy of a sample of individuals at one locus. For a generic locus (such as a gene) and
a sample of n individuals drawn from a Wright-Fisher population of size N , the coalescent
is standardly derived by tracing the ancestry of individuals going backwards in time from
the present, allowing them to “choose” parents at random in each generation [171]. The
probability that any pair of lineages in the sampled generation do not choose the same parent
one generation back is 1 − (2N)−1, on the assumption that the population is diploid. In the
limit as N → ∞, and applying the standard time scaling of t in units of 2N generations, we
obtain the fact that the waiting time to choosing the same parent, or coalescence, of any pair
of samples (technically, their ancestral lineages) is exponentially distributed, with probability
density e−t. Analogously, when starting with a sample of size n we would wait some random
time Tn for the first coalescence, where Tn converges to an exponential distribution as N → ∞,
with mean given by 1/

(n
2
)
, since in large N Wright-Fisher populations it is a sufficiently good

approximation to consider only the probability that at most two lineages can coalesce in
a given generation. This observation underpins the continuous time Markov chain known
as the Kingman coalescent, or sometimes the n-coalescent [62]. (Formally, the states of the
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Markov chain are equivalence relations that identify lineages which share ancestry at a given
point in the evolution of the process.)

The convenience of modelling genealogies using this approach arises from two key proper-
ties: the mutation process is handled independently of genealogy, and a large class of models,
with varying breeding structure, can be approximated by a coalescent, provided the correct
time-scaling is chosen. It has been pointed out that while this latter “robustness” property
of the coalescent justifies its use as a model to help understand many natural populations, it
also implies that sample variation will to some degree be insensitive to changes in breeding
structure [147]. Typically, variation is modelled by placing mutations randomly on the
branches of a coalescent-generated genealogy according to a Poisson process with intensity
given by the some scaling of the mutation parameter θ (usually θ/2). The mathematical
advantages of this approach were demonstrated early through simplified derivations of several
classical results, like Ewen’s sampling formula [63].

Since the initial development of the coalescent model, it has been generalised or extended
in several ways. One strong assumption underlying the standard coalescent is that of the
exchangeability of lineages. This arose in the Wright-Fisher derivation as a consequence of
the assumptions of neutrality and absence of population structure. Some generalisations of
the coalescent involve relaxing this assumption, to allow some pairs of lineages to have a
greater probability of coalescing with each other than with others. This has allowed models
of population structure to be developed [107], as well as models featuring various kinds of
selection [56]. Another form of generalisation involves embedding coalescent processes in
richer random graph structures which model the genealogical relationships between linked
loci, such as is needed to model the complex ancestral relationships of recombining sequences
[50]. This is described further in the section on the ancestral recombination graph (ARG)
below. Finally, other generalisations, so-called Λ-coalescents, allow multiple coalescent events
in a single generation [96]. Although I will not be referring to these, they are useful when
modelling populations in which offspring number among individuals has much higher expected
variance than in a standard Wright-Fisher population.

Effective population size The original motivation behind defining an effective population
size, Ne, is to generalise the value of N in a Wright-Fisher population. It allows us to rescale
more complex population models so that they can be seen to behave in some salient respect
like Wright-Fisher populations with size given by the values of Ne. Typically, natural
populations have Ne much smaller than their census population sizes [17], though precise
values depend on the behaviour being considered. These have included such factors as the
increase in variance of allele frequency, extent of inbreeding, or several other characteristics
of drift [30], and they can be inconsistent with each other even if closely related [175]. The
effective population size has been formulated in terms of coalescent processes too, in which
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the Ne of a complex population model is derived from the linear timescaling required to
convert the genealogical process underlying it to a standard coalescent, although in some
cases this so-called coalescent effective size has been shown not to exist [147, 171]. The
concept plays a central role in population genetics, as the product of Ne and mutation rate
determines the level of variability at neutral sites, while the product of Ne and the selection
coefficient determines the probability that a non-neutral allele will be driven by purifying or
positive selection to fixation [16].

A slightly different notion of effective population size has become more common in recent
literature, and I shall be using this related concept. Instead of attempting to characterise the
genealogical behaviour of a population model using a single number (which the model might
only approach asymptotically), it is common now to treat Ne as a function of time, as the
parameter derived from the inverse historical (and usually varying) rates of coalescence. This
can be seen as coming from the genealogical process underlying a Wright-Fisher population
with time-varying N . The usage has been implicit in several recent methods which attempt
to infer historical population size changes [e.g. 70], though it was pointed out explicitly by
Mazet et al (2015) [87], who propose using a new vocabulary for this concept, calling it the
inverse instantaneous coalescent rate (IICR). I have not adopted their terminology in this
thesis for the sake of consistency with the usage of Ne elsewhere. While its common use is
relatively new, the notion of a time-dependent Ne has been implicitly adopted from at least
as early as Slatkin and Hudson (1991) [153], who show that the scalar version of Ne can be
derived from a harmonic mean of population sizes over a population’s history, provided the
sizes are sufficiently large. Consistency between these definitions arises from equating the
inverse of the expected times to coalescence [17].

Modelling population structure Models of population structure have been studied since
the early years of modern population genetics, and several have become key tools of analysis.
The simplest, which I use most often in this thesis, is the island, or n-island, model [181]. In
these models a population is divided into several subpopulations, or demes, with migration
determined by a single symmetric rate M , which, from a coalescent perspective, determines
the distribution of waiting times between inter-deme migrations of ancestral lineages. The
stepping-stone model relaxes the assumption of symmetric migration probabilities but retains
the island structure [60]. In one or two dimensions, this structure only allows migration
between adjacent islands and models the effects of decreasing genetic relatedness by distance.
It is also possible to arrange islands in hierarchies, so that migration is greater between
some clusters of populations, and migration across cluster boundaries is relatively rare [154].
Coalescent modelling of island-type models demonstrates a separation of timescales, in which
lineages in the same, or closely-related, demes tend to coalesce quicker than lineages in
distinct demes [107, 106]. The first phase has been described as the “scattering” phase, and is
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followed by the much longer “collecting” phase [170]. In the limit, the genealogical distribution
underlying these models has been shown to approach the structured coalescent. Note that
these three island-type models, the basic n-island, stepping stone, and hierachical model,
tend to be analysed in stable form, in which it is assumed that no changes in demographic
structure occur through the course of the population’s history. This assumption is discussed
further in Chapter 4.

Another way of understanding the genetic effects of population structure is to try and
model the historical relationships between populations observed today. Classically studied by
attempting to resolve populations into graphical relationships similar to phylogenetic trees,
modern approaches now study them as so-called admixture graphs, which allow populations
to merge and split in the past [e.g. 114]. Still more flexible approaches can accommodate both
admixture relations and periods of migration between populations, though at the expense of
computational efficiency [e.g. 31]. Both these sorts of models are described in more detail
in the following section. Regardless, there is a strong trade-off in each of the modelling
approaches mentioned above between mathematical tractability and real-life complexity, and
strong generative models of such phenomena as fine local structure or population gradients
are still lacking [109].

Finally, the degree to which a real population departs from panmixia has a classical
quantitative measure, called FST [182]. I refer to this several times, usually using its modern
coalescent form demonstrated first by Slatkin (1991) [151]. The theoretical form of the
measure is given by FST = (E(TD) − E(TS))/E(TD), where E(TD) is the expected time to
coalescence of loci chosen from different demes, and E(TS) is the expected time of loci from
the same deme. In humans, this value can range from 0-15% [109]. One limitation of using
FST to understand population history is that it requires prior information about spatial
structure in a population in order to make sense of the concepts of “same” and “different”
demes. As such, it has less value in work, such as this, where we are more interested in
detecting forms of structure than in quantifying known subdivision.

Ancestral recombination graphs (ARG) Briefly, recombination was first incorporated
into coalescent theory by Hudson (1983) who showed how to model recombination in two-
and four-locus models [50]. Since it was proposed by Griffiths (1991) [39], we think of
recombination and coalescent processes together as generating the ancestral recombination
graph (ARG) of a sample. In this graph, nodes represent either recombination events in
the sample or coalescence events, while edges can be thought of as representing ancestral
sequences. Going backwards in time, recombination events cause sequence segments to split,
and coalescent events cause them to merge. The process terminates when the most recent
common ancestor (MRCA) of the entire sequence has been attained. I sometimes refer to the
regions in sequences which correspond to single ancestral trees as segments, or even where
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no ambiguity is likely, as loci. In other words, these are the sequence intervals on which
no recombination event causes a split before the MRCA is reached. Most relevant for what
follows, the genealogy of any individual locus, its “marginal genealogy”, can be modelled
using a single-locus coalescent process, although coalescent trees generated at linked sites are
of course not independent. A pioneering algorithm to simulate sequences using the ARG,
called ms, was developed and implemented by Hudson (2002) [51], though a greatly more
efficient process, msprime, has recently been developed by Kelleher, Etheridge and McVean
(2016) [58]. Before the exact algorithm underlying msprime was implemented, less efficient
simulation (still quicker than ms) had been conducted using an approximation to the exact
coalescent with recombination, called the sequential Markovian coalescent, summarised below.
Some work in this thesis uses the simulation tool scrm which is based on this approximation
[157], and in Chapter 5, I use ARGweaver, a Markov Chain Monte Carlo method which
samples the ARG given data under similar assumptions [130].

The sequentially Markovian coalescent (SMC) The sequentially Markovian coales-
cent (SMC) model was developed by McVean and Cardin (2005) [91] and Marjoram and Wall
(2006) [82]. Like the coalescent with recombination that it approximates, described above,
the SMC traces the ancestry of present day sequences backwards in time till the MRCA
of the every locus is obtained. Motivated by the computational difficulties of likelihood
inference (and until msprime, simulation [58]) under the full model, SMC restricts the class
of permitted coalescence events by limiting long-range linkage.

Without this approximation, the state space of possible ARGs is large, in part because
the ARG can contain a large amount of uninformative genealogical data. Many coalescent
events, for example, occur between sequence segments which do not contain overlapping
ancestral material, intervals of the sample sequences which have not yet reached their MRCA.
The SMC simplifies the full model by preventing coalescent events between lineages which
have no overlapping ancestral material. This has the effect of greatly reducing the number
of possible ARGs, while leaving the marginal genealogies of ancestral material unaffected.
Inference of SMC graph structure is dependent solely on the marginal genealogies of sequences
of ancestral material, and while these are embedded in the full ARG, they do not uniquely
determine it. Efficient inference schemes for the full model have not yet been developed.

The model is named for the way it generates linked genealogies sequentially along
sequences. These methods are based on the “spatial”, rather than “temporal”, formulation
of the coalescent with recombination. A preceding algorithm originally proposed by Wiuf
and Hein [180] uses the full infinite-sites (defined in the following section) coalescent with
recombination. It generates genealogies by moving along the sequences and updating a
generated history whenever a recombination point is reached. Crucially, the step in which the
history is updated requires knowledge of the states of the histories at all previous locations
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along the sequence. This requirement is relaxed in the SMC model. SMC ensures that the
distribution over potential histories at each step along the sequence depends only on the
previous configuration of the history. The process thus possesses the Markov property and
opens itself up to more efficient analysis with Markov chain techniques.

Studying several summary statistics derived from genealogical structure, certain linkage
disequilibrium properties, and the distribution of expected times to most recent common
ancestor (TMRCA), McVean and Cardin demonstrated that while significantly reducing
computation costs, this assumption does not greatly affect inferences about population history
[91]. Though it has since been shown that the SMC can be a bad approximation when
modelling the length of shared tracts in admixing populations [74].

Key modelling assumptions Throughout this thesis I shall be making several simplifying
assumptions when modelling population history. I shall assume that breeding structure in the
hominids is well modelled by a Wright-Fisher constraint on offspring variance, or equivalently,
that genealogies at independent loci are best modelled by the standard coalescent with
time-varying Ne. This entails the assumption that we are drawing our samples from relatively
large populations, which seems appropriate in the case of the hominids [16, 120]. I also assume
that most of the variation shaped by the recent population history has evolved neutrally. This
is partly a constraint imposed by the methods that I employ, and although still contested,
recent research is beginning to show much more of the genome than was expected (possibly
as much as 95%) has been shaped by selection [e.g. 119]. Where relevant I shall mention
any potential effects that this might have on inferences. Together, these assumptions imply
conformity with the exchangeability assumption of the classical coalescent. This assumption
will only be broken when modelling population structure, which will be clear from context.

Several assumptions will be made regarding the modelling of mutation and recombination.
I shall be applying the infinite-sites constraints when modelling mutation [61]. These assume
that mutations never occur at the same place more than once and as a result that segregating
sites in a sample of sequences can simply be described by binary states, usually denoted 0
for ancestral type and 1 for derived (where such information is known). Indels, structural
variants, and short tandem repeats will not be looked at. I will also be assuming constant
mutation and recombination rates along the genome. This is a strong simplifying assumption
which we know not to be true [49]. In the relevant sections where I draw on constant values
I will discuss where they come from. I do not expect the aggregate effects of this assumption
to bias any of the major inferences drawn about population history. Similarly, I will be
assuming that over the timescales of interest, mutation rates are constant. Since chimpanzees
and humans, for example, are thought to have different mutation rates today, there must
have been some change in this rate in the time since their divergence [142]. The same can
be said for generation length, viewed as the average zygote-to-zygote time, which will also
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be assumed to be constant, even though we have evidence that this parameter has changed
during evolution [64]. It is unclear over which time periods (and on which phylogenetic
branches) these shifts in mutation rate and generation length have occurred, although I
expect that since we focus on recent population history the assumption of constant values is
not significantly inaccurate.

2.2 Methods of inferring population history

Broadly speaking, studies of population history use genetic data aim to learn two things
regarding the population structure of their sample: (a) the extent to which variation between
individuals reflects historical and extant substructure, and (b) the history of admixture and
migration between inferred or presupposed populations. Typically, each study uses several
methods to address these questions. The methods exploit different correlations between
individual sequences, use different statistical techniques, or are based on different modelling
assumptions. As such, they shed light on complementary aspects of population history,
although their conclusions can sometimes be difficult to reconcile with each other or with
plausible demographic models. In this light, it is especially important to understand the
limitations and appropriateness of each approach. I focus on the ability of these methods to
infer past population structure. The first approach, PSMC, is used more broadly to estimate
past rates of coalescence, and uses this as a proxy for history of population size changes.

2.2.1 Inferring population history with PSMC

Li and Durbin [70] developed a hidden Markov model (HMM) which implements a coalescent
time inference scheme based on the SMC in the special case of diploid sequences. It is
called the pairwise SMC (PSMC), and is based on the insight that variation in the local
density of heterozygotes is informative of past recombination and coalescent times along
the sequences inherited from an individual’s parents. Intuitively, this arises due to the fact
that segments of the diploid sequence at which parent haplotypes have older TMRCAs have
had more time to accumulate segregating mutations. Thus, for example, adjacent regions
with significantly different densities of heterozygotes indicate different ages of first common
ancestry between their respective parent haplotypes, and also suggests that recombination
occured between their ancestors. PSMC seeks to estimate the distribution of the TMRCA
of segments along the unphased sequence of an individual and uses these times to estimate
the rate of coalescence at various times in the past. These rates are inverted to determine a
piecewise constant estimate of historical Ne.

In more detail, unphased sequences of individuals are segmented into bins of some chosen
length. Moving sequentially along the pair of sequences, the model observes a binary string of
0s and 1s, corresponding respectively to the presence or absence of at least one heterozygote
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in a bin. Bins which have a great proportion of loci absent or masked are observed as
missing data points. The hidden states of the HMM consist of the discretised TMRCA, with
transitions between the states corresponding to ancestral recombination events. The SMC
approximation guarantees the Markov property of the path through hidden states.

The free parameters of the model are the scaled mutation rate θ, the scaled recombination
rate ρ and the piecewise constant effective population size, Ne(t). The emission probabilities
from a (hidden) state t are e(1|t) = e−θt, e(0|t) = 1 − e−θt. When there is a data point
missing e(.|t) = 1. The probability of transitioning to state t from another state s, is given by

p(t|s) = (1 − e−ρt)q(t|s) + e−ρsδ(t − s). (2.1)

Here, q(t|s) is the transition probability conditioned on the occurrence of a recombination
event, and δ refers to the Dirac delta function. Assuming that the neutral mutation rate µ is
known, we set N0 = θ/4µ. If λ(t) = Ne(t)/N0 is the relative population size during state t,
then q(t|s) is given by

q(t|s) = 1
λ(t)

∫ min{s,t}

0

1
s

× exp−
∫ t

u
dv

λ(v) du. (2.2)

These expressions are derived by constructing a continuous-time Markov chain according to
the SMC model and integrating transition and emission probability densities over discretised
time intervals. The resulting discrete-time process forms the basis of the HMM. The discrete
intervals increase exponentially in length the further back in time the model runs. To reduce
the complexity of the search space, the user inputs a specific pattern of time intervals over
which the inferred population remains constant. The estimated distribution of TMRCA is
here determined in units of coalescent time 2N0 and is scaled to real time using µ (mutations
per base pair per generation) and generation time g (years). Model parameters are estimated
using the expectation-maximisation (EM) algorithm, with Powell’s direction set method used
to numerically minimise the Q function in the maximisation step.

The multiple sequentially Markovian coalescent 2 (MSMC2) [79], is named after MSMC,
an earlier extension of PSMC to multiple sequences developed by the Schiffels and Durbin
(2014) [144]. Given a set of haplotypes from two different population groups, MSMC2 does
a pairwise comparison of sequences from the two groups similar to PSMC with the SMC’
correction [82]. Instead of trying to infer the overall gene flow history on an ad hoc basis
using these curves, MSMC2 infers a composite likelihood of the data [172]. I use this in
Chapter 3 to infer histories of gene flow between populations and compare the results with a
similar analysis using PSMC.

Limitations Li and Durbin show that using the inferred TMRCA distribution, PSMC
performs well in recovering certain population size histories from data simulated using ms.
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However, since relatively few coalescent events between pairs of loci in humans occur before
about 20kya and after 3 Mya, PSMC is limited in its ability to make inferences about the
TMRCA distribution, and thus population size, outside of those boundaries. A greater
number of independent genealogies, and thus a greater number of sequences, are needed to
make inferences about more recent histories. In the analysis of sequence data, this limitation
is seen in the sometimes excessive degree of variation in curves derived from individuals of a
single population group in both very recent and very ancient times. PSMC is also limited
in its ability to detect sudden changes in population size, such as historical bottlenecks.
It tends to smear out these changes over significantly longer time periods. Li and Durbin
run their analysis on ms simulated data derived from a population which 100kya undergoes
an instantaneous collapse in Ne. PSMC infers that this change occurred at an even rate
between 100kya and 200kya. Also, the inferred population histories scale linearly in estimates
of the generation time and mutation rate, which are not inferred by the model. As such,
any uncertainty in those parameters affects the interpretation of the results in real-time. A
twofold increase in the mutation rate, for example, would halve the estimate of Ne, while
generation length shifts curves in time. These effects are discussed in Chapter 3.

As noted above, the SMC limits long range linkage and this can bias the inference of
ancestry tract lengths when populations are admixing. PSMC may fail to account for this. A
different kind of difficulty with complex demography arises in the interpretation of coalescent
rates. It was pointed out by Mazet et al (2015) that it can be difficult to interpret the
coalescent rates of structured populations. This is discussed further in Chapter 4. Finally,
as noted above, the assumption of selective neutrality across the genome might not be
appropriate, and there is specific evidence in the case of PSMC that linked selective sweeps
can bias results in complex ways [145].

Model identifiability Important theoretical questions underlie the attempt to infer pop-
ulation histories. One set of questions relates to the degree to which sequences contain
information about past demographic events. In other words, we do not know how distinct
from each other two histories need to be before we can distinguish sets of sequences from
either population, nor how much sequence data would be required to make the distinction at
a desired level of confidence.

We need not be confined to SMC approaches either. We might ask if a distinctive enough
signal of past demography persists at all in the genomes of living populations, and how strong
that signal is if it does. This question, of model identifiability, has received some attention
over the last few years, though the first significant result was by Myers and others in 2008
[99]. Using a different approach to the models described thus far, they asked whether it
would be possible to find two population histories which produced the same expected allele
frequency spectrum today. They assumed an infinite sites model with panmictic mating
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and approximated the effects of drift using a diffusion process. Under these conditions
they showed that indeed it is possible to find such population histories. Even a perfect
knowledge of the expected allele frequency could not distinguish these scenarios. In 2014,
Bhaskar and Song relooked at this question, starting from a similar set of assumptions to
the earlier paper [8]. They observed that although the sets of histories offered as counter-
examples were mathematically interesting, they were biologically unlikely: they required large
oscillations in population size on a time scale much shorter than the length of a generation.
In their paper, Bhaskar and Song asked if the result still held if you imposed meaningful
constraints on possible histories. They assumed that the population shape could be resolved
into time intervals on which the number of individuals was either constant or expressible
as an exponential function. The result in this case is positive. A perfect knowledge of the
population allele frequency spectrum would guarantee the uniqueness of the inferred history.
The paper went further and determined that complete knowledge was not required: provided
you had a large enough sample, its allele frequency distribution is sufficient to distinguish
between underlying demographic models. Moreover, they supplied a general lower bound on
the size of the sample required.

This significant result formed the starting point of a paper by Kim et al (2015) whose
inference scheme is closer to that of the PSMC [59]. Assuming populations histories can be
expressed as piecewise constant functions, they posed the question as a hypothesis testing
problem, attempting to distinguish between two population histories which differ only on
a single time period, between T and T + S. Beginning with a different idealised data set,
a collection of L independent coalescent times observed from one of the populations, they
manage to place a lower bound on the uncertainty of our ability to decide from which
population the data originated. Intuitively, the bound grows when S is small, T is large, and
the extent of the difference in population size histories over the period is small.

This result is relevant because it is the first analytical indication of what the absolute
limitations to SMC-based inference might look like. In fact, the limitations apply more
generally to those methods which infer demography via coalescence times. Kim et al. use
their result to argue, for instance, that the difficulty PSMC has with inferring sudden changes
in effective population size is a problem from which all methods based on inferring coalescence
times must suffer. This is due to the increased difficulty of deciding the history as the value
of S decreases, for some fixed value of L. Since the lower bound is placed on idealised data
points, usually only inferred during analysis, the lower bound on real-life data is expected to
be considerably higher.

2.2.2 Methods for the inference of historical population structure

Principal component analysis (PCA) PCA is a non-parametric method widely used
by applied statisticians to summarise and reveal structure in high-dimensional datasets. Its
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use in population genetics was pioneered by Menozzi, Piazza and Cavalli-Sforza (1978) [92].
Visual appeal and ease of use account for its enduring popularity. Researchers present low-
dimensional projections of their samples onto subspaces spanned by the first few “principal
components”. These can be understood in several ways, most simply by observing that it
is possible to orthogonally project study individuals onto any line in the feature space and
calculate the variance of the resulting set of points. The first principal component is the line
with greatest such variance, and the second is the line with greatest variance which is also
orthogonal to the first. Higher components are defined analogously. (Finding unique axes is
not in practise a problem.) Principal components were classically determined by calculating
the eigenvectors of the covariance matrix of a zero-centred matrix representation of the
data. Newer approaches use a singular value decomposition of the data in order to avoid
constructing the potentially very large covariance matrix. In the resulting low-dimensional
projections, more genetically similar individuals, under a similarity measure related to shared
SNPs and their respective frequencies, end up closer to each other [135, 113, 66].

While the method makes no demographic assumptions, observed patterns in projections
are frequently interpreted in the light of simple historical processes. For example, a clustering
of individuals into several clear groups is often taken as evidence of long-standing population
substructure [e.g. 81], and it is possible to formally test this clustering [115]. However,
several simple historical processes can be superimposed, and high dimensional projections
are hard to visualise, so the inheritance of multiple ancestry components by one population
can be difficult to detect. Moreover, markedly different historical processes can produce
similar projection patterns. In the original applications of the method by Menozzi et al.,
gradients were read as evidence of outward migration from a source population. It has since
been shown that this pattern can be produced through isolation-by-distance in equilibrium
demographic models [110]. McVean (2009) showed that the projective distance between
individuals increases with their mean coalescent time [90]. This provides a systematic way
to generate and assess plausible histories of a sample provided sequences are close in age
(McVean’s implicit assumption). While it is still a useful summary of genetic similarity,
no similarly straightforward theoretical interpretation of the PCA of a mixed ancient and
modern sample has been proposed.

STRUCTURE-like population identification Populations are commonly identified
using methods which assume sequences are drawn from an admixture of several discrete
populations. Usually, the number of populations K is preset. These clustering methods
include STRUCTURE [121], Frappe [163], and ADMIXTURE [1]. The approach underlying
the earliest of these, STRUCTURE, is still influential. It assumes that each population
is in Hardy-Weinberg equilibrium, and that loci are unlinked and so in complete linkage
equilibrium. Populations are characterised by their allele frequency distributions at sample
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loci, and individual sequences are supposed to have been generated by sampling randomly
from the distribution of the appropriate population at each locus. Individuals might draw from
multiple populations according to their “ancestry components”. The novelty of STRUCTURE
lay in its ability to jointly infer the allele frequency distributions of the K populations and
the ancestry components of individuals. Other methods take a similar approach, but differ
in their choice of inferential framework. For example, where STRUCTURE uses MCMC
to estimate model parameters, ADMIXTURE achieves considerable performance gains in
computational time using maximum likelihood techniques based on the same underlying
likelihood function. There is no consensus on the best way to choose K, but since many
values of the parameter are typically informative, the methods tend to be run on several. If
a single optimal K is desired, STRUCTURE chooses the number with greatest estimated
model evidence, while ADMIXTURE chooses the number which produces the most robust
output when random portions of the data are masked.

These methods have succesfully recapitulated known historical patterns of migration.
Famously, STRUCTURE was used by Rosenberg et al. (2002) to detect genetic clusters
corresponding to continental groups as well as smaller-scale subpopulations [136]. However,
they are liable to misinterpretation when populations have complex migratory histories [32].
In addition, assuming a discrete population substructure where variation between samples
is continuous, is likely to bias inferences. PCA can help to decide the appropriateness of
the discreteness assumption, although recent work by Bradburd et al (2017) more directly
addressess this problem [11]. Another concern with these approaches is that little validation
has been performed on the effects of staggered sampling times on their output and interpre-
tation. Evidence that does exist suggests differences are likely to be significant [55]. Without
further study, it is difficult to say how best to interpret these methods on datasets featuring
both modern and ancient sequences.

Ancestral admixture analysis using f-statistics Although they incorporate no explicit
historical models, the output of methods like ADMIXTURE are often informally interpreted
in the light of ancestral relationships between populations. Methods which model ancestral
relationships are usually based on admixture graphs which modify population-level generali-
sations of phylogenetic trees by allowing populations to descend from combinations of several
ancestral sources. An influential statistical framework for fitting admixture graphs uses the
recently developed family of f -statistics [134, 114].

Their key observation is that it is possible to additively partition drift along branches of
an admixture graph. Shared branches between populations are revealed by the covariance
of allele frequencies. This insight underpins the definition of the first quantity F2(P1, P2) =
E[(p1 − p2)2]. In this notation, P1 and P2 refer to populations, and p1 and p2 refer to
allele frequencies of biallelic loci in the respective populations. This quantity can be used
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to derive a distance metric between populations, measuring the amount of shared drift
between them and thereby, for example, allowing us to construct a similarity matrix of a
sample of populations. Using classical results from phylogenetics, we could use this matrix
to test the treeness of a sample. However, F2 is more important as a theoretical quantity
underpinning the definition and analysis of the quantities F3(P0; P1, P2) = E[(p0−p1)(p0−p2)]
and F4(P1, P2; P3, P4) = E[(p1 − p2)(p3 − p4)]. (The notation is analogous to that of the
definition of F2.) These are theoretical quantities; the corresponding sample statistics are
referred to as f2, f3 and f4. The most important application of f3 is as an admixture test,
while f4 is used most often to determine admixture proportions under an admixture graph
model. Related to this framework is the D-statistic, described in more detail in Chapter 5.

Peter (2016) has shown intuitive connections between f -statistics, classical phylogenetics,
and the expected branch lengths of coalescent trees [117]. An inference from this analysis
is that f3 has greatest power as a test for admixture when admixture proportions (from P1

and P2 into P0) are equal, when the target population (P0) has a large effective population
size, and when the original split between populations is much earlier than the secondary
contact. This illustrates the general fact that the expected values of these statistics depend
on certain features of demographic history. Less pertinent when the statistics are used as a
binary test for admixture or treeness, demography should be considered in applications where
the statistics are used to fit model parameters or compare likelihoods of admixture graphs.
Patterson et al [114] warn that the methods should be used cautiously in situations where
populations have experienced a greater than expected amount of drift due, for instance, to
serial founder effects.

Some other admixture graph methods, such as TreeMix [118], based on F3 and F4 statistics,
automatically optimise graph choice. Although, as generally used, the ADMIXTOOLS
framework requires user specified models and it is unclear in applications if any possible
graphs are missed from their model selection. One deeper simplifying assumption the
framework makes is that the underlying relationships between populations can be modelled
with the graph structure. However these graphs cannot explicitly model periods of migration
which do not amount to merging or splitting of populations. It is uncertain how these other
forms of demographic relationships between populations can affect inferences, although the
theoretical results of Peter, mentioned above, provide a starting point.

Haplotype-based approaches Sets of haplotype segments which share a long ancestral
history are particularly useful in demographic analysis. They can be identified in several
ways. In principle they can be derived from the ancestral recombination graph of a sample,
but since this is computationally difficult to infer, approximate methods have been developed.
One powerful model is the the Li and Stephens copying model [73], upon which popular
tools like ChromoPainter are built [67]. ChromoPainter determines the local ancestry of
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segments according to their similarity to haplotypes in a reference, or “donor”, set. The
“painting” of some locus of a modern haplotype by a donor is equivalent to identifying the
donor which has the most recent common ancestor with the modern individual at that locus,
relative to the other donors. Sites of historical recombination correspond to endpoints of the
segment intervals, also called “chunks”. ChromoPainter infers these using the Li and Stephens
hidden Markov model. One application of ChromoPainter is to study the local structure of
populations, and the tool most commonly employed to do so is fineSTRUCTURE [67]. These
approaches are limited by the requirement that data is well-phased.

Skoglund et al (2015), working with a sample of modern and ancient haplotypes, used
ChromoPainter to obtain segments of shared ancestry [148]. They use a pair of ancient
sequences as the donor set with which they paint a sample of modern sequences. For each
modern haplotype, they compare the respective counts of chunks painted by the ancient
sequences. This analysis is conducted on a geographically widespread modern sample and
complemented with global admixture tests based on D and f statistics. However, chunk-
counts can be difficult to interpret in isolation. The difference in donor-matched chunks
depends on the relative window of opportunities for coalescence with the ancestors of the donor
haplotypes. Human population coalescent times inferred by methods like PSMC, suggest
that many coalescent events will be old. Thus many chunks will coalesce in the common
ancestors of all study populations. A random portion of the matches with donors will then
be independent of recent population history. The extent to which this will bias chunk-counts
in any individual study should be accounted for with demographic models which incorporate
parameters known to affect opportunities for coalescence, such as effective population size,
migration conditions, and population substructure. The age of ancient sequences, if they
are significantly different, will also affect the opportunities that the ancestors of the samples
have to coalesce and should likewise be modelled. This point is expanded on in Chapter 5.

Flexible generative methods Another broad framework for fitting models of population
history involve what can be described as generative methods [65]. These are based on
using the results of simulations of potential demographic histories to fit model parameters
to observed data. In principle they can model any form of demographic process that can
easily be simulated. The most influential framework for optimising parameter choice is
the approximate Bayesian computation (ABC) approach [5]. ABC arguments involve using
descriptive statistics to summarise properties of the genetic composition of a sample, then
simulating genetic data under various historical models and optimising the choice of simulation
parameters which produce comparable summary statistics in simulated data. Parameters so
chosen are assumed to approximate the true population history. While these methods have
had some success, especially when used in limited contexts [137], they depend on choosing
informative summary statistics which can be computationally infeasible to approximate with
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simulated data. Recent approaches involve using regression methods to reduce the difficulty
of finding matching simulation parameters [23].





Chapter 3

Chimpanzee, Bonobo, and
Orangutan Population History

Demographic processes which have shaped the genetic diversity of hominins have had a
similar influence on non-human great apes. The family is phenotypically diverse and extant
species have survived markedly different environmental and demographic conditions. These
differences allow us to compare the effects of demographic processes on closely related species
under varying conditions, and to better isolate their consequences. Given the unusual amount
of data we have on great apes, this exercise provides insight into genomic evolution with
relevance beyond the family.

In this chapter we look at historical effective population size trajectories and cross-
population gene flow in the orangutans, and in chimpanzees and bonobos. Inferences of these
histories are made using the sequential Markovian coalescent (SMC) methods described in
Chapter 2 and draw on the largest known whole genome datasets available for these species.
The chapter is divided into two sections. Except where indicated the material is original.
The first focuses on orangutans and incorporates material I produced for Nater et al (2017)
[102] and Mattle-Greminger et al (2018) [86]. The second section looks at both chimpanzees
and bonobos, and is based on analyses I produced for de Manuel et al (2016) [24].

The comparison between these two genera is particularly interesting given that specia-
tion in the orangutans occurred across now-isolated islands (Borneo and Sumatra) which
experienced different climatic and environmental histories. (According to recent evidence,
speciation also occurred within Sumatra, though as I will describe below we have less salient
information about this event.) On the other hand, chimpanzee and bonobo speciation is
thought to have occurred due to the formation of the Congo River which, it has been argued,
separated their common ancestors from each other and facilitated genetic differentiation.
Either side of the river, however, environmental and climatic conditions are unlikely to have
been very different. Thus a comparison between the effects of speciation and migration on
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the species has some interest for questions about the role of environment in speciation and
demographic change. Both genera have also experienced periods of range contraction and
expansion, and provide case-studies in the effects of environmental change on demography.

I further address questions related to the accuracy and interpretation of SMC-based
methods, and their appropriateness in answering specific demographic questions. The
particular histories of orangutans and chimpanzees, and their close relationship to humans,
make them good species to empirically test the applicability of these methods. I end with
some description and analysis of questions related to population substructure which arise as
a result of trying to interpret the effective population size trajectories, though this question
is looked at more systematically in the next chapter.

3.1 Orangutan demographic history

3.1.1 Background

Orangutans are the only non-human great apes found outside Africa. Of surviving hominid
lineages, they are descendants of the branch which diverged earliest from the others. They are
currently native only to Borneo and Sumatra, South East Asian islands which give their names
to the two historically recognised species: the Bornean orangutan (P. pygmaeus) and the
Sumatran (P. abelii) [41]. Recently, evidence has been put forward supporting the existence
of a third species on the island of Sumatra, the Tapanuli orangutan (P. tapanuliensis) [102].
This evidence was largely morphological and behavioural. As will be seen below, genetic
support for the classification can be ambiguous. In this chapter I most often refer to the
various populations of orangutan by geographic location, and for the sake of clarity when
modelling demography will largely set aside recognised species or subspecies designations.
Where relevant, I shall indicate how the geographic labels relate to taxonomic classifications.
Note that the designation of the new species leaves us with slightly misleading names for the
previous species. I shall occasionally have to refer to “the orangutans on Sumatra” to mean
collectively the Sumatran and Tapanuli orangutans.

The paleogeography of Sundaland Borneo and Sumatra are part of the Sunda shelf.
Varying sea levels during the Pleistocene (about 2.6 Mya to 12 kya) periodically exposed
currently submerged parts of the shelf [42]. Relative to other Equatorial regions there is a
great difference between the area of land exposed today and the area exposed during glacial
periods [169]. During the last glacial maximum (24-18 kya), for example, both islands formed
part of the Sundaland landmass which connected many islands in the vicinity to mainland
Asia and formed a subcontinent approximately as large as Western Europe [9]. It is unknown
when the periodic passages of land connecting the islands supported rainforests rich enough
to allow the spread of the largely arboreal species. Paleo-geographic evidence suggests that a
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Savanna corridor ran through the middle of Sundaland during glacial periods, separating
modern-day Sumatra, Borneo and Java, and possibly obstructing the migration of orangutans
while facilitating the spread of Homo species [43, 9].

The fossil record currently supports a model in which orangutans gradually spread
southwards from southern China, where they lived during the early Pleistocene (about 2.6
Mya to 780 kya), to the South East Asian islands, including Java, by the late Pleistocene
(about 126 kya to 12 kya) [156]. Setting lower bounds by the fossil record, they reached Borneo
at least as early as 50 kya, Sumatra 80 kya, and Java 120 kya, after which environmental
changes greatly reduced forest cover in the region, leaving those islands the only remaining
orangutan habitats [156]. The arrival on Sumatra precedes the earliest evidence for humans
on the island by at least 10000 years [174]. Humans are thought to have played a major
role in reducing orangutan population sizes in more recent times, and especially closer to
the onset of the Holocene (12 kya) after the emergence of technology to hunt tree-dwelling
animals and after forests were degraded for the purposes of agriculture [156].

Environmental conditions have at times varied between Borneo and Sumatra (including
during periods when the islands were connected) [179]. Research into the correlations of
orangutan phenotype with environment has focused on the current habitats of various
populations [e.g. 86]. These conditions may not provide a representative view of the recent
conditions under which orangutans evolved given the species’ drastic reduction in range and
the extreme environmental changes the region experienced during the late Pleistocene [156].
Nonetheless, it has been argued that the regions in Sumatra where orangutans are currently
found have been historically more hospitable. For example, soil conditions have supported
increased fruit production, the orangutan’s primary source of food [179]. These conditions
currently allow orangutans on Sumatra to live at higher population densities than those on
Borneo [84].

Sumatran and Tapanuli orangutan habitats are confined to small regions in northern
Sumatra. In this study, we have samples from Sumatran orangutans found in Langkat, North
Aceh, and West Alas, and Tapanuli orangutans found in the Batang Toru region, their only
known habitat. For a summary of the geographic locations of all the individuals in our
sample, see Figure 3.2. These species are phenotypically different from Borneans in terms of
their morphology, metabolism, cognition and social behaviour, and it has been suggested
that some of these differences can be accounted for by adaptation to distinct environments
[86]. Differences between Tapanuli and Sumatran orangutans in these aspects are smaller,
but have been argued to be distinctive enough to justify different species classifications [102].
Since their current ranges are separated by around 100km [102] it is harder to explain these
as environmental adaptations unless at least one of the current populations is a remnant
of a population whose range extended further away. It has been hypothesised that the
relatively high altitude of the rainforests inhabited by Tapanuli orangutans might have caused
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adaptations not found in Sumatrans [177], but we do not know how typical this condition is
in the recent history of the Tapanulis. In addition, Lake Toba, formed after the Toba volcano
supereruption about 70 kya, lies between the Tapanuli and Sumatran orangutan ranges and
it has been speculated that this limits gene flow between the populations [102].

Bornean orangutan habitats are spread across the island. In this study we have obtained
samples from each of the three recognised subspecies: P. p. pygmaeus from Sarawak, P. p.
wurmbii from Central and West Kalimantan, and P. p. morio from North Kinabatangan,
South Kinabatangan and East Kalimantan (see Figure 3.2). These territories span a much
larger total area than orangutan regions in Sumatra, and were estimated in 2008 to support
roughly an order of magnitude more individual animals (approximately 54000 compared to
6500), although Borneans are thought to have been much more affected by the degradation
of forests in recent years [176]. The current regions in Borneo also span a far greater range
of latitudes than the orangutan territories on Sumatra.

Current knowledge of orangutan genomic evolution Research based on mitochon-
drial and microsatellite variation have suggested deep divisions between orangutans on
Sumatra and Bornea, and have also indicated population structure on both islands correlating
with regional geography and natural barriers to migration [e.g. 4, 103, 101]. The draft
assembly of an orangutan genome was first published in 2011, by Locke et al [77]. They
sequenced an additional 10 genomes, five each of the recognised species at the time. Their
findings pointed to a greater historical effective population size among the Sumatrans, despite
their lower census population size today. Reanalysis of this data has highlighted apparent
discrepancies in the TMRCA of mitochondrial and autosomal sequences which some studies
have suggested are significant enough to require an explanation based on sex-biased migration
between regions across islands [e.g. 78]. However, there has been little formal modelling of this
scenario. The relatively low sequence coverage and geographic range of this study prompted
Prado-Martinez et al (2013) to collect a larger and higher quality sample in their comparative
study of great ape evolution [120]. Their sample extended the geographic range of publically
available orangutan sequences although it included no sequences from the Batang Toru region,
in which the Tapanuli are found, and neither from the Kinabatangan and East Kalimantan
regions of Borneo. This meant, for example, that only a single low coverage (6.03x) sequence
of the P. p. morio subspecies was available. There were also too few high-coverage samples
in these studies to undertake a thorough SMC-based analysis of cross-coalescence between
populations, as done in this study. Despite these limitations, Prado-Martinez et al. showed
interesting historical variation between the available populations and corroborated the finding
of historically greater population sizes on Sumatra.
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3.1.2 Results

Data In order to overcome these and related limitations, Nater et al. (2017) sampled the
36 orangutan sequences used in this study [102]. They pooled 16 new sequences with the 20
previously collected by Locke et al. [77], and Prado-Martinez et al. [120] (10 specimens from
each study). Sequence coverage of the new sequences is on average greater than the coverage
in the study by Locke et al. The final set of sequences, along with coverage information,
is summarised in Figure 3.1. All but 5 of the sequenced genomes derive from wild-born
individuals. The animals bred in captivity are nonetheless known to be first-generation
offspring of wild-born animals of the same species. The ancestral locations of the remaining
samples were inferred by Nater et al. using mitochondrial haplotypes, which, given the
great degree of philopatry in orangutans and previous research on mitochondrial variation, is
thought to strongly correlate with geographic location. The total collection consists of 16
individuals from Sumatra (including 2 from the Tapanuli species which was first classified in
this study) and 20 from Borneo, spanning almost the entire present-day range of orangutans.
Relevant for the analysis of ancestral gene flow between populations, the sample has 14 males.
The geographic extent of the sample is shown in Figure 3.2, which was produced by Nater et
al.

PCA As a summary of autosomal genetic distance between samples, Nater et al. produced
the principal component analysis shown in Figure 3.3. (Further information about this
technique is presented in Chapter 2.) There are three striking clusters in this analysis.
These correspond to the newly proposed taxonomy of the genus, illustrated on the figure.
The strongest signal of divergence, along the first principal component (which accounts for
34.2% of the variation), is between the orangutans on Borneo and those on Sumatra. The
other striking difference, seen largely along the second principal component (which explains
3.6% of the variation), is between the orangutans either side of Lake Toba, namely the
Tapanuli (Batang Toru) and the Sumatrans. There are also noteworthy differences between
the recognised subspecies of Bornean orangutans.

Autosomal PSMC analysis I estimated historical changes in effective population size
using PSMC [70]. This approach is discussed in Chapter 2, with further information provided
about the application in this study in Section 3.3. The results are shown in Figure 3.4. First,
observe that the plots show drastic variation between time steps and individuals in the most
recent and oldest periods. These effects are likely to be artefacts, as discussed below. In
the most recent time periods, the fossil record suggests that orangutan populations on both
islands declined, especially since the end of the Pleistocene (from about 20 kya) [156]. This
is consistent with the hypothesis that a recent decline in orangutan populations was due to
human intervention. In the oldest periods the variance between individuals is also unlikely to
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Pongo Species Location ID Sex Coverage Source

P. abelii West Alas PA_KB4361 F 5.66 Locke et al. 2011
P. abelii Langkat PA_KB4661 M 4.76 Locke et al. 2011
P. abelii Langkat PA_KB5883 M 4.99 Locke et al. 2011
P. abelii West Alas PA_SB550 F 4.86 Locke et al. 2011
P. abelii Langkat PA_A947 F 27.39 Prado-Martinez et al. 2013
P. abelii Langkat PA_A948 F 23.71 Prado-Martinez et al. 2013
P. abelii North Aceh PA_A949* F 27.39 Prado-Martinez et al. 2013
P. abelii Langkat PA_A950 F 26.28 Prado-Martinez et al. 2013
P. abelii Langkat PA_A952 M 21.03 Prado-Martinez et al. 2013
P. abelii West Alas PA_B017 F 13.74 Nater et al. 2017
P. abelii North Aceh PA_B018 M 16.31 Nater et al. 2017
P. abelii West Alas PA_B020 F 16.3 Nater et al. 2017
P. abelii West Alas PA_A953 F 17.78 unpubl. Prado-Martinez et al. 2013
P. abelii West Alas PA_A955 F 25.27 unpubl. Prado-Martinez et al. 2013
P. tapanuliensis Batang Toru PA_KB9528 F 5.79 Locke et al. 2011
P. tapanuliensis Batang Toru PA_B019 M 16.92 Nater et al. 2017
P. pygmaeus Central Kalimantan PP_KB4204 M 5.61 Locke et al. 2011
P. pygmaeus Central Kalimantan PP_KB5404 F 12.24 Locke et al. 2011
P. pygmaeus Central Kalimantan PP_KB5405 M 5.61 Locke et al. 2011
P. pygmaeus Sarawak PP_KB5406 F 4.9 Locke et al. 2011
P. pygmaeus East Kalimantan PP_KB5543 M 6.03 Locke et al. 2011
P. pygmaeus Sarawak PP_A939* F 20.48 Prado-Martinez et al. 2013
P. pygmaeus Central Kalimantan PP_A940* F 21.8 Prado-Martinez et al. 2013
P. pygmaeus Central Kalimantan PP_A941* F 23.17 Prado-Martinez et al. 2013
P. pygmaeus Central Kalimantan PP_A943 F 24.17 Prado-Martinez et al. 2013
P. pygmaeus Central Kalimantan PP_A944 M 23.32 Prado-Martinez et al. 2013
P. pygmaeus South Kinabatangan PP_5062 M 13.81 Nater et al. 2017
P. pygmaeus West Kalimantan PP_A983 M 29.71 Nater et al. 2017
P. pygmaeus East Kalimantan PP_A984 F 29.89 Nater et al. 2017
P. pygmaeus East Kalimantan PP_A985 M 30.13 Nater et al. 2017
P. pygmaeus North Kinabatangan PP_A987 F 30.65 Nater et al. 2017
P. pygmaeus North Kinabatangan PP_A988 M 31.06 Nater et al. 2017
P. pygmaeus South Kinabatangan PP_A989 F 27.3 Nater et al. 2017
P. pygmaeus Central Kalimantan PP_A938* F 18.62 unpubl. Prado-Martinez et al. 2013
P. pygmaeus Sarawak PP_A942* F 23.12 unpubl. Prado-Martinez et al. 2013
P. pygmaeus Sarawak PP_A946 M 22.39 unpubl. Prado-Martinez et al. 2013

Fig. 3.1 Summary of orangutan sequences used. Asterisks indicate animals which were not wild-born
and had their locations inferred using mitochondrial haplotype.
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Fig. 3.2 Location and population designation of orangutans used in study. Grey outline indicates the
exposed region of the Sunda shelf (the Sundaland continent) during the last glacial maximum (LGM,
24-18 kya). At its greatest extent during the Pleistocene, including during the LGM, Sundaland had a
total area comparable to the area of Western Europe today [9]. Figure taken from Nater et al. (2017)
[102]. Note that this version predates the proposal of the new species, so the Batang Toru are here
still considered Sumatran orangutan.
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Fig. 3.3 Principal components analysis of orangutans. Image based on analysis by Nater et al (2017)
[102]
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be a result of genuine changes in Ne as all individuals are likely to trace the same proportion
of their ancestry to the same populations, but the inferred values shown in the plots at this
time period vary considerably by individual. The increased variance between individuals
is thus most likely caused by the sparsity of coalescent events in the very recent and very
distant pasts. This leaves PSMC with too few data points to draw reasonable inferences
during these periods. Similar effects have been seen in human populations and other great
apes [e.g. 70, 24].

From the present until 500 kya, the inferred Ne trajectories show clear differences in
demographic history of the orangutans found on different islands. The populations on
Sumatra appear to have historically higher effective population sizes, and also undergo fewer
bottlenecks. The only noticeable decline occurs at around 80-90 kya and lasts until about 20
kya. This decline appears to affect all the individuals on Sumatra, regardless of population
location or species designation. It is difficult to distinguish the Tapanuli (Batang Toru)
individuals from the Sumatrans on this analysis. The Bornean populations undergo two
marked bottlenecks. The first occurs at around 300-500 kya, and the second occurs 50-150 kya.
These bottlenecks, and the lack of noticeable recovery, leave the Bornean orangutans with
historically lower population sizes than the Sumatrans for most of the period in which their
differences are distinct. The fact that the Borneans never recover their previous population
size after the bottlenecks, suggests that the cause of the loss of population might be range
restriction. The decline in the Sumatran population in the late Pleistocene (about 12-126
kya) is not as sudden as previous PSMC analyses have shown [120, 102]. It was suggested
that a sudden decline in population size around 70 kya might have been caused by the Toba
eruption. Since PSMC has been shown to smear out drastic sudden changes in population
size [70], the gradual change in this particular analysis is not necessarily inconsistent with
previous plots. Differences in filtering and variant calling in other studies may have produced
sufficient differences to cause this discrepancy. I return to a discussion about sequence quality
and the effect of variant calling methods below. Observe also that the Sumatran island
individuals exhibit greater variation in their effective size trajectories in this recent period.
This might be caused by natural variation in Ne , due possibly to population structure [87],
or methodological variation caused by the low density of coalescent events, as mentioned
above.

In Figure 3.5, all populations are plotted together. Here I have selected only the high-
coverage (>20x) sequences. Observe that variation between individuals within respective
islands is significantly reduced relative to the previous plots, suggesting that poor sequence
quality acted to decrease the accuracy of inference. However, note that a single Sumatran
individual’s curve follows a significantly different path to the others, in that between 30 kya
and 100 kya is has a much lower inferred effective population size than the others. It is also
follows the atypical trajectory in the most recent displaye time interval, shooting upwards
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before the other Sumatran curves. I cannot explain this discrepancy, since while the individual
(PA-A952) does have lower sequence coverage than the others in this plot (21x), it is not
very much lower than the next lowest coverage (PA-A948 with 24x coverage). In addition, it
was not born in captivity, and was sequenced as part of the original Prado-Martinez et al
(2013) study, so there is no more reason to be sceptical of its provenance or recent ancestry.

Without filtering out the lower coverage sequences, it appears that the period during
which effective population sizes on Borneo and Sumatra are distinct lasts from the most
recent observable times until approximately 500 kya. Restricting ourselves to the higher
coverage samples, we see that the inferred population sizes are distinct earlier than this, with
the Borneans having higher estimated values. Given the wide geographic range over which
ancestral populations might have lived, this distinction would be consistent with old (earlier
than 500 kya) restrictions in gene flow between these populations. Some discussion of this
possibility is provided in the following section, but I do not explore this further.

In addition, even if we assume that their ancestors had the same effective population size
earlier tha 500 kya, it would not be possible to determine the separation time between ancestral
Borneo and Sumatran populations using this information alone. Under this approximation,
reading from the past to the present (right to left), the period during which the trajectories
start to differentiate can be interpreted as the time during which their ancestral populations
began to diverge. In the simplest model, in which a single population bisected and the two
subpopulations gradually separated, this can be read as a lower bound on the time at which
divergence would have occurred. This is the case because the times at which Ne is distinct
reflects periods during which the ancestral populations were exchanging few migrants. When
Ne is the same, however, it might merely be the case that their ancestral populations are
distinct but have the same population size. Thus we cannot use this analysis alone to produce
an upper bound on the time when the populations would have started their divergence. The
time when the trajectories appear to start their divergence, however, coincides with the
earliest of the two major bottlenecks seen in the Bornean orangutans. This would suggest
that divergence between ancestral orangutan populations, and eventually speciation, occured
due to isolation of smaller populations of orangutans on Borneo.

For a discussion on bootstrapping and uncertainty, see Methods (Section 3.3).

Ancestral gene flow analysis with MSMC2 In order to explore ancestral gene flow
between populations we apply a strategy first used by Li and Durbin (2011) [70]. As discussed
above and in Chapter 2, PSMC infers the distribution of pairwise coalescent times from a
single diploid sequence. Li and Durbin realised that if you paired up one haplotype each
from phased sequences drawn from two distinct populations, then you could run PSMC on
this so-called pseudodiploid sequence. What is inferred in this case is not the Ne trajectory
of either population (nor that of the meta-population), but a measure of the rates of cross-
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Fig. 3.4 Autosomal PSMC analysis of historical effective population sizes (Ne ) of (a) orangutans on
Sumatra (Pongo abelii and Pongo tapanuliensis) and (b) orangutans on Bornea (Pongo pygmaeus).
Each line corresponds to a single individual, and colours correspond to regions in which the individuals
were found or in the case of captive-bred animals, the regions where their parents were inferred to
originate from. The Tapanuli orangutans are referred to by their geographic location “Batang Toru”.
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Fig. 3.5 PSMC analyses of individuals with high sequence coverage. “Sumatra” refers to high-coverage
sequences from all populations on Sumatra, including the Tapanuli orangutans.

coalescence between the ancestral populations. To see how this allows us to infer temporal
patterns of gene flow between populations, observe that if no interbreeding occurs between
two populations at some time T , then the rate of coalescence at that point should be zero,
and the inferred Ne effectively infinite. On the other hand, when two ancestral populations at
T are effectively a single unit, then Ne should be the same as that inferred on a usual PSMC
analysis of any individual in either population. Intermediate levels of “cross-coalescence”
should show up as intermediate values of Ne . This technique is a powerful look into the
timing and process of separation of populations, and even, in relevant cases, of speciation. It
bears mentioning however, that when this technique is applied, PSMC is not implementing
an explicit demographic model of diverging populations. The historical implications of the
technique should be thought of as a post hoc interpretation of the result (see Chapter 2).

To avoid bias induced by errors resulting from the phasing of low coverage sequences,
we focused only on male X chromosomes. Outside of the pseudoautosomal regions, these
can be seen as naturally occuring haplotype sequences. Although they may introduce bias
related to sex-specific demographic process, such as sex-biased migration, these effects are
likely not great enough to affect the broad inferences we draw in this section. As discussed in
the Methods below, this will require an adjustment to a sex-chromosome specific mutation
rate when scaling the curves to non-coalescent units.
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Fig. 3.6 Cross-coalescence analysis of Kinabatangan populations.

Inference of ancestral gene flow was carried out using the multiple sequential Markovian
coalescent (MSMC2) model [172]. The method is described in Chapter 2. It allows us to
jointly analyse male X chromosomes from any pair of populations and estimate ancestral
gene flow between the two. In Section 3.2 I compare MSMC2 and PSMC inferences and
illustrate the relationship between them.

To illustrate how the approach works, we show what is effectively a “null” run using
data from the males in North and South Kinabatangan. These are two regions in Borneo
containing the same subspecies (P. p. morio, see Figure 3.2). The orangutans here are
genetically similar relative to other Bornean orangutans, as shown in the PCA in Figure
3.3, and also geographically close. Thus we might guess that they have shared a history of
interbreeding. Setting aside the scaling of the curves, this is what is shown in Figure 3.6.
Here, the Ne curve shows the two distinctive bottlenecks that we saw in all the Bornean
autosomal PSMC analyses. This suggests that the sampling of haplotypes was chosen from
a Bornean population without significant recent substructure. However, the observation of
similarity in these curves is only true at a qualitative level. There is considerable uncertainty
in the estimate of the X chromosome mutation rate and the current value would need to
double in order to produce similar quantitative values as the autosomal estimates (see Figure
3.24 and the related discussion).
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Fig. 3.7 Cross-coalescence analysis of North Alas and Bornean populations.

In contrast, however, the following two plots, Figures 3.8 and 3.7, illustrate the cross-
coalescence curves when one group of males is from a Bornean population and the other is
either from North Aceh or Batang Toru, regions where the two different species on Sumatra
live. No other males from Sumatra were in our sample. Here we see that the inferred “effective
population size” is very different to that inferred in the previous analyses. It shows a signal
of divergence between Bornean and Sumatran ancestral populations by the gradual increase
to an effectively infinite Ne between 1.5 Ma and 500 ka. This is seen in all analyses pairing
the Northeast Alas and Batang Toru populations with the various Bornean populations. As
noted above in the autosomal PSMC analyses, a sudden cessation in gene flow between the
populations may be smeared out over a larger time span, so the actual divergence between
populations might have occurred relatively rapidly at some point between these bounds. We
detected no gene flow between the two orangutan species at any more recent time. Note
that this pattern is very different to that seen in the Kinabatangan populations and is not
comparable, even qualitatively, with any of the autosomal estimates.

The similarities between the various Bornean populations in each plot suggest either of
two possibilities: at the time of divergence the Borneans ancestors were a single interbreeding
population; or, if there were multiple subpopulations exchanging few migrants, then the extant
populations derive similar proportions of their ancestry from each of them. It suggests that
differentiation between the subspecies and regional populations occurred more recently than
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Fig. 3.8 Cross-coalescence analysis of Batang Toru and Bornean populations.

500 kya. In Figure 3.9 we show the cross-population coalescence rates in Borneo. Between 20
kya and 40 kya, we observe signals of divergence between most of the Bornean populations.
It appears that Sarawak and East Kalimantan orangutans diverged more recently from each
other than the East Kalimantan diverged from the Kinabatangan (20 kya compared with 30
kya). This is remarkable given that the latter pair of populations are considered to constitute
the same subspecies, whereas the former are not. However, due to the relative paucity of
coalescent events during this period, it is difficult to resolve accurately the order in which
the populations diverged from each other. Complex divergence processes would also tend
to obscure times of initial separation. This might be the case if populations, for example,
diverged very gradually in the presence of ongoing gene flow, or if gene flow was mediated via
a third population. As with the Kinabatangan, we observe gene flow between the Sarawak
and Central/West Kalimantan populations until recent times. While less surprising from
a geographic point of view, it is nonetheless unexpected given their different subspecies
classification.

Observe that the two Borneo-Sumatra divergence plots are very similar. The cessation
of gene flow between the Northeast Alas and all Bornean populations, and between the
Batang Toru and all Bornean populations, occurred at similar times. It appears as though
the ancestors of the Batang Toru may have diverged slightly more recently from the ancestors
of the Borneans, though that difference may not be significant, especially since this analysis
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Fig. 3.9 Cross-coalescence analysis of Bornean populations.
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Fig. 3.10 Cross-coalescence analysis of Sumatran populations.

was run on only a single Batang Toru male. The fact that the times are similar in the two
plots suggests that the Batang Toru and Northeast Alas populations have close histories.
Most likely there was substantial gene flow between ancestral Batang Toru and Northeast
Alas populations during the period of divergence from Bornean populations. This would be
consistent with their PCA projections, since the variance explained by PC1 is 34.2% and the
Sumatran island populations are distinctly separated from the Bornean populations along
this principal component. Further evidence of this gene flow is provided by a cross-population
analysis of the Northeast Alas and Batang Toru, Figure 3.10, indicating continuous gene flow
at least until the most recent point in time the method can detect. It does however show a
gradual reduction in gene flow between the Batang Toru and North Aceh populations from
around 1 Mya to 100 kya, followed by a subsequent increase of gene flow to more recent times.
It is uncertain what degree of gene flow over this length of time might induce the degree
of genetic differentiation associated with an apparent speciation event. However, it is not
clear that we would be able to disintinguish the curve observed here from a single autosomal
PSMC analysis of a Sumatran individual. In other words, this analysis does not support a
scenario in which the Batang Toru and Northeast Alas were historically distinct populations.
In Chapter 2 there is a brief discussion on the implications of gene flow for various concepts
of species and the process of speciation. Under the species concept used by Nater et al this
signal of gene flow did not disqualify the populations from consideration as distinct species.
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Fig. 3.11 Map of Pan species and subspecies ranges. Note subspecies name vellorosus is now
designated ellioti. Image credit: Wikimedia Commons.

3.2 Chimpanzee and bonobo demographic history

3.2.1 Background

The Pan genus is phylogenetically closer to hominins than to orangutans [37, 64, 120].
Two extant Pan species are recognised, the common chimpanzee (P. troglodytes, also just
“chimpanzee”) and the bonobo (P. paniscus, historically the “pygmy chimpanzee”), and the
chimpanzees consist of four recognised subspecies: Eastern (P. t. schweinfurthii), Central
(P. t. troglodytes), Nigeria-Cameroon (P. t. ellioti), and Western (P. t. verus) chimpanzees
[41, 111]. Living in dense tropical rainforests, members of the genus are currently spread
across several Central and West African countries. Deforestation and hunting have led to a
drastic reduction in their population sizes and they are both currently classified as endangered
[54].

Biogeography and Pan evolution The Congo River, the second largest river by volume
after the Amazon [138], forms a natural boundary today between the habitats of chimpanzees
and bonobos [20, 164]. Neither species is known to swim. The right bank of the river marks
the outer limit of the territories of Eastern and Central chimpanzees, while bonobo habitats
reach only as far as the left bank. (In the relevant regions the right bank is largely north
and west of the river.) The ranges of species and subspecies are shown in Figure 3.11. This
division in the geographic distribution of the genus is thought to play a key role in its
evolutionary history. It has been widely speculated, for example, that the formation of the
Congo River was the main cause of bonobo-chimpanzee speciation, since the newly-forming
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river is believed to have bisected the range of an ancestral Pan species and limited gene flow
between the resulting populations on either side[e.g. 14, 164].

However, there has been little discussion of the geographic and evolutionary conditions
under which this scenario could be supported. Takemoto et al. (2015) raised four major
questions about the role that the Congo River played in bonobo-chimpanzee speciation
[161]: (1) whether ancestral Pan was found on both sides of the river; (2) whether the
formation of the Congo River was the proximate cause of the division of the bonobo and
chimpanzee ancestral populations; (3) whether, or during which periods, the river formed an
imsurmountable barrier to gene flow; and (4) whether ancestral Pan was adapted to savannah
regions and could have had a much larger range than its extant descendents. Depending on
the answers to these questions they lay out several possible hypotheses about the process
of speciation, including: that the newly-forming river bisected the ancestral Pan range into
discrete territories causing speciation; that the river is old but that a migration of proto-Pan,
either from the North or the West, divided the ancestral populations either side of it, after
which forests contracted and migration decreased; that the ancestors lived on the right bank
of the river and that during various arid periods, water levels were low enough that the river
could be crossed, but that for extended periods this was rare and allowed speciation to occur.

Although there is little evidence in the fossil record, some findings from paleogeography
weigh in against several of these hypotheses. The first recognised ancestral chimpanzee fossil
was reported in 2005 [88], at the same time as the draft assembly of a chimpanzee genome
was first published [173]. The fossil was dated to the Middle Pleistocene (≈ 500 kya), and
was found in the Rift Valley, far east of the current chimpanzee range. This provides evidence
of extensive migration by ancestral members of the genus, but since the fossil is more recent
than the hypothesised speciation time (see below) it is largely uninformative about any
migrations which could have led to speciation. The ancient range might, for example, be the
result of a post-speciation eastward migration of ancestral chimpanzees. There is also little
evidence that common ancestors of chimpanzees and bonobos were adapted for savannah
habitats. As a result, there is little reason to think that their habitats were much different
than in recent millenia, although a limited fossil record leaves this uncertain. The changing
distributions of forests is also poorly understood.

In addition to proposing the hypotheses above, Takemoto et al. review evidence on the
age and evolution of the Congo River: in the last twenty years, hydrological estimates have
put the age of the current form of the river as at least 5 My [e.g. 138, 158], while sedimentary
evidence suggests the river formed at least 16 Mya [e.g. 3]. Both these estimates are much
older than the apparent chimp-bonobo speciation time (see below). Takemoto et al. also
suggest that aridity during glacial periods made crossings possible, although the locations of
the possible crossings are hard to determine with current evidence [161]. As a result, they
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favour the last of the hypotheses, and rule out the possibility that gene flow stopped as a
result of the formation of the Congo.

The non-overlapping regions over which chimpanzee subspecies range are spread across
several countries in Central and Western Africa (see Figure 3.11). North of bonobo territory
is the region in which Eastern chimpanzees are found. Mimicking the local border between
the two Congo nations, the territory is separated from that of Central chimpanzees, to their
west, by the Ubangi River. This additional example of populations being separated by a
river is further evidence of water systems in the region affecting animal demography, though
there is as yet little we can say about gene flow across this barrier. Further west and to
the north are the regions of the most recently recognised subspecies, the Nigeria-Cameroon
chimpanzee, and west of that the region of the Western chimpanzee. These populations are
found relatively far from the other chimpanzees. It appears from their current distributions
that their ancestral populations were confined to refugia, and separated into from other
populations during drier periods, when forest ranges contracted. Though the history of
changing forest cover, as mentioned above, is poorly understood, as is the history of gene
flow between subspecies. No ancient DNA from the ancestral Pan genus has been published.
As such, it is difficult to know how far current geographic distributions reflect historical
territories, though chimpanzees and bonobos are not as migratory as humans.

Current knowledge of Pan genomic evolution As with the orangutans, several mito-
chondrial DNA (mtDNA) and microsatellite studies of chimpanzees and bonobos have been
undertaken. Phylogenies constructed on the basis of mtDNA show chimpanzees and bonobos
forming respective monophyletic clades, and thus support the major division of species [53].
While most of the studies which focus on chimpanzees support an early division within the
species between the Eastern and Central populations, and the Western and Nigeria-Cameroon
populations, it was not initially clear that phylogenies in the latter clade supported the
subspecies designation of the Nigeria-Cameroon population [6]. Larger samples in recent
mtDNA and microsatellite studies have however shown this secondary division within the
major chimpanzee clades [76, 10, 36], with results largely coinciding with taxonomy. Recent
work has also allowed some demographic modelling of the species history, showing distinct
demographic histories of chimpanzees and bonobos [53]. Within bonobos, mtDNA-based
analyses have been interpreted as showing smaller rivers acting as barriers to gene flow,
resulting in detectable population structure [57, 162].

As mentioned in Chapter 2, and previously in this chapter, there is greater uncertainty
in demographic conclusions drawn from small numbers of loci. The draft assembly of the
chimpanzee genome was published in 2005 and allowed the study of variation at the genomic
level [173]. The bonobo genome was first published in 2012 [123]. Prado-Martinez et al. (2013)
looked at a sample of chimpanzee and bonobo genomes from across the species’ ranges [120].
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They constructed a neighbour-joining phylogenetic tree and ran FRAPPE and PCA analyses
on their sample, which supported long-standing divisions between chimpanzee subspecies.
Indeed, their results support a deeper historical division between Nigeria-Cameroon and
Western chimpanzees than between Eastern and Central chimpanzees. This is striking given
initial difficulties in showing the significance of the division in the former clade using mtDNA
based on larger numbers of individuals. Nonetheless, Prado-Martinez et al. also provide
evidence of recent gene flow between Nigeria-Cameroon and Eastern chimpanzees. They
ran PSMC on their samples, showing comparatively high historical Ne in the chimpanzees
relative to the other great apes, and distinct historical Ne trajectories within the subspecies.
However, they had too few male sequences to perform a population-level cross-coalescence
analysis of the sort done below.

Most recently, de Manuel et al. (2016) collected a larger sample of chimpanzee sequences
and produced a more thorough analysis of Pan demography which this study formed part of
[24]. Their central finding has to do with gene flow between the species. Chimpanzees and
bonobos have been reported to hybridise in captivity [167], but no example of interbreeding has
been observed in the wild. Initial tests for interbreeding between bonobos and chimpanzees,
reported when the bonobo genome was first published, supported the scenario of no inter-
species gene flow after their ancestral divergence [123]. Several lines of evidence put forward
by de Manuel et al. did suggest however that gene flow occured between chimpanzees and
bonobos at some ancient time.

3.2.2 Results

Data de Manuel et al. sequenced 40 new chimpanzee whole genome sequences. Pooled
with Pan samples sequenced in previous studies (see Methods), the total dataset consisted
of sequences from 69 individuals, including 10 bonobos. The individuals were found in
sanctuaries in Europe and Africa. The pair of chimpanzees which contributed the samples
out of which the reference genome was assembled were not wildborn, and one was excluded in
several analyses because it was a hybrid of two different subspecies (see below). There were
24 male chimpanzees and 2 male bonobos in the sample. The dataset includes new sequences
from each subspecies of chimpanzee. There exists considerable geographic information about
most of the newly sequenced chimpanzee individuals, though that information will not be
used here. It is not known where the bonobos were recovered from, but they are known to
be wildborn. Mean sequence coverage across the sample was 25x. Sequence information is
summarised in Figures 3.12, 3.13, and 3.14.

PSMC analysis of historical Ne In Figure 3.15 I show the output of autosomal PSMC
analyses run across the genus and on each individual in our sample. Broadly, all the analyses
tend to show an aggregate decline in effective population size from about 8 Mya until at
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Nigeria-Cameroon Central Western Eastern All

Number of samples 10 18 12 19 59
Number of males 4 6 6 6 22
Average coverage 17.25 23.08 26.5 30.86 24.42

Fig. 3.12 Summary of chimpanzee sample distribution and average sequence coverage

least 1.5 Mya. After this, Ne in each population recovers, but eventually, after one or two
further periods of decrease and increase, all decline to their lowest values in the periods
closest to the present. If the oldest, genus-wide, decline in Ne entirely reflects a decrease in
census population size, it might be due to a regional contraction in forest cover or pandemic
disease, followed either by expansions in forest range or recovery and resistance to the disease.
This could also be the result of mergers in ancestral populations which had previously been
sharing minimal migrants. This second possibility is discussed more below and in Chapter 4.

It is striking that individuals drawn from the same recognised species or subspecies, tend
to exhibit historical Ne curves more like each other than individuals drawn from different
populations. (A few exceptions are mentioned below.) Historical Ne trajectories correlate
with the current genus taxonomy, even supporting the previously contentious hypothesis
that the Nigeria-Cameroon chimpanzees have a distinct population history. Indeed, a naive
construction of population phylogeny based on this analysis, in which it is assumed that
inferrred Ne divergence corresponds straightforwardly with population divergence, would
produce a phylogeny close to that based on direct phylogenetic methods [eg. 24]: the earliest
separation is between the ancestral bonobo and the ancestral chimpanzee population; within
chimpanzees, the Western and Nigeria-Cameroon subspecies (the “Western clade”) split
earliest from the others, after which the pair soon began to diverge from each other; Eastern
and Central chimpanzees (the “Eastern clade”) track each other closely for several more tens
of thousands of years before also separating.

Recall the discussion in Section 3.1.2 on the implications of these analyses for population
divergence times. From about 2.5-3 Mya the bonobo Ne curves first tend to be distinguishable
from the chimpanzee curves. Divergence between the two ancestral populations would thus
have occured as least as early as that. Immediately after this, it is the ancestors of chimpanzees
which decline more rapidly in effective population size. They possess a lower Ne than bonobos
for as much as the first half of their histories as distinct populations (the time axis is in
log scale). This is surprising given the relative genetic diversity and geographic range of
chimpanzees today. For example, the hypotheses proposed by Takemoto et al. (2015),
discussed above, are more consistent with a small bonobo founding population than a small
chimpanzee one [161]. The bonobo Ne recovery after the genus-wide initial decrease peaks
at around 150 kya, although for most of the second half of their history after divergence
they have a lower Ne than chimpanzees. This more recent history is consistent with the
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ID Subspecies Origin Sex Phase

Akwaya_Jean Pan_troglodytes_ellioti Western Cameroon M 1
Banyo Pan_troglodytes_ellioti Western Cameroon F 1
Basho Pan_troglodytes_ellioti Western Cameroon M 1
Damian Pan_troglodytes_ellioti Western Cameroon M 1
Julie Pan_troglodytes_ellioti Western Cameroon F 1
Kopongo Pan_troglodytes_ellioti Western Cameroon F 1
Koto Pan_troglodytes_ellioti Western Cameroon M 1
Paquita Pan_troglodytes_ellioti Western Cameroon F 1
Taweh Pan_troglodytes_ellioti Western Cameroon F 1
Tobi Pan_troglodytes_ellioti Western Cameroon F 1
100037_Vincent Pan_troglodytes_schweinfurthii Tanzania-Gombe National Park M 1
100040_Andromeda Pan_troglodytes_schweinfurthii Tanzania-Gombe National Park F 1
9729_Harriet Pan_troglodytes_schweinfurthii Uganda-West F 1
A910_Bwambale Pan_troglodytes_schweinfurthii Uganda-West M 1
A911_Kidongo Pan_troglodytes_schweinfurthii DRC F 1
A912_Nakuu Pan_troglodytes_schweinfurthii DRC F 1
A996_Diana Pan_troglodytes_schweinfurthii DRC-South F 2
B002_Padda Pan_troglodytes_schweinfurthii DRC-Central M 2
B007_Cindy Pan_troglodytes_schweinfurthii Uganda-West F 2
B010_Ikuru Pan_troglodytes_schweinfurthii DRC F 2
N013_Tongo Pan_troglodytes_schweinfurthii Rwanda M 2
N015_Cleo Pan_troglodytes_schweinfurthii Zambia F 2
N017_Bihati Pan_troglodytes_schweinfurthii DRC F 2
N018_Trixie Pan_troglodytes_schweinfurthii DRC-east F 2
N019_Maya Pan_troglodytes_schweinfurthii DRC-South F 2
A957_Vaillant Pan_troglodytes_troglodytes Gabon-East M 1
A958_Doris Pan_troglodytes_troglodytes Gabon-West F 1
A959_Julie Pan_troglodytes_troglodytes Gabon-East F 1
A960_Clara Pan_troglodytes_troglodytes Gabon F 1
9668_Bosco Pan_troglodytes_verus NA M 1
A956_Jimmie Pan_troglodytes_verus NA F 1
A991_Berta Pan_troglodytes_verus Ivory coast F 2
A992_Annie Pan_troglodytes_verus Guinea F 2
A993_Mike Pan_troglodytes_verus Guinea M 2
B005_SeppToni Pan_troglodytes_verus Liberia M 2
B006_Linda Pan_troglodytes_verus Liberia F 2
Clint Pan_troglodytes_verus Captive Born M 1
N014_Cindy Pan_troglodytes_verus Ivory coast F 2
N016_Alice Pan_troglodytes_verus Ivory coast F 2
X00100_Koby Pan_troglodytes_verus NA M 1
B025_Marlin Pan_troglodytes_troglodytes NA F 2
B024_Negrita Pan_troglodytes_troglodytes Equatorial Guinea F 2
B023_Blanquita Pan_troglodytes_troglodytes Equatorial Guinea F 2
B022_Tibe Pan_troglodytes_troglodytes Equatorial Guinea M 2
B021_Yogui Pan_troglodytes_troglodytes Equatorial Guinea M 2
A990_Noemie Pan_troglodytes_troglodytes Equatorial Guinea F 2
B014_Coco Pan_troglodytes_schweinfurthii Zambia F 2
B013_Athanga Pan_troglodytes_schweinfurthii DRC-North M 2
B012_Washu Pan_troglodytes_schweinfurthii DRC-South M 2
B011_Frederike Pan_troglodytes_schweinfurthii Rwanda F 2
10964_Cindy Pan_troglodytes_troglodytes NA F 2
11352_Mirinda Pan_troglodytes_troglodytes NA F 2
12311_Ula Pan_troglodytes_troglodytes Equatorial Guinea F 2
12320_Lara Pan_troglodytes_troglodytes Equatorial Guinea F 2
12348_Luky Pan_troglodytes_troglodytes Equatorial Guinea M 2
12420_Gamin Pan_troglodytes_troglodytes NA M 2
13656_Brigitta Pan_troglodytes_troglodytes Reunion Island F 2
11528_Alfred Pan_troglodytes_troglodytes NA M 2

Fig. 3.13 Identifiers and regional designations of chimp individuals. Phase 1 individuals were
sequenced by Prado-Martinez et al. [120] and phase 2 by de Manuel et al. [24].
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Name Sex Sequence Coverage

Hortense F 41.66
Kosana F 43.06
Dzeeta F 48.15
Hermien F 44.87
Desmond M 46.50
Catherine F 33.18
Kombote F 39.40
Chipita F 29.60
Bono M 38.80
Natalie F 39.70

Fig. 3.14 Summary of bonobo sample individuals and sequence coverage. Total number: 10. Average
sequence coverage: 40.5.
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Fig. 3.15 Autosomal PSMC analysis of chimpanzees. Each line corresponds to an individual. Line
colours designate either the bonobos or the various chimpanzee subspecies.
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observation that bonobos have a low current heterozygosity relative to other Pan populations
[24], although heterozygosity cannot straightforwardly be read off these curves (as shown by
de Manuel et al., Western chimpanzees and bonobos have similar levels of heterozygosity,
but markedly distinct historical Ne curves).

Unlike the bonobos, each chimpanzee Ne trajectory has two peaks after the common
ancestral decline. The four subspecies begin to distinguish themselves around 0.8-1 Mya,
with the first separation occuring between the major clades recognised in the chimpanzee
phylogeny. The Western clade Ne declines over this period while the Eastern clade increases.
This suggests either that the process of separation involved smaller founding populations
in Western regions around this time, or that there were regional differences in the direction
of forest-cover size fluctuations. The latter possibility is supported by the fact that later
increases in Ne occur at similar times within the major clades, but at different times between
them. If this correlation is a result of continuing gene flow between populations within a
clade, we might expect to see this in the cross-population coalescence analysis, which is
discussed below.

In the Central chimpanzees, the first recovery of Ne after the initial genus-wide decrease
gives it momentarily a higher value than seen in any other great ape population Ne trajectory
produced by PSMC [120]. Other than for a short period around 100 kya when the Westerns
appear to have a larger effective population size, the Central Ne is at least as large as any
other chimpanzee population throughout the observed history. One result is that today
the Central chimpanzees have the highest genetic diversity in the genus, as measured, for
example, by heterozygosity [24].

It is notable that in the first and last time steps of each analysis, the inferred Ne curves
do not produce the same scattering effect seen in the orangutans at similar times. This
is likely due to the higher average sequence coverage in this analysis, or possibly the use
of more stringent variant filtering criteria (see Section 3.3). However, within both sets of
Central and the Western chimpanzee inferred Ne curves, there is a notable degree of variance
between individuals’ maximum Ne values during their more recent peaks. These lie within
a time period (30-150 kya) during which PSMC is thought to perform well on great apes
[70]. As such, it might be caused by ancient substructure within the populations [87], where
individuals draw their ancestry from subpopulations with distinct demographic histories; or
it might be an artefact of sequencing error, caused, for example, by low coverage in several
individuals. The admixture analysis Figure 3.18, shows little evidence of substructure in
the Western chimpanzees, although there is some support for substructure in the Central
subspecies. This is further explored in following section. However, the individual with the
heighest peak (the Central chimpanzee, Gamin) was sequenced to low-coverage.

Figure 3.16a shows that if we exclude all individuals with lowest sequence coverage then
some of the extreme differences between curves within populations are eliminated. However,
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(b) Phase 1 subsample.

Fig. 3.16 PSMC analysis of high-coverage subsample (see Methods), and subsample included from
Prado-Martinez et al. (2013) [120], referred to by de Manuel et al. as “Phase 1” sequences. See Figure
3.13 for sequence IDs.
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there is still considerable variability between individuals, and we cannot exclude substructure
or sequence quality as explanations for this effect. One reason to think the peaks might
be artefactual is that they occur in the second-last time interval. Although this occurs
over a time period when we expect PSMC to perform well, it is presumably still drawing
an inference from relatively few coalescent events. Figure 3.16b shows PSMC output of
individuals sequenced by Prado-Martinez et al., who did not observe the high peaks in the
Western and Central curves. This plot is more consistent with their Figure 3b, indicating
that the differences were not introduced by any change in the variant-calling pipeline (see
Methods).

Possible signal of gene flow into Nigeria-Cameroon population From about 800
kya to the present, two Nigeria-Cameroon individuals, Julie and Tobi, appear to have a
noticeably higher Ne than other members of the same subspecies (Figure 3.17a). The effect
is greater in the Ne curve of Julie. This might be a result of persistent population structure
in the population over this time period (Chapter 4), or it might be the result of natural
variation in the output of PSMC on this sample. The large variation in the curves of the
Central chimpanzees on a similar time period (Figure 3.15) suggests that the positions of the
two Nigeria-Cameroon individuals relative to the rest of the population are not unusual at
this level of sequence coverage and this sample size.

However, a similar effect is noted with Donald, a Western chimpanzee who has a much
higher Ne between 0.3-1 Mya than others in the Western subspecies (Figure 3.17b). Donald
was born in captivity and is known to be a second-generation hybrid of Central and Western
chimpanzees, having a single Central chimpanzee grandparent. The similar pattern seen in
his inferred Ne curve might lead us to predict that Julie and Tobi also have some degree of
additional ancestry. Gene flow between the Central and Nigeria-Cameroon populations, for
example, is geographically plausible since the ranges of the two subspecies are separated only
by the Sanaga River in Cameroon (Figure 3.11). Under some circumstances, an ancestral
component not observed in other members of the subspecies will tend to decrease the average
coalescent rate relative to members who do not have the component.

While it is not conclusive, this prediction is borne out in the ancestry analysis undertaken
by de Manuel et al. Using sNMF, an efficient ADMIXTURE-like method [34], they show that
Julie and Tobi share an ancestry component with Central chimpanzees which is comparable
to the component that Donald shares with Central chimpanzees (Figure 3.18, taken from de
Manuel et al. (2016)). No other non-Central individuals consistently share this component.
I would caution against interpreting this simply as meaning that Tobi and Julie are also
second-generation hybrids, as the signal might be replicated by an older period of gene flow
from the Central into the Nigeria-Cameroon population [32]. Previously, D statistics have
shown gene flow between Nigeria-Cameroon and Eastern chimpanzees though have only
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Fig. 3.17 (a) PSMC analyses highlighting historical Ne of Julie and Tobi, Nigeria-Cameroon chim-
panzees. The red lines are the other Nigeria-Cameroon chimpanzees. Lara is a typical (high-coverage)
Central chimpanzee. (b) Similar analyses highlighting historical Ne of Donald, a second-generation
Central-Western hybrid. Light blue lines are the other Western chimpanzees.
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weakly suggested gene flow between Nigeria-Cameroon and Central chimpanzees [36, 120].
Indeed, Prado-Martinez et al. also noticed that Julie and Tobi were unusual and attempted
to identify ancestry tracts shared with the Central chimpanzees, but none were found. Since
such tracts were identified in Donald, they exclude the possibility of recent gene flow between
Central and Nigeria-Cameroon populations. They also did not detect significant gene flow
using F3 statistics and Treemix. Since neither Julie nor Tobi are male, it was not possible to
test their cross-coalescence rates with the rest of the Nigeria-Cameroon population. As they
were born in the wild, we expect more individuals with this unusual ancestry will be found,
and further study should shed light on this history.

Note that while Donald was excluded by de Manuel et al. from further demographic
analysis on the grounds that he was a known hybrid, Julie and Tobi were still used. Julie
was included as an ordinary Nigeria-Cameroon individual in their ABC-based demographic
modelling since she had a high-coverage sequence. This may still be appropriate since neither
of these individuals are population-level outliers in several whole genome measures, like
PCA clustering, heterozygosity, or D statistic analyses of bonobo introgression [24]. Also,
since it is unlikely that the additional ancestry component is a result of a recent Central
ancestor, it might be more correct to capture this component of Nigeria-Cameroon variation
in demographic modelling.

Cross-population coalescence analysis As with the orangutans, the autosomal PSMC
analysis of Pan sequences gave us an estimate of the lower bound of the divergence time
between the ancestors of bonobos and chimpanzees. In Figure 3.19 we see a more direct
estimate of this time using cross-population coalescence rates. Again, we have used the male
X chromosomes to conduct this analysis in order to limit errors associated with poor phasing.

First observe that the output for each subspecies is virtually identical. This is consistent
with the prediction of Figure 3.15 that the ancestors of each of the four chimpanzee subspecies
diverged simultaneously from the ancestral bonobos, most likely forming a common ancestral
chimpanzee population soon after separation. This does not mean that the speciation process
was simple, only that if it involved multiple intermediate populations or multiple waves
of migration, then the ancestors of the extant chimpanzee populations were distributed
identically among the involved intermediate or migratory groups.

Until about 3 Mya, and ignoring the very earliest time intervals, the cross-population
curves closely track the curves of the autosomal PSMC. Thereafter they begin to increase
rapidly, becoming great enough by about 2 Mya that they could not correspond to the Ne

of a single Pan population. This represents the divergence period between the ancestral
populations. The reason they follow the PSMC curves so closely until divergence begins is
that the pseudo-diploid sequences are made up of sequences drawn from the same ancestral
population over this time period and thus represent almost the same signal as the PSMC
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Fig. 3.18 Ancestry component analysis of chimpanzee individuals based on the ADMIXTURE-
like method sNMF [34]. From de Manuel et al. (2016) [24]. Note the small additional ancestry
components that Julie and Tobi (“Nigeria-Cameroon”), and Donald (“West-Africa”) share with
Central chimpanzees.
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analysis conducted on the autosome. Differences between the curves before divergence might
correspond to differences in the effective population size of the X chromosomes. We expect
that the average Ne of the X chromosome will be smaller than the average autosomal Ne

since males only have a single copy of the locus. Sex-biased demographic phenomena, such
as excess male philopatry or different male:female breeding ratios, can also cause differences
in effective population sizes on the sex chromosomes. However, the locus is considerably
smaller than the autosome and is thus also more likely to be affected by sampling bias and
methodological uncertainty. Subtle demography-linked effects may be obscured. In Figure
3.19 the X chromosome cross-population Ne does appear to be smaller than the autosomal
values (before divergence). Using the same figure we can support the hypothesised separation
time inferred from the autosomal PSMC analysis and say that divergence likely occured
between 2-3 Mya.

In their publication, de Manuel et al. produced evidence of old gene flow from chimpanzees
into bonobos. This study, some of which formed part of that work, could not detect this
signal of gene flow. However, the analyses produced here do not rule out small amounts of
gene flow between the ancestral populations of the species. This is discussed below.

Within the chimpanzees, the cross-population coalescence rates are less easy to interpret,
most likely because the process of divergence was more gradual, involving the separation of
different populations at different times. In Figure 3.20 I have shown the MSMC2 analyses
of coalescent rates between each of the six pairs of chimpanzee subspecies. These are
superimposed on the autosomal PSMC curves of the same individuals in light grey.

Looking first at the cross-population curves, we notice that most of the curves track
each other closely. The two exceptions are notable: both the light blue and the red curve
correspond to the only cross-population analyses run within, as opposed to between, the
major clades (light blue corresponds to the Eastern clade, red to the Western). From the
oldest time periods to the more recent ones, observe that all the curves follow the PSMC
curves very closely until about 2.5 Mya. After this period, and excluding the red “Pte-Ptv”
(Nigerian-Cameroon and Western) comparison, the cross-population inferred Ne is greater
than the autosomal PSMC curves. They monotonically increase at a rate not much greater
than the increase in the ancestral Central and Eastern cluster of curves. Then, at around
500-600 kya, all of the curves corresponding to coalescence rates between the major clades
increase drastically, most likely marking the final divergence between Eastern and Western
clades. Within the clades, the Nigeria-Cameroon and Western chimpanzees separate a short
while after this, by about 300-400 kya, and the Eastern and Central chimpanzees separate
much later, between 100-200 kya. This supports the general conclusion drawn from the
PSMC analysis that inferred population histories correspond to the most likely histories
drawn from direct phylogenetic methods.
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Fig. 3.19 Genus level historical cross-population coalescence rates inferred by MSMC2. Each
coloured line represents historical rates of coalesence between a chimpanzee subspecies and the
bonobos. Analysis conducted on male X chromosomes. For comparison sake, included in grey are the
autosomal PSMC analyses of the high-coverage Central chimpanzees (upper curves) and the bonobos
(lower curves). Refer to Figure 3.15 for further clarity.
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Note that the population PSMC curves seem to be distinguishable much earlier than the
confident lower bound on the divergence time between the major clades (about 700-800 kya,
compared to the 500-600 kya mentioned above). Also, the division is not as abrupt and clear
as the separation between chimpanzees and bonobos (Figure 3.19). However, the coalescent
rates are clearly declining (inferred Ne is increasing) from about 2 Mya. It is striking that
the inferred Ne appears greater than that of the ancestral chimpanzee population from 2
Mya, when the ancestral populations are not obviously distinct yet. One interpretation of
this observation is that the cross-population coalescent rate could be lower than the within-
population rate, an indication that population substructure is beginning to emerge during
this period. This reading is supported by the fact that until this point, the cross-population
curves very closely track the PSMC curves, and when the increases in inferred Ne occur in
both sets of analyses, the cross-population curves have a slightly more concave shape than
the PSMC curves. This would seem to be a much earlier sign of structure in the chimpanzee
populations than previously thought, starting very soon after the divergence from ancestral
bonobos.

An alternative explanation is that the X chromosome mutation rate is too low here, and
in the previous figure, so that both curves should be shifted slightly to the left relative to
the autosomal PSMC curves. Together with the additional uncertainty inherent in using a
smaller locus, this might cause the pattern to disappear. Although this may improve the
alignment with the PSMC curves in the previous figure, here, however, it would tend to make
the alignment worse on time periods earlier than 3 Mya. After 800-900 kya it is also not
clear that the cross-population curves would be expected to closely follow any of the PSMC
curves, since the populations begin to appear distinct in the PSMC analysis from this time,
and thus another signal is being depicted.

The within-clade curves both have a distinctly different shape to the between-clade
curves, even granting the different absolute divergence times. They both decline first, before
their drastic increases. The red “Pte-Ptv” curve (corresponding to the Western clade)
seems to decline along with the decline in the inferred Ne of the Nigeria-Cameroon and
Western chimpanzees. This corresponds to an increase in coalescence rates between the
populations, although it might be due to a constant rate of gene flow in the presence of
declining populations. A similar explanation can be offered for the decline in the blue Pts-Ptt
curve (the Eastern clade).

The detectability of cross-species gene flow A central claim by de Manuel et al. was
that there was gene flow between chimpanzees and bonobos after the initial divergence
occurred. It would seem from Figure 3.19 that no gene flow existed between the species after
about 2 Mya, when divergence process was completed. However, it is still possible that a low
level of migration would not be detected using this approach. It is not obvious what threshold
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Fig. 3.20 Species level historical cross-population coalescence rates inferred by MSMC2. Each
coloured line represents historical rates of coalescence between pairs of chimpanzee subspecies: Central
(“Ptt”), Eastern (“Pts”), Western (“Ptv”) and Nigeria-Cameroon (“Pte”). Analysis conducted on
male X chromosomes. For comparison sake, included in grey are the autosomal PSMC analyses of all
the chimpanzees. Figure 3.15 indicates the subspecies represented by each cluster of grey lines.
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Source ancestral population Target ancestral population Time (kya) Amount (2Nm)

Bonobos Centrals and Easterns 200 - 500 0.04 - 0.1
Bonobos Centrals <200 7 × 10−5 - 0.16
All chimpanzees Bonobos 200 - 500 1.3 × 10−4 - 0.22

Fig. 3.21 Migration rates inferred by de Manuel et al. [24].

of migration would affect the coalescent rates. As part of the project, Vitor Sousa and Laurent
Excoffier conducted an ABC-based analysis using fastsimcoal2 [31], and fit various models of
population evolution in the genus. In Figure 3.22, I show cross-population Ne curves inferred
from sequences simulated under the two best-fit models produced, by Sousa and Excoffier.
The first model, “becn”, is best fit for the bonobos, Central, Eastern and Nigeria-Cameroon
populations. The second, “becw”, is the best fit model in which Nigeria-Cameroon is swapped
with the Western population. Figure 3.22a shows the cross-population MSMC2 analyses
of the Central chimpanzees and bonobos, using the observed data and sequences simulated
under both models (Methods). Figure 3.22b shows the Western chimpanzee and bonobo
comparison under the model which features the Western population.

The amount of interspecies gene flow estimated under these models is summarised in
Table 3.21. From the figures produced here, we can infer that MSMC2 will not detect the
amount of gene flow proposed in either model. It also shows that the “becw” model compares
less well to the observed cross-population coalescence rates than the “becn”.
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(a) Central chimpanzee and bonobo cross-population coalescent rates with simuation
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(b) Western chimpanzee and bonobo cross-population coalescent rates

Fig. 3.22 Simulation evidence showing the inability of MSMC2 to detect low levels of gene flow after
population divergence. Sequences simulated using two models proposed by de Manuel et al: “becn”
consisting of bonobo, Eastern, Central, and Nigeria-Cameroon populations; and “becw” consisting
of bonobo, Eastern, Central and Western populations. Blue lines show analyses run on observed
sequences, identical to those in Figure 3.19. (a) Inferred cross-coalescence rates between Central and
bonobobo populations. (b) Inferred rates between Western and bonobo populations.
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3.3 Methods

3.3.1 Data

Orangutans Nater et al. collected blood samples from orangutans found in rehabilation
centres across Malaysia and Indonesia. DNA from these samples were sequenced and mapped
to the orangutan reference genome ponAbe2 [77] using a standard Burrows-Wheeler Aligner
(BWA-MEM) pipeline [72]. Further read filtering and local realignment was undertaken
using the Genome Analysis Toolkit (GATK) [89]. Across the entire sample, average effective
sequencing coverage was 18.4x, though the range of coverage is considerably lower in data
taken from Locke et al (Figure 3.1). A standard GATK pipeline was applied to call and filter
variants [25]. Ultimately two VCFs were produced, one for orangutans on Borneo and one
for those on Sumatra. Note that the process was also applied to the read data from Locke et
al. (2011) and Prado-Martinez et al. (2013) to ensure uniformity in variant calling pipelines.
Across the sample, this pipeline identified 30640634 SNPs, currently the largest published
catalogue of orangutan single nucleotide variants.

Nater et al. produced a mappability mask, which identified those positions which were in
uniquely mappable 100-mer regions of the orangutan reference genome (with fewer than 5
mismatches) in order to exclude regions with a high probability of being ambiguously mapped
and thus a high risk of incorrect genotype calls. The mappable regions were identified using
the mappability module from the GEM library [26]. This mask is used in both the autosomal
PSMC and cross-population MSMC2 analyses.

Chimpanzees and bonobos Blood samples of 40 new chimpanzees were collected and
sequenced by de Manuel et al. and pooled with sequences from Prado-Martinez et al (25
chimpanzees and 10 bonobos). Reads (including those from bonobos) were mapped to the
chimpanzee reference sequence CHIMP2.1.4 (http://www.ensembl.org/Pan_troglodytes)
using a standard BWA-MEM pipeline. SNP variants were called using FreeBayes [35] with
standard filtering parameters. In total 22 081 627 high-confidence SNPs were identified, 32%
more than in any previous study. The procedure was applied to read data across the sample
to ensure uniformity. As described in the orangutan methods, a mappability mask was also
inferred for the Pan individuals using the mappability module in GEM.

3.3.2 Autosomal PSMC analysis

For the PSMC analyses, variant data in VCF format was extracted and handled using
BCFtools [71], the mappability mask was adapted using BEDtools [124], and both were used
to produce the PSMC input data in required format using Python scripts adapted from those
by Aylwyn Scally (https://github.com/aylwyn/aostools).
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PSMC was run using parameter settings which were previously found to be appropriate for
great apes [e.g. 70, 120]: I used discrete temporal binning parameters of -p “4+25*2+4+6”,
an approximation which limits the search space of the method by reducing the time resolution
of inferred population size histories over relatively recent and relatively old periods (it signifies
in this case that the first inferred populution size spans 4 atomic time steps, the next 25 span
2 such steps, and so on). The ratio of θ to ρ was 5, and the mutation and recombination rates
were assumed to be constant. Run on simulations of sequences with varying mutation rates
and recombination hotspots, it was shown that PSMC is capable of recovering population
histories without losing significant accuracy relative to simulations in which those rates
are constant [70]. We assumed bin sizes of 100 bp, also according to recommendations of
robustness in previous great ape studies [e.g. 183]. The effects of potential errors in the
scaling parameters, mutation rate and generation time, are discussed below. For both the
PSMC and cross-population analysis described below, custom Python scripts were written
to plot and scale the output, importing Perl and Python modules from Heng Li’s PSMC
“utility” scripts (https://github.com/lh3/psmc/tree/master/utils) and Stefan Schiffel’s helper
scripts in msmc-tools (https://github.com/stschiff/msmc-tools).

If each diploid sample in a single population was generated through approximately the
same demographic process, then each set of inferred pairwise coalescent times is in principle
a different set of random draws from the same underlying coalescent distribution (realisations
of the random variable T2). Thus variation between individual curves is partly a function
of variance in the underlying distribution. A standard approach to assessing this variance
with small samples is through bootstrapping, which was implemented in the orignal suite of
PSMC modules. Using many samples is a more direct way of assessing the range of plausible
values PSMC might infer for individuals evolving under similar demographic conditions.

Scaling parameters PSMC infers the historical distribution of effective population sizes
in coalescent units. These are scaled into years using an average autosomal mutation rate
and generation time. We use the approximation that mutation rates and recombination rates
are constant across the autosome. Generation time used is the average zygote-to-zygote time
(in years). Both mutation rates and generation times are assumed to be constant across the
time scales involved in these analyses. This is not believed to be true over long time scales,
but there is considerable uncertainty involved in calibrating changes in these values across
time and in undestanding the biological processes determining their history in the great apes
[e.g. 142, 98]. The changes in these rates over long time scales are not implemented in the
underlying inference scheme used by PSMC, nor in the rescaling of output. Parameters were
also kept constant across each genus as there is no evidence to suggest large differences in
values between the species in each of them. A discussion on the calculation of sex chromosome
mutation rates is presented in Section 3.3.3.
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As an indication of the effect of changes in these parameters, Figure 3.23 shows the
consequence of using values which are approximately 20% greater and 20% smaller than those
currently chosen in the Pan genus. If the true generation time is larger, for example, it will
have the effect of pushing the divergence event between chimpanzees and bonobos further
back in time. An increase in mutation rate would have the opposite effect, bringing divergence
closer in time to the present, while also decreasing the estimated “effective population size”.
In either plot, a 20% change in the relevant parameter changes the estimate of the divergence
time by as much as 1 million years. Errors in these inferred times would of course be
compounded if both parameters are substantially wrong in opposite directions (if either is too
small, while the other is too big). Nonetheless, the broad features of the plots will remain the
same. Inferrences of the existence of bottlenecks, for instance, will not change, even if their
absolute size and timing might. Importantly, scaling changes will not alter the sequences of
events inferred from the plots, since they affect all curves in the same way. Uncertainty in
these parameters does, however, make it difficult to correlate changes with environmental
events.

3.3.3 Cross-population MSMC2 analysis

Samples used Following Nater et al., the orangutans were grouped into seven populations
based on genetic similarity and sample sizes. The three populations on Sumatra were the
“Northeast Alas” which consisted of the North Aceh and Langkat orangutans, the West Alas,
and the Tapanuli or Batang Toru orangutans. No cross-population comparisons with the
West Alas population were performed since no male individual from that region is present
in this sample. On Borneo, the North and South Kinabatangan orangutans have been
combined into a single population (“Kinabatangan”) as well as the Central and Western
Kalimantan, (“Central/West Kalimantan”). The other two population on Borneo are the
East Kalimantan and the Sarawak. I excluded the following low-coverage individuals from
the analysis: PA_KB5883 and PA_KB4661 (North Aceh); PP_KB4204 and PP_KB5405
(Central/West Kalimantan); and PP_KB5543 (East Kalimantan).

All the male chimpanzees and bonobos were used, and their population designations
correspond to their subspecies and species classifications.

Processing I prepared input data files using BCFtools [71] and custom versions of the
Python conversion tool generate_multihetsep.py (https://github.com/stschiff/msmc-tools).
These input files incorporated the mappability mask described above, converted to the
required format using BEDtools [124].

Default time discretization parameters were used throughout, but we note that reasonable
modifications to them did not substantially affect our results. Cross-population comparisons
were handled with -P flag. For example, since we had one male individual from Sarawak and
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(a) Central chimpanzee and bonobo cross-population coalescent rates
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Fig. 3.23 Effect of 20% change in mutation rate and generation time on inferred cross-population
coalescent rates. These plots were used to study the divergence between bonobos and chimpanzees
using parameters corresponding to the blue curves.
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two from Kinabatangan, we ran MSMC2 using -P 0,1,1 when analyzing gene flow between
these two populations.

X chromosome mutation rates There are two very similar ways of deriving the X
chromosome mutation rates, depending on the availability of estimate of other mutation
parameters. We applied the different approaches here.

With the orangutans, MSMC2 results were scaled using an X chromosome mutation rate
µX = 1.17 × 10−8 mutations per base pair per generation. This was determined using the
relationship µX = (4µA − µY )/3, where µY is the Y-chromosomal mutation rate and µA

is the autosomal mutation rate. The relationship is derived by considering the proportion
of time X chromosomes spend in the male line and assuming the sex chromosomes have
the same average mutation rate as the autosomal chromosomes [70, 17]. We assumed an
autosomal mutation rate of µA = 1.5 × 10−8 per base pair per generation, a Y-chromosomal
mutation rate of 2.5 × 10−8 per base pair per generation [184], and used a generation time of
25 years [178].

The reasoning was expressed in a slightly different way in the chimpanzees. Since 2/3 of
an X chromosome’s history is spent in females, male-mutation bias causes X chromosomes
to have a lower mutation rate than autosomal loci which, on average, divide their histories
evenly between males and females. For a given ratio α of male-to-female mutation rates, we
determine the X chromosome mutation rate µX using the expression 3(1+α)µX = 2(2+α)µA,
where µA is the autosomal mutation rate [12, 95]. We could determine α using an estimate
of the Y chromosome mutation rate µY , so we are able to derive an equivalent expression
for µX in terms of µA and µY . However, here we used the expression stated above with the
values α = 7.8 and µA = 1.2 × 10−8 per base pair per generation as derived in Venn et al.
(2014) [166]. These determine an X chromosome mutation rate µX = 0.89 × 10−8 per base
pair per generation. We used a generation time of 25 years [64].

Note that the reason we used different methods to estimate µX here is to directly work
with the estimates of relevant additional quantities which are taken from previous research. In
the case of the orangutans, this was the Y-chromosomal mutation rate, and in the case of the
chimpanzee, the ratio of male-to-female mutation rates. Using the equations in the previous
two paragraphs we can determine the following corresponding quantities: for orangutans
α = 4.8 and for chimpanzees µY = 2.13 × 10−8. Both these quantities are comparable to
those in the other species (for chimpanzees α = 7.8 and for orangutans µY = 2.5 × 10−8).

In Figure 3.24 I replot the cross-coalescence between North and South Kinabatangan
with a doubled X chromosome mutation rate (while keeping the generation time constant).
This curve very closely tracks those inferred from the automosomes of Bornean orangutans.
Note that this similarity is the case both with the timing of the population bottlenecks,
and with the estimated effective population sizes. It is also more consistent with a history
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Fig. 3.24 Effect of doubling X chromosome mutation rate on Kinabatangan cross-coalescence analysis.

in which the Kinabatangan populations exchange gene flow continuously until the present.
This inconsistency can be taken as evidence that at least one of the orangutan autosomal or
sex-chromosome mutation rates are incorrect, though independently determining the correct
mutation rates would be beyond the scope of this study.

Comparison with PSMC For the sake of comparison, I show in Figure 3.25 the results
of running PSMC and MSMC2 in order to infer the cross-population coalescent rates. In
the first plot (3.25a), there is a close agreement between the analyses. Each PSMC run is
conducted on a pseudo-diploid sequence constructed using a male X chromosome from a
Nigeria-Cameroon individual, and one from a Central individual. In this case, the PSMC
output for each pairing is very similar to the other PSMC curves. Notice that MSMC2,
which combines the information used to construct the entire set of PSMC curves, does not
infer a simple average curve. Over most time intervals its inferred Ne values are slightly
larger than the PSMC-inferred ones, although it clearly conveys the same signal. In the
second plot (3.25b), there is much more variance between the PSMC lines, which also seem
to have more extreme average peaks and dips. This is surprising given that there are fewer
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Nigeria-Cameroon males in the sample than each of the Central and Eastern subspecies (4 as
opposed to 6), and the average sequence coverage of the Nigeria-Cameroon individuals (male
and females) is lower than that of the other subspecies. The increased variation between
individuals in the Eastern and Central populations was also present in the autosomal PSMC
curves in these populations. MSMC2 is less sensitive to this variation, and perhaps it obscures
genuine differences between individuals in these populations (which also have a higher genetic
diversity).

Simulations In order to test the ability of MSMC2 to infer the history of gene flow detected
by De Manuel et al. we also used the method on the output of simulated histories using the
coalescent simulator SCRM [157]. For both histories, here designated “becn” and “becw” for
the populations simulations, we used the command beginning scrm 16 1 -t 9600 -r 7680

20000000 -I 4 4 4 4 4 (the rest of the command specifies the detailed demographic model
fitted by de Manuel et al., mentioned in Results). This simulates 4 haplotypes of length of
20Mb for each population group, with a mutation rate and recombination rate scaled to be
consistent with usage elsewhere. These haplotypes were put through the identical MSMC2
pipeline as the observed male X chromosomes, with the results described in Figure 3.22.
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(a) Nigeria-Cameroon and Western Chimpanzee divergence
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(b) Eastern and Central Chimpanzee divergence

Fig. 3.25 A comparison of the two methods used to infer cross-population rates of coalescence. Each
red line is produced by MSMC2 and draws on the same data used to produce the set of blue curves in
the respective plot. This data consists of the male X chromosomes taken from each population. A
single blue line represents an the output of a PSMC analysis of a single pseudodiploid sequence. Note,
that these plots were constructed early in the project as a comparison of methods and should not be
used to draw demographic inferences as the final scaling parameters had not been settled at this stage.



Chapter 4

The Genomic Effects of Population
Substructure

In this chapter we study the effects of ancient population structure on genomic variation
and look at possible ways to detect such structure. We are specifically interested in the
effects of transient historical structure on expected distributions of pairwise coalescent times.
Picking up from the previous chapter, this can be understood as studying the extent to which
population structure confounds the interpretation of inferred historical Ne . We study the
effects of this kind of deviation from panmixia by generalising a demographic model briefly
analysed by Li and Durbin (2011) [70], and by examining parameterisations of the model
relevant for the inferrence of ancestral hominid structure. This is done through simulation and
theoretical analysis. We present some evidence that major changes in human Ne , inferred
using methods such as PSMC, are more consistent with models featuring genuine changes in
census population size than with models featuring subdivision with varying levels of migration.
We conclude that detecting transient historic substructure will always be difficult without
ancient DNA, and discuss ways in which this additional source of information might be used.
This leads us to the method developed in greater detail in the following chapter.

Population structure and rates of coalescence With the publication of PSMC, Li
and Durbin presented an argument about the effect of a form of population structure on
the distribution of pairwise coalescent times, concluding that structure will tend to inflate
Ne above the value of the sum of deme sizes [70]. The argument is as follows. Consider
a population which, looking backwards, split at time s into two demes which remerge at
time t (s < t), and assume no migration between the demes while they are distinct. During
this period of separation, the demes have the same effective population size as each other
and the sum of these values is equal to that of the panmictic population before and after
this period. Elementary coalescent arguments show that the probability that two distinct
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(uncoalesced) lineages at s will coalesce before t, is given by the chance that they sort into
the same subpopulation multiplied by the chance of coalescence there: (1/2)

(
1 − e−2(t−s)

)
[171]. On the other hand, in the scenario where no structure exists, the probability of those
same loci coalescing between t and s is

(
1 − e−(t−s)

)
. The probability of coalescing before t

is greater in the panmictic population. (This can be seen by first noting that the terms are
identical when t = s). Then, if viewed as a function of τ = t − s, the first order derivative of
the 2-island expression is e−2τ . When τ ≥ 0, this is less than or equal to e−τ , the derivative
of the panmictic function. (Figure 4.19 presents a graphical illustration of this argument and
develops it in a more general context.) Thus the rate of coalescence over many such loci will
be lower in the structured population and we expect that a greater Ne will be inferred in
that scenario. It is easy to see how this argument extends to a similar structure consisting of
more than 2 subpopulations, and with each additional subpopulation it is straightforward
to show, using a similar argument, that the coalescent probability decreases relative to the
panmictic value.

This argument leaves open several questions related to the size of the effect. Namely,
whether the inflation in coalescent rates is significant enough to confound the common
interpretation of PSMC curves, under which the curves mostly reflect changes in census
population size; if so, how long the structure would need to exist in order to produce specific
Ne “humps” seen in, for example, curves drawn from human sequence data [e.g. 81]; the
extent to which the effect changes according to the age of the structured period; and the
extent to which inter-deme migration lessens the effect. As we shall also see, altering the
probability of lineages sorting into the same subpopulations can change the direction of the
effect.

One approach to answering these questions is offered by Mazet et al. (2015) who analyse
coalescent distributions in n-island models with symmetric migration rates [87]. (Critical
of the concept of effective population size and several of its common applications, they also
offer an alternative theoretical framework for interpreting the results of methods like PSMC.
In order to limit ambiguity, I do not adopt their use of terminology here and refer the reader
to the discussion on effective population size in Chapter 2.) Mazet et al. agree with Li
and Durbin that structure inflates metapopulation Ne above the sum of subpopulation Ne

values. However, they point out that high migration rates between islands will produce
higher overall coalescent rates relative to periods of low-migration. They use this fact to
demonstrate that it is possible to produce human-like PSMC curves using an island model
with no change in subpopulation sizes and with only three changes in a symmetric migration
rate. Notably, they use varying migration rates to mimic the effect of population bottlenecks
on inferred coalescent rates. It is not obvious which biological or environmental phenomena
could cause a global increase or decrease in symmetric migration rates between large numbers
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of islands, but this effect could plausibly be caused by more complex mixing scenarios or
perhaps through forms of population structure less simple than island models.

Non-equilibrium models The model studied by Mazet et al. assumes that a single form
of demographic structure (an n-island model with varying symmetric migration rate and
fixed n) persists throughout a population’s history. This restriction can be reasonable for
some species and samples if the average TMRCA across the genome is recent enough that
major changes in structure are too old to affect current patterns of genetic diversity. In
contrast, we have reason to believe humans did not evolve under sufficiently stable structured
population conditions. Ancient DNA and other studies show that human populations have
undergone periodic mass migrations, population splits, and range alterations until the present
[e.g. 104]. Such demographic changes have altered the relationships between local populations
in ways that shape present day variation [e.g. 46]. A noteworthy example of this is in
Western Europe, where current populations are thought to have been formed through the
admixture of several ancestral populations which had been relatively separate, possibly from
soon after the out-of-Africa migrations until at least as recently as 10 kya [68]. It took the
recovery of ancient DNA from these early populations to reveal the demographic change.
This observation is a key motivation behind the techniques developed in the next chapter.

Evidence for a varying population structure in humans is also provided by historical cross-
population coalescent rate estimates (similar to those produced in Chapter 3). For example,
between samples of Yoruban and East Asian, or European, ancestry these analyses show
low cross-coalescence from the present until the putative out-of-Africa migrations (around
50-150 kya) [81]. Earlier than this, the cross-coalescent functions exhibit a time-dependence
similar to functions estimated from within-population samples of the same groups. Estimates
of the ancestral Ne of individuals also coincide over this period [144]. If populations like
the Khoisan are included, these sorts of analyses support the idea that present-day global
population structure arose slowly over the last 200-250 ky [81]. We cannot say whether
stable and long-standing structure existed before this period, though at a minimum the
coalescent analyses show that humans today draw similar proportions of their ancestry from
any putative ancestral populations, and suggests that there was a period of panmixia, or high
inter-population migration, before the out-of-Africa migrations. Since all ancestral humans
would presumably have been found in Africa (ignoring archaic hominin ancestors), evidence
supporting early structure might yet be found through the recovery of more ancient DNA
from the continent, if not from samples predating 100kya, perhaps from extinct, long-isolated
populations. The arguments of Mazet et al., and Li and Durbin before them, illustrate the
difficulty with straightforward interpretations of historical Ne . As a result of the preceding
discussion, and in order to apply this insight to natural populations, we study the effect of
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historically varying, or non-equilibrium, population structure on the distribution of pairwise
coalescent times.

While the population genetic effects of simple models of population structure are well
studied, the effects of complex varying structure are analytically less tractable and less easy to
predict. The central problem is that a particular signal of some form of structure can require
significant time to reach a detectable level, and may not persist when demographic conditions
change. This difficulty has been noted in the context of classical measures of population
divergence. It has been shown for example that the various summary statistics, such as FST

or π, reach equilibrium values at different rates and as a result exhibit different sensitivity
to changing demographic conditions [17]. The form of structure may also not affect many
ancestral lineages, even if it persists for a long time. Equilibrium models cannot account
for varying levels of shared ancestry in present-day panmictic populations. An example of
this is found again in comparison of Ne curves of African and out-of-Africa populations. I
noted above that the curves are indistinguishable before 150 kya, at least at the resolution of
current methods. This is noteworthy because non-African populations are known to trace
varying amounts of ancestry to the known archaic hominins, neanderthals and denisovans (up
to ∼ 2% for neanderthal and ∼ 5% for denisovans) [140]. Since the division between hominins
can be viewed as a form of long-standing population structure, it is perhaps surprising that
there is no inflation in estimated Ne in non-African relative to African populations, before
150 kya. Without explicit modelling or simulation, we cannot say what level of admixture
would be large enough to detectably perturb coalescent rates.

Finally, models with varying structure might also allow multiple demographic changes to
occur simultaneously in a single population, and these can have complicated interacting effects
on distributions of coalescent times. The most common approach to studying the effects of
complex demography is to use methods based on the Approximate Bayesian Computation
(ABC) inferential scheme [e.g. 31]. These methods, discussed in more detail in Chapter 2, are
able to use sample summary statistics to fit rich demographic models with varying structure.
With this flexibility, however, the possible parameterisations of the history greatly increase and
it can in practise be difficult to choose among models in any principled manner. Ultimately,
accounting for changing population structure in demographic inference is a considerably
harder challenge, often better suited to study via simulation. Even then, alternative histories
may not be possible to distinguish. It would therefore be useful to use analysis to reduce the
parameter search space.

4.1 A model of historical substructure

In order to quantify the effect of historical population structure, I analyse a generalisation of
the model by Li and Durbin described above. I use this to predict the effects of structure
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on the distribution of pairwise coalescent times (also referred to as the “T2” distribution)
and to propose a way of evaluating interpretations of historical Ne curves. I apply this to
an assessment of the kinds of substructure which could cause us to misinterpret previously
inferred Ne curves in human populations. The model bears an analogy to that proposed by
Mazet et al.: where they study varying migration rates, I look at varying numbers of islands.

The distributions of coalescent times in stable n-island models are well studied [87]. Here
we determine a general form for T2 distributions under a simple non-equilibrium model of
structure. We assume that population size is constant throughout the population history,
and assume panmixia over all times other than a single period during which the population is
split into some fixed number of islands. These islands are of equal size, and their sum equals
the size of the population in the panmictic periods. We assume no migration between islands
during the period of splitting. This extends the Li and Durbin argument by considering
any number of islands, and by looking at the full distribution of coalescent times over the
entire history of a population. We are also interested in quantifying the effect of structure, in
addition to looking at the direction of the effect. The assumption that population is constant
during the panmictic periods is incorporated in order to simplify the analysis of the coalescent
time distribution and illustrate most clearly the effects of an island period.

The model consists of three time periods:

1. [0, TS ]: a period of panmixia in which the effective population size of the population is
scaled to 1; it lasts from the present until the “split time” TS (time is scaled in units of
2Ne generations)

2. (TS , TM ]: a period in which the population is divided into N islands and surviving
pairs of uncoalesced lineages from the first period are randomly sorted into islands;
unless otherwise stated we assume the random sorting is uniform across the islands;
each island has population size 1/N ; there is no migration; and this structure lasts
until the “merge time” TM

3. (TM , ∞): the last period, in which we return to the panmictic conditions of the first
period

The assumption that no migration occurs between the islands in the second time period
greatly simplifies the analysis of the coalescent distributions. To see why this is the case,
observe that if two lineages have not yet coalesced by time TS , they can only coalesce in the
second time period if they have been (randomly) sorted into the same subpopulation. In the
simplest scenario of uniform random sorting, the probability of ending up in the same island
is 1/N (as pointed out in the 2-island case by Li and Durbin). Thus we reduce the problem
to a 2-island non-equilibrium model, in which one island has size 1/N , the other island has
size (N − 1)/N , and sorting probability corresponds to island size. This is illustrated in
Figure 4.1.
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Fig. 4.1 An illustration of the population structure model studied in this section. It is a generalisation
of the model looked at by Li and Durbin described above [70]. In this schematic illustration, the
solid-line boxes represent subpopulations. In the first and third period the population is panmictic. In
the second it is subdividied into N islands. The arrows indicate possible paths of coalescent lineages.
In the transition to the second period the left arrow indicates the event that the lineages end up in
the same island. In the general form of the model this occurs with probability ps, though in the model
where islands are chosen uniformly at random it is 1/N . The right arrow is the complementary event
that lineages choose different islands. The arrows may be interpreted as referring to the location of
the second lineage given that the first lineage sorted into the leftmost subpopulation.
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With this model, we can straightforwardly compute the distributions of pairwise coalescent
times. Over the first time period, the probability that two lineages have not coalesced by time
t is 1 − e−t since we are assuming the first time period has population size 1. Following the
standard coalescent argument, we scale time in units of 2Ne. In the second time period, two
lineages which have not coalesced sort into the same island with probability ps. In this case
ps = 1/N . In the conditional case where the sorting is into the same island, the probability
they would coalesce by time t (where t > TS) is simply 1 − e−N(t−TS) since the population
size of an island is 1/N . Finally, in the last time period, once we have accounted for the
probability that lineages survive uncoalesced until time TM , the probability of coalescing by
a given time t (where t > TM ) is simply 1 − e−(t−TM ) since the population again has effective
size 1.

The probability that lineages do not coalesce before TM can be calculated by accounting
for the probability that they do not coalesce in the first period, and the probability that they
do not coalesce in either of the two cases in the second period (in the case of sorting into
different islands there is no chance of coalescing). In the second time period, the conditional
probability that they do not coalesce given that they end up on the same island is just
1 − e−N(TM −TS). We can summarise these in the recursively defined distribution function,

FI(t) =



0 if t ∈ (−∞, 0]

1 − e−t if t ∈ (0, TS ]

FI(TS) + pse−TS

(
1 − e−N(t−TS)

)
if t ∈ (TS , TM ]

FI(TM ) +
(
ps(e−N(TM −TS) − 1) + 1

)
e−TS (1 − eTM −t) if t ∈ (TM , ∞).

With this we obtain the density function,

fI(t) =



0 if t ∈ (−∞, 0]

e−t if t ∈ (0, TS ]

pse−TS Ne−N(t−TS) if t ∈ (TS , TM ](
ps(e−N(TM −TS) − 1) + 1

)
eTM −TS−t if t ∈ (TM , ∞).

(4.1)

We will be interested in comparing this history with one in which population size changes.
To make the comparison as direct as possible, I analyse a three-period model in which the
population has the same size in the first and last period, scaled to 1, and in the middle period
allow Ne to vary by some scaling-factor λ. We are largely interested in increases of Ne during
the middle period. The analysis of this model proceeds similarly to the one above, and it is
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straightforward to show that the T2 density of the “hump” model is

fH(t) =



0 if t ∈ (−∞, 0]

e−t if t ∈ (0, TG]

λ−1e(λ−1−1)TG−λ−1t if t ∈ (TG, TC ]

e(λ−1−1)TG+(1−λ−1)TC−t if t ∈ (TC , ∞).

(4.2)

Here we signify the beginning of the hump period as TG and the end as TC (for “growth” and
“contraction”).

The three population models used in this chapter can formally be described as follows.

The constant model, K = (Ne): This is a baseline comparison model in which
population size is fixed as Ne and the entire history is panmictic. Due to the
choice of time scaling, its T2 density is given by fK(t) = e−t.
The historical n-island model, I = (Ne, N, TS , TM ): This is the structured
model as described above. Its density is given by fI(t), with corresponding time
and population parameters (N is the number of islands and Ne the population
size). Where time and baseline Ne can be understood from context, or are not
pertinent, I will sometimes refer to this simply as IN .
The hump model, H = (Ne, λ, TG, TC): This is the main comparison model
with density function provided above by fH(t), again with corresponding time and
population parameters. Similarly to the island model, where time and baseline
Ne can be understood from context, this model will be referred to as Hλ.

The effects on coalescent rates of historical island structure In Figure 4.2, I use
simulations and Equation 4.1 to show the difference between the T2 distributions of models I2

and K. The panmictic population has the same size (and sum of island size) as the structured.
The split in I2, TM − TS , lasts between 1 and 2 in coalescent units, equivalent to 0.5-1 Mya if
generations last 25 years and Ne = 104. Observe that in the first time period the coalescent
rate decays at the same rate in both cases since the population histories over this period are
identical. On the second time period, there is a noticeable reduction in coalescent rate under
I2 relative to K. This is followed at TM with a spike in the number of coalescent events
since lineages which were prevented from coalescing during the island period have moved
into the same population. Consistently thereafter, the number of coalescent events is greater
in the structured history, a result of the “missing” coalescent events during the island period.
Shown along with these theoretical curves is a histogram of observed coalescent times in the
simulation of 50000 independent coalescent trees, with sample size 2 and conditions identical
to the structured history.
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Fig. 4.2 Differences between coalescent distributions of I2 and K. The effects on pairwise coalescent
time distribution of population bisection lasting from 500 kya to 1 Mya (1-2 in coalescent units,
assuming Ne = 104 and generation time is 25 years). The blue histogram summarises observed
coalescent times of 50000 independent 2-coalescent processes simulated under subdivided history using
msprime [58]. The green line is a theoretical prediction using density function fI shown in Equation
4.1. The red dashed line is coalescent time prediction under panmictic model K with consistent
Ne = 104.
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As suggested in the discussion which started this chapter, we can straightforwardly extend
the argument we used for I2 to illustrate the effects of higher numbers of islands. Using fIN

with N > 2, and assuming that lineage sorting into islands is still uniformly random, we can
readily obtain the distributions of pairwise coalescent times. These are shown in Figure 4.3.
As expected, the direction of the effect on coalescent times is the same when more islands
are allowed and the magnitude of the effect increases: the probability of sorting into the
same island reduces as N increases, while the reduction in size of the islands, and presumed
increase in coalescent rates of lineages which do sort into the same island, do not compensate
for the effects of barriers to coalescence. Also observe that a scenario in which there are more
than 16 islands will not have a much greater effect on the coalescent distributions than that
shown here. The reason is that the chance of coalescence on the middle interval is already
very low as a result of the small chance that lineages end up in the same island. Additional
islands will admit fewer coalescent opportunities though the difference will be relatively
smaller, and with some number of additional islands the distribution of coalescent times will
appear indistinguishable from a model in which there is a complete stop in coalescence over
the second time period.

As a useful comparison, I use simulation and Equation 4.2 to show in Figure 4.5 a similar
plot generated under a history in which population size is doubled over the same period
during which the previous history was subdivided. This model, H2, is illustrated in Figure
4.4. Observe that the broad features of the plots are similar, in that over both middle periods
there is a sharp reduction in coalescent rate and thus an increase in effective population size.
The shape of the depression in coalescent rates demonstrates some visually distinguishable
features. In comparison with I2, for example, the reduction in coalescence in the hump
model is initially more drastic at the start of the middle period, but remains at a higher level
through the period. At the end of this period, the change in coalescent rate is less drastic
than the change in rate at the time of the merging of separated populations.

These figures illustrate close agreement between theoretical prediction and simulation.
They also show that while the direction and broad magnitude of the effects of population
size change can be quite similar to the effects of structure, with sufficiently high resolution it
might be possible to visually distinguish between the scenarios in idealised and extreme cases
such as the situation above. However, it seems unlikely that this sort of resolution would be
obtainable in practise, and it will be difficult to interpret slight differences in a context in
which several demographic changes are occurring simultaneously.

4.2 An approach to identify plausible structured models

I propose a strategy for identifying a range of structured island histories consistent with
estimated distributions of coalescent rates. Since it will always be possible to explain increases
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Fig. 4.3 The effects of multiple islands (IN with N ≥ 2) on distribution of pairwise coalescent times.
Each line represents the theoretical prediction of a distribution using density function fIN

, shown
in Equation 4.1. The lines differ by the number of islands simulated. Each history assumes uniform
random distribution of lineages into islands at split time. Here split time is 500 kya, and merge time
is 1 Mya (1-2 in coalescent units, assuming Ne = 104 and generation time is 25 years).
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Fig. 4.4 Illustration of the comparison hump model, H, in which population size scales by factor λ
between times TG and TC . In this example λ = 2 on the time interval (1,2) in coalescent units.
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Fig. 4.5 The effects of H2, showing the effects on pairwise coalescent time distribution of population
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2-coalescent processes simulated under H2 using msprime [58]. The green line is theoretical prediction
using density function fH2 shown in Equation 4.2. The red dashed line is coalescent time prediction
under panmictic history with consistent Ne = 104. Simulation conducted using MSPRIME [58].
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in effective population size with a period of island structure, we would like to determine a
minimum number of islands necessary to produce certain observed increases. Using only the
modelling above we will be able to determine no more than this minimum number of islands,
since migration will increase rates of coalescence and reduce the effect of larger numbers
of islands, and thus the ability to detect them. For the purposes of deciding whether some
change in Ne is a result of a change in census population size or population structure, this
need not be a problem. This minimum number of population divisions can be compared
with other sources of information to determine the plausibility of different explanations for
changes in coalescent rate. I note however, that some histories will still not be distinguishable
using this approach on available data.

The approach is as follows. Assume that we are trying to decide whether some increase
in observed Ne is the result of population structure. Observed Ne will likely be estimated
using a method like PSMC. It is also possible to use the so-called decoded output of a
method like PSMC, which produces the raw estimates of coalescent rates before they are
converted to effective population sizes. However, since the approach described here is likely
to be used without access to the decoded data, such as when the results published by others
are explored, we present it in a form which can be used in more settings. Using these Ne

estimates, we obtain a measure of the divergence between two coalescent distributions: an
H model featuring an increase in population size similar to that observed; and a constant-
sized population model K which we choose as the baseline comparison. We apply the
Kullback-Liebler (KL) divergence, commonly used in information theory as a measure of
divergence between probability distributions, discussed below. There is some freedom involved
in choosing the size parameter of K, and we discuss implications of this choice in applications
below. After determining the divergence, we try to identify the minimum number of islands,
and time of separation, which would be required to induce a similar level of divergence
between the coalescent time distributions of the kind of structured models analysed above,
and the baseline panmictic model chosen. In addition to identifying the size of the hump
(λ) which we would like to interpret, we also locate an approximate time at which the hump
peaks, and use this as the central time around which we vary the length of the island structure
when identifying suitable island models.

More formally, the approach can be expressed as follows:

1. Identify hump of interest in estimates of historical rates of coalescence using, for example,
PSMC

2. Choose a baseline population size N b
e and estimate the scale of the hump λ, as well as

the times TG and TC over which the hump will be assumed to exist. From these, also
determine the point in time at which the hump has its central point, or peak, usually
tp = (TC − TG)/2.
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3. Calculate the KL divergence of distribution times describe by fH above, compared to
a constant-sized coalescent distribution fK . Use the parameters for the hump model
chosen above, and assume the population is constant-sized and panmictic outside of
the hump, with effective size N b

e .

4. With various numbers of islands N , determine the length of time interval (TM − TS),
centred at tp, which would be required to produce a KL divergence similar to that
observed above. Here the divergence is between the density fIN

of an island model IN

and fK .

5. Compare matching island numbers and times with external evidence for plausibility.

As discussed above, Mazet et al. illustrate a way in which population structure can cause
spurious signals of bottlenecks, not just expansions. The approach proposed here does provide
a means of studying this scenario, even though it generally assumes a population expansion
(λ > 1), not contraction. The reason is that the apparent signal of a population bottleneck
will, under the alternative explanation, be caused by an increase in the symmetric migration
rate between established islands, relative to the migration rate preceding the bottleneck. As
a result, we can explore the kinds of plausible island structure which might produce the
hump preceding the bottleneck. We illustrate an example of this below, in the context of
human population history, looking at the signal of population contraction usually associated
with the out-of-Africa migration.

One simplifying assumption we make here is that the history before or after the period of
structure, in I, or the hump, in H, does not vary in size or structure. This condition does
not hold in any population we are interested in, but since we are comparing I and H models
against the same K, it will matter less what the absolute change in coalescent rate induced
by either situation is, and more what they are relative to each other.

Kullback-Liebler divergence In the approach used to measure the divergence between
coalescent distributions under structured and hump models we apply the widely-used Kullback-
Liebler (KL) divergence, also known as the relative entropy. To illustrate this, if two random
variables F and P have continuous density functions f and p, then the relative entropy from
P to F is determined by the expression

DKL(f ||p) =
∫ ∞

−∞
f(t) log

(
f(t)
p(t)

)
dt (4.3)

As reflected in the language used, the measure is not a true metric since it is not symmetric.
We will in general use the T2 density of some constant model K as the divergence from which
other densities will be compared. In other words, when we refer to the divergence between
the coalescent distribution of a structured model and that of a panmictic, constant-sized one,
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the latter model will always correspond with P in the expression above. Note that instead
of writing DKL(fIN

||fK) for the Kullback-Liebler divergence from fK to fIN
, I will indicate

this measure with DKL(IN ||K), and use an analogous shorthand for divergence measures
from K to H models.

To illustrate the comparison of models using KL divergence values, I show two distributions
of coalescent times in Figure 4.6b. These models have matching KL divergence values. One
is an I2 model, and the other is an H in which the Ne increase of the middle period of the
history was determined in such a way that the KL value of the distribution is identical to
the structured model, in other words DKL(Hλ||K) = DKL(I2||K) (Figure 4.6a). The middle
periods of both models occur between coalescent time units 1-2, which can be translated into
years as described in Figure 4.2. The size of the hump population on the interval (TG, TC) is
λ∗Ne where λ∗ = 1.85 and Ne = 1, this value is obtained in the previous figure. Observe that
the shape of the curves is different over the periods where their demographic structure differs.
However, the curves are identical in the last period, when both populations are panmictic
and constant-sized. This suggests that the proportion of “missing” coalescent events are the
same in both histories at the time when their middle periods end (where “missing” here
means relative to the proportion of coalescent events in that period in the baseline K model).

Effects of time and start of separation on structure-induced divergence Before
looking at empirical applications of the approach, we briefly illustrate the interacting effects
of the time of onset and length of separation of islands in the island model described above.
This is equivalent to studying the effects of varying the endpoints of the interval (TS , TM )
in the distribution fI . We compare this with panmictic models using the KL divergence
discussed above.

The broad trend is the same in Figure 4.7 and Figure 4.8. Each of the four plots in this
pair of Figures shows KL divergence values under varying time regimes, with structured
periods starting at different time points and lasting for different lengths of time. The different
figures correspond to different numbers of islands (N) existing during the structured periods
(of models IN ). The diagonal trend in KL values shows an increase in divergence from fK

when the structured periods are earlier and when they last for longer lengths of time. The
greater effect on earlier events is due to there being more pairs of lineages available which can
be affected by barriers to coalescence. Note also that an increase in the number of islands
will cause a greater depression in coalescent rates, and thus induce a greater divergence value.
This is to be expected from Figure 4.3.

For comparison sake, a similar effect is also seen in PSMC analyses of sequences produced
under simulation. In Figure 4.9 we see PSMC-estimated Ne curves of various simulations of I2

models. The base simulation in this case was chosen as an idealised model of the population
size history of an out-of-Africa population. It approximates a population bottleneck like
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Fig. 4.6 An illustration of I2 and Hλ models with DKL(Hλ||K) = DKL(I2||K). In (a), the blue
dashed line represents the KL divergence of an I2 model in which the split occurs between 1-2 in
coalescent time units (to translate into years, see the caption to Figure 4.2). The green line represents
the value of the KL divergence of Hλ. Intersection is at ∼ λ∗ = 1.85. In (b) we see the distribution
of coalescent times under both the I2 (green) and Hλ with λ = λ∗ (blue). For comparison, the
distribution of the corresponding K model is also plotted.
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Fig. 4.7 Heatmap showing values of Kullback-Liebler divergence in island models, DKL(IN ||K),
using coalescent distribution times given by f . Figure (a) features an I2 model, and (b) an I4 model.
Both show the effect of varying the split time interval (TS , TM ). Assumed baseline Ne = 104, and
conversion from coalescent times assumes generations are 25 years. The colour difference between the
two plots indicates only that the scaling is different.
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Fig. 4.8 Heatmap showing values of Kullback-Liebler divergence in island model, DKL(IN ||K), using
coalescent distribution times given by f . Figure (a) features an I6, and (b) an I8 model. Both show
the effect of varying the split time interval (TS , TM ). Assumed baseline Ne = 104, and conversion
from coalescent times assume generations are 25 years. The colour difference between the two plots
indicates only that the scaling is different.
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the one experienced by humans of European or Asian ancestry. The bisection in population
occurs at various times preceding the bottleneck and lasts for various lengths of time, as
indicated in the figures. The effect shown is as expected from the KL divergence plots: a
smaller distortion in coalescent distribution as the length of the split period is shorter, and
as the start of the split is pushed further back in time. All simulations were conducted here
using SCRM [157].

This effect is also seen in Figure 4.10, a heatmap which summarises the trend, and exhibits
a similar diagonal pattern to that seen in Figures 4.7 and 4.8. The comparison model is the
same idealised out-of-Africa model used in the previous figures. Note that the measure of
divergence in this case, between the estimated historical Ne and the true history, is not the
KL divergence. It would be inappropriate to use a measure designed for the comparison of
probability distributions on unnormalised estimates of historical Ne . We use instead an
integral measure, which is identical to one used in the original publication of PSMC. Here
it is called the “scaled fractional difference” and, using the original notation on the time
interval [t0, t1), it is given by

d(t0, t1) = 1
log t1 − log t0

∫ t1

t0

|N0(t) − N1(t)|
N0(t) + N1(t)

dt

t
(4.4)

where N1 and N0 are the population size curves being compared.
It is evident from both these sets of analyses that island structure lasting for a short

period of time will not appreciably alter coalescent rates. The relevant length of time depends
on the sensitivity of the inference scheme, the number of islands, and the structured period’s
proximity to the present.

4.3 Applications of the approach

Population structure in central chimpanzees As a first application of this approach
we examine a question which arose in the previous chapter in the context of the population
history of chimpanzees. We observed in Figure 3.15 that the central chimpanzees experienced
a large increase in population size within the last 100 kya and this was followed by a
decrease closer to the present. Because of the increased variance between individuals over
this time period, we were concerned that this increase was due to the presence of some kind
of population structure, rather than to an increase in census population size. Recall that
although this effect is diminished in subsamples consisting only of high-coverage individuals,
it is not entirely absent from this data (Figure 3.16a).

One way to detect cryptic population structure on this recent time period would be to
use the cross-population coalescent rates between various subgroups of individuals in a single
present-day population. The time periods over which these inferred curves differ significantly
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Fig. 4.9 PSMC-estimated Ne history of simulated structured histories. In (a) we see the inflationary
effect of lengthening the time of the structured period. In (b) we see a similar change in the estimated
historical Ne if we bring structured periods closer in time to the present. True history in both cases is
an idealised version of the apparent population bottleneck history observed in out-of-Africa human
populations. Simulations conducted using SCRM [157]

.
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from each other, or from the autosomal effective population size of an individual in the
population, might be those periods with uneven rates of coalescence across the population.
This could be caused by low migration rates between subregions and indicative of the sort of
structure relevant to the island models in this chapter.

However, this approach is not always conclusive. An example of this is shown in Figure
4.11. In Figure 4.11a I selected two subgroups of Central chimpanzees based on clustering
patterns taken from a FINEstructure analysis [67] undertaken by de Manuel et al [24]. The
first “central-1” compares gene flow between those in Gabon East and the rest, while the
second “central-comparison-3” compares two groups which showed no indication of being
distinct from each other, outside of Gabon-East (see Figure 3.18 and [24]). A similar analysis
is shown in Figure 4.11b. Here the first comparison is between Eastern chimpanzee males
from DRC-South and Tanzanian versus Eastern males from outside those regions, while
the second is on randomly chosen individuals drawn strictly from the second group, where
individuals cluster together.

Taken alone, the first (blue) curves in either plot might seem to suggest a decrease in gene
flow, stopping entirely around 20-40 kya. However, the fact that this pattern is also seen in the
analysis of individuals which are indistinguishable in other clustering methods suggests this
effect may be an artefact. Methodological limitations prevent easily interpretable conclusions
being drawn from the amount of data available. We cannot say that the substantial increases
in the most recent time periods are not merely due to a paucity of coalescent events on
that time scale. On the other hand, it is possible that the application of FINEstructure
misidentified the likeliest division of individuals into structured populations and that in
fact both plots show evidence of genuine decrease in within-subspecies gene flow. Further
analysis, based on more and better quality male X chromosomes, or, ideally, high-quality
phased autosomal data, may make this approach feasible.

A last exploration of possible substructure does not involve MSMC2, but is based on
running PSMC on simulated sequences drawn from panmictic and substructured populations.
In an attempt to replicate the most recent expansion seen in each chimpanzee subspecies, I
formulated a simplified version of a chimpanzee population history, and simulated sequences
under this demographic history. In comparison, simulations were also conducted under a
history similar to this, but with a population bisection and no migration between subpopula-
tions over recent time periods. I tried to replicate the hump seen in the chimpanzee curves
using substructure alone. As can be seen in Figure 4.12, even a population bisection as long
as 80 ky does not sufficiently alter the coalescent rates and produce the observed increase.

These plots are suggestive, but it would be ideal to have a more principled way of
determining the plausible range of structured models which might produce such increases.
Applying the approach proposed in this chapter to examine this scenario, we characterise a
hump model H over the period of apparent population expansion. This requires specifying
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(a) MSMC cross-coalescence analysis of gene flow between male Central chimpanzees from
Gabon-East and all other male central chimpanzees (central-1), and between randomly
chosen males from outside Gabon-East who cluster closely in tests of extant population
structure (central-comparison-3).

(b) MSMC cross-coalescence analysis of gene flow between male Eastern chimpanzees
from DRC-South and Tanzania versus the rest (eastern-1...), and then between Eastern
males randomly chosen from outside DRC-South and Tanzania (eastern-2...).

Fig. 4.11 Investigation of substructure based on gene flow within chimpanzee subspecies. Groupings
are derived from putative clustering inferred by FINEstructure analysis conducted by de Manuel et al.
[24].
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question is presented in Chapter 4.
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the end points of the increase time TG, a baseline population size for the comparison model
K, and the scale of an increase, λ. We take the peak of the hump to be 6 × 104, and produce
analyses for a baseline Ne of 5000 and 10000, corresponding to a scale increase of λ = 12
and λ = 6, respectively. We assume conservatively that the hump period lasts from 20000 to
60000 years ago, with the peak tp at 40000 years ago (and assume a generation time of 25
years).

In Figures 4.13 and 4.14 we show the KL divergence curves of various IN models under
these two baseline population size scenarios. These plots suggest that the time available is
too short for island structure to sufficiently depress coalescent rates to produce the observed
pulses in PSMC curves. Barring more complicated demographic histories, it seems most
likely that the increase in Ne is due to genuine changes in census population size.

Human demographic history In Figures 4.16 and 4.17 we show an attempt to determine
whether the apparent bottlenecks seen in populations which underwent a putative out-of-
Africa migration, can be explained by island structure. As described above, this is a matter
of exploring whether the hump preceding the contraction is caused by islands between which
there was little migration. In this scenario, the signal of the bottleneck is largely a result of a
subsequent increase in migration between islands or a complete transition to panmixia.

For this section we use the effective population size histories estimated by the Simons
Genome Diversity Project [81]. In their Figure 2f, reproduced here in Figure 4.15, they collect
representative PSMC curves for several out-of-Africa populations, including French, Han,
and Mixe. The curves exhibit the characteristic decrease in Ne to 50kya, from a high point
around 300kya. As mentioned above, this is widely interpreted as the population contraction
caused by migration from Africa [e.g. 79], partly because it is not evident in the same degree
in populations with exclusively African ancestry [144, 81].

Applying the approach proposed here to explore structured histories, we need to char-
acterise a hump model for the period before the contraction. We choose the conservatively
small time interval (200 kya, 400 kya), with a peak tp = 300kya. This may not be unrealistic,
since PSMC tends to smooth out large sudden changes in population size (see for example
the inferred histories in Figure 4.9). In Figures 4.16, 4.17, and 4.18 I show plausible island
histories IN with three choices of baseline Ne (2000, 5000 and 10000 respectively) in each of
which I have fixed the height of the hump in Hλ at 20000 and adjusted λ accordingly. This
corresponds to expansion size scalings of 10, 4, and 2, respectively. In order to allow some
uncertainty I have shown in each Figure the values of island time lengths corresponding to
three values of λ centred on these values. Note that the structured histories assume the same
baseline effective population size as the corresponding hump model in each plot, in other
words the comparison between corresponding I and H models is to the same model K.
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Fig. 4.13 Island models IN consistent with central chimpanzee population expansion
when baseline Ne = 5000. Figures represent dependence of KL divergence values on length of island
intervals centered at tp = 40 kya. Intersections with dashed green lines represent matching KL values
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Fig. 4.14 Island models IN consistent with central chimpanzee population expansion
when baseline Ne = 10000. Figures represent dependence of KL divergence values on length of
island intervals centered at tp = 40 kya. Intersections with dashed green lines represent matching KL
values with hump models in which increase lasts from 20-60 kya. Scale of the population increases in
the hump models Hλ vary according to λ values associates with dashed lines (see legend).
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Fig. 4.15 PSMC-estimated historical effective population sizes of out-of-Africa populations. Produced
by the Simons Genome Diversity Project [81]. We focus on the increase in population size occuring
between approximately 50 - 300 kya.

As an example of one reading of these figures, if we consider the baseline effective
population size to be 5000 (Figure 4.17) and we believe that the most accurate scaling of
the population hump (contraction in historical terms) is λ = 4, then we can see that the
a 4-island period centred around 300kya would need to last for approximately 230-240 ky
in order to depress coalescent rates sufficiently, and an 8-island period, on the other hand,
should last for at least 150 ky. With only 2-islands you would need a division lasting longer
than 300 ky. As these models assume zero migration, they set the minimum number of
islands required for their respective lengths of time. In other words, if some external evidence
suggested it was only plausible that structure could last for 150 ky, then we would need more
than 8 islands if a significant amount of migration is expected. Observe the small differences
between the 6-island and 8-island models. These suggest that at these time scales we will
not be able to distinguish models with more than these number of islands, due to the effect
observed in Figure 4.3.

If structure existed on this time scale, we expect it would indicate divisions between
ancestral populations on the African continent. However, this period is likely to pre-date
the appearance of the earliest extant population structure in humans (between ancestors of
Khoisan populations and other Africans) [150]. Its plausibility is thus difficult to assess using
modern sequence data alone. External evidence, in the form of the fossil record, suggests
the out-of-Africa migration coincided with the contraction [94], and as mentioned in the
introduction to the chapter it also coincides with the decrease in cross-coalescence between
populations in and out of Africa. This is strong prior evidence that the migration is causally
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Fig. 4.16 Island models IN consistent with OOA population contraction when baseline
Ne = 2000. Figures represent dependence of KL divergence values on length of island intervals
centered at tp = 300 kya. Intersections with dashed green lines represent matching KL values with
hump models in which increase lasts from 200-400kya. Scale of the population increases in the hump
models vary by dashed line.
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Fig. 4.17 Island models IN consistent with OOA population contraction when baseline
Ne = 5000. Figures represent dependence of KL divergence values, on length of island intervals
centered at tp = 300 kya. Intersections with dashed green lines represent matching KL values with
hump models in which increase lasts from 200-400kya. Scale of the population increases in the hump
models vary by dashed line.
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Fig. 4.18 Island models IN consistent with OOA population contraction when baseline
Ne = 10000. Figures represent dependence of KL divergence values on length of island intervals
centered at tp = 300 kya. Intersections with dashed green lines represent matching KL values with
hump models in which increase lasts from 200-400kya. Scale of the population increases in the hump
models vary by dashed line.



4.4 Additional effects of historical substructure 103

related to the decline in effective population size. The number of strictly isolated islands
required within Africa to produce a similar increase in population size, under the simple
island model proposed here, seems large enough to support the view that the contraction is
due to a genuine change in census population.

4.4 Additional effects of historical substructure

Subpopulation lineage sorting Under the demographic scenario briefly analysed in the
beginning of this chapter, Li and Durbin observe an inflation of the effective population size
due to the 2-island structure. The island models IN which we developed further also exhibit
this behaviour. However the effect depends on an assumption about the sorting of lineages
into islands at the time of population splitting (TS in our model): it assumes uniform random
island choice by uncoalesced lineages.

This is significant, because where lineages are allowed to choose islands non-uniformly,
and depending on the length of time of the separation, coalescent rates can increase. Under
the IN models used in this chapter, it is straightforward to determine the conditions under
which this will occur. Focusing only on the conditional case in which lineages are uncoalesced
at time TS , we know that the probability of coalescence by the end of the island period is
given by gisl(τ) = ps(1 − e−Nτ ), where ps is the probability of sorting into the same island
and N is the number of islands, here assumed to be the same size. For the sake of brevity
we set TM − TS = τ , and note that in the case of uniform random sorting ps = 1/N . The
probability of coalescence by TM in the comparable panmictic model is gpan(τ) = 1 − e−τ .

We know from before that under uniform random sorting, gisl(τ) < gpan(τ) for any
τ > 0. This is true since both expressions are 0 when τ = 0, while the first order derivatives
g′

isl(τ) ≤ g′
pan(τ) when τ ≥ 0. However, this is not the case under all sorting regimes. More

generally,
g′

isl(τ) = psNe−Nτ and g′
pan(τ) = e−τ .

Thus g′
isl(0) > g′

pan(0), and coalescent probability is initially greater in the structured model,
when

ps > 1/N.

Probability for coalescence in this case is identical at the separation time τ∗, when gisl(τ∗) =
gpan(τ∗). This phenomenon, in which structure decreases effective population size, is illus-
trated in Figure 4.19.

This situation is biologically plausible. It can occur if some population C is formed
through the admixture of equally-sized populations A and B but admixture proportions
are not equal. This can happen, for example, if C is formed out of founding populations
of different sizes which merge soon after breaking away from A and B, or if one of A and
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Fig. 4.19 Probability of coalescence under non-uniform lineage sorting in an I4 model by time t.
This illustrates the probability that two uncoalesced lineages at time 0 coalesce before time τ . We
assume that island structure exists from the start. Functions plotted in non-panmictic cases are the
probabilities of sorting into the same island multiplied by probabilities of coalescing under condition
that sorting is into the same island. In the non-uniform sorting case, when probability of lineages
sorting into same island is 1/2, as opposed to 1/4, there is a time interval in which coalescence
probability is higher than in the panmictic case, and Ne lower, unlike the case of uniform sorting.
In other words, if structured period ends before intersection of curves, the direction of the effect on
coalescence rates will be different to the uniform random sorting case.
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B change size near in time to the merging, due to disease, or conflict over resources in the
process of merging. If external evidence (as might be provided by a rich ancient DNA record)
suggests this is likely in the case of the history of some specific population, the island model
developed earlier in this chapter can readily be generalised.





Chapter 5

Haplotype-Based Analyses of
Ancient Population Structure

We saw in Chapter 4 that it can be difficult to detect and characterise past population
structure using modern sequence data alone. With the development and proliferation of
ancient DNA sequencing we are able to observe genetic variation at specific times in the past.
This variation can be compared with other ancient samples to learn about past gene flow,
or with modern samples to reveal the histories of extant populations. Some of the methods
commonly used to draw these inferences have not expressly been designed to analyse mixed
sets of modern and ancient sequences. While they can still be informative, we do not always
understand the extent to which this assumption affects inferences. However, new approaches
are increasingly being developed with such datasets in mind. In this chapter I present a
tentative addition to this family of techniques.

5.1 Method

5.1.1 Modelling ancient structure with the ARG

The approach in this study requires a sample consisting of two ancient sequences and a set
of reliably-phased modern sequences. We speak hypothetically of two different populations
from which the ancient sequences are drawn, but the relationship between these populations
is left open. Indeed, the populations may be identical. We begin by identifying haplotype
segments in the modern sample which share a long common ancestry. We then compare the
derived mutations on these haplotype segments with those shared privately with either of
the ancient sequences and use this to “match” the loci with either of the ancient individuals.
This quantifies shared ancestry in a way particularly amenable to demographic analysis.

We use this pattern of shared inheritance to inform us of ancient population structure.
The underlying motivation is that a modern panmictic population cannot trace significantly
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(a) Marginal ancestral trees

present

(b) Detectable branch-sharing

Fig. 5.1 The ancestral recombination graph (ARG) Figure (a) shows two marginal genealogical
trees of adjacent loci, obtained from the ancestral recombination graph of a sample of 5 sequences.
Figure (b) shows the unobserved branches which the matching procedure is attempting to infer. The
tree represents the history of a single locus. It describes the times at which the sample ancestral
lineages find their common ancestors and the order in which these ancestors are found. Each solid
circle represents a segment of a modern sequence, while the hollow circles represent corresponding
regions from ancient sequences. The red line is the shared “private” history of all the red-coded
segments; similarly with blue. The only history the black locus shares with any other is the history it
shares with all of them. These private branches form the basis of the matching process. Since we
cannot observe the trees directly, they are inferred from the sharing of private derived alleles, ie. the
shared history of the red-coded segments is detectable only if a mutation occurres on the red line.

more ancestry to one or other ancient population unless those populations have significantly
distinct histories. Nonetheless the extent, and possibly direction, of the difference will depend
on demography and the sampling time of the ancient sequences. Thus in the second phase
we use explicit demographic models to interpret the results of the matching process. The
first phase is agnostic with respect to models chosen in the second and we foresee several
possible extensions of our broad approach.

Segmentation

As with the ChromoPainter approach outlined in Chapter 2, the haplotype segments we
require are those which correspond to single ancestral trees. We use these trees because
they are well-modelled by coalescent processes [39]. However, the trees at adjacent such
intervals are not independent since they are identical up to the point at which some past
recombination event separates them. Thus closely positioned trees will be correlated. The
set of such trees across an entire sample of sequences, along with their complex linkages, can
be obtained from the ancestral recombination graph (ARG) [40], which is what we infer in
the first phase of the method (see Figure 5.1 (a)). We will be working with the minimal set
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of haplotype segments for a given ARG and reserve the word “locus” or “non-recombining
locus” for these intervals.

Due to its large parameter space, the ARG is a notoriously difficult structure to infer.
ARGweaver, the method we use, implements a Markov Chain Monte Carlo (MCMC) approach
to draw samples from a probability distribution over the space of all ARGs, estimated under
the assumptions of the sequentially Markovian coalescent (SMC) [130]. Unlike methods
which might produce a maximum likelihood or max posteriori ARG, this stochastic sampling
introduces uncertainty in our inferences. However, we do not use the entire data structure.
The ARG samples drawn by ARGweaver are only used to identify the endpoints of non-
recombining loci. While the differences in positions that do exist can affect downstream
summary statistics, our results show consistency between samples drawn (see analysis below).
We also average over randomly choosen samples (see Modelling and Inference section).

Matching

For a given ARG sample, each haplotype produces a potentially distinct set of loci drawn
from the modern sequences. For each locus, we apply a matching procedure which potentially
pairs each of its segments with either of the ancient individuals. Note that this matching
requires phased ancient sequences.

1. Identify the derived alleles on the locus which are shared with one of the ancient
individuals, but not the other. We call these the private shared derived alleles.

2. If the locus shares such alleles with only one of the ancient sequences, declare it a
match with that one.

3. If it shares them with both or none of the ancient sequences, reject the segment as
ambiguous.

For the sake of clarity, let m = m1m2 . . . mb be a modern haplotype segment, with mi ∈ {0, 1},
i ∈ {1, 2, ..., b} and b the number of base pairs in the locus. Let the allelic type be 1 if
it is derived and 0 if ancestral. Similarly, let x = x1x2 . . . xb and y = y1y2 . . . yb be the
corresponding ancient loci, with xi = 1 or yi = 1 whenever xi or yi are heterozygous or
homozygous for the derived allele. Otherwise, xi = 0 and yi = 0. With this, we can succinctly
summarise the matching process:

Haplotype matching process Locus m matches ancient sequence x if mi = xi = 1 for
at least one i ∈ {1, 2, ..., b} and if for all i, mi = yi only when mi = 0. Similarly with y. If m

matches neither x nor y we declare it ambiguous.
The justification for this process is as follows. If for some locus we had access to the true

genealogy of our entire sample (including the ancient individuals) we could directly observe
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the shared branch lengths between haplotypes. The distribution of these values over all the
loci in a sequence can be used to draw inferences about population history (see Appendix).
Without this information, we have to infer the existence of these branches by comparing
the private derived alleles that individuals share. These correspond to mutations on the
shared branches. The requirement that only one of the ancient sequences shares the mutation
ensures that it occured more recently than the common ancestor of both ancient sequences
(see Figure 5.1 (b)). This follows from the assumptions of the infinite-sites mutation model,
in which recurrent mutations and back-mutations are assumed not to occur.

If both modern and ancient sequences are reliably phased and methods existed to infer
ARGs with sufficiently good time resolution, and which allowed sequences to have different
sampling times, it would be possible to draw inferences from branch-lengths taken directly
from the whole-sample ARG. Since this is not yet possible, we infer the existence of these
branches by the presence of derived alleles shared exclusively by branch descendents. Note
that not all private branches will be detected. We model detectability in the next section.
Also observe that segment ambiguity caused by the sharing of private alleles from both
ancient sequences may have several causes, namely, a failure of the infinite-sites assumptions
to model the mutational process correctly, an incorrect inferrence of the locus endpoints,
poor variant-calling, or switch-errors resulting from poor phasing.

Comparison with the D statistic There is evident similarity between this procedure
and the popular “ABBA-BABA”, or D-statistic, test, first used by Green et al (2010) [38].
Indeed, our matching can be seen as a repurposed and haplotype-adjusted version of it. The
D is a four-population test for admixture. Given genotypes from base populations X and Y ,
a third population Z, and an outgroup population O, the test counts the differences between
the number of a certain class of variants shared by Y and Z and compares it with that shared
by X and Z. The relevant variants are those which occur in the base population and Z, but
neither the other population nor O. The outgroup variant is a proxy for the ancestral type
which we use in this study. The difference is usually summarised with the statistic

D = CABBA − CBABA

CABBA + CBABA
, (5.1)

where CABBA and CBABA represent the counts of the respective shared variants across the
entire genotype (B represents the derived and A the ancestral alleles in the order (X, Y, Z, O)).
A significant difference from 0 is taken as evidence of historical admixture from population Z

into Y if positive, and into X if negative. Significance is usually tested by block jackknife
procedure since SNPs in LD will have complicated correlations. This test was used by
Green et al to infer an excess of Neanderthal alleles in the descendents of ancient Eurasians
relative to those found in Africans, which they took as evidence of ancient admixture between
Neanderthals and the humans who migrated out of Africa.
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Using this notation, our focus is on the population Z, which we assume is modern. We
are attempting to understand the shared history of Z with X and Y , which we take to be our
hypothetical ancient populations. We have no explicit outgroup, but infer the derived alleles
using previous determinations of ancestral variants by the 1000 Genomes Project [19]. The
more important difference to our approach is that we attempt to prevent the overcounting of
certain trees by regarding segments as single matches even if they contain multiple shared
private derived alleles. Overcounting can bias inferences if gene flow between populations
occurred at different times and recombination had different time-windows during which to
break up the clustering of alleles.

The D is known to have certain robustness guarantees which our measure is not designed
to have, notably to variation in ancestral effective population size [29]. Durand et al.
recommend not using the D for demographic inference because of its complex sensitivity
to various historical parameters. This difficulty is shared by our approach, although we
attempt under simplified models to gain some understanding of these interactions. Under
these conditions, and setting several parameters using external information, it is possible to
do a limited inference of some aspects of the history.

Modelling and inference

The marginal genealogical trees obtained from the ARG, those corresponding to single loci,
can be modelled by coalescent processes. Under simple historical demographic models, we
can use this fact to analytically compute the probabilities of observing matches with either
ancient sequence. This involves first determining the distribution of shared branch lengths
between modern and ancient sequences. Conditioned on this distribution we can determine
the probability that any given tree has a detectable private branch shared with either of the
ancient sequences. This is equivalent to asking whether a mutation occurs on the branch.

Our structured demographic model is as follows. We assume that the haplotype segment
A0 at a given locus is sampled at present. It can follow one of three ancestral paths. The first
path, which it follows with probability p1, allows it to migrate to the population from which
the ancient sequence A1 is drawn, and it has the potential to coalesce with the corresponding
locus of A1 from “join time” j1 until some “merge time” tM , when the populations of A1 and
A2 merge. Similarly, with probability p2 it is allowed to coalesce with the corresponding locus
of A2 after j2 and until tM . With probability p0, on the other hand, the ancestry of the locus
is traced through some “ghost” population and can coalesce with neither A1 nor A2 until
time tM . We assume that each subpopulation is panmictic and that selection is not strong or
common enough to systematically bias the probabilities of coalescence or mutation. We also
allow the subpopulations of A1 and A2 to have effective population size scaled relative to the
(constant) effective population size N of the global ancestral population, by parameters 1/λ1

and 1/λ2, respectively. No migration is permitted between these ancient subpopulations, so
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that A1 and A2 cannot themselves coalesce until the global merging of populations at tM .
Note that we also only compare sites at which we successfully call alleles from both ancient
sequences, and thus assume that differences in variant calling and missing ancient sites will
not introduce bias.

We seek the conditional matching probability

P1 = P(S1)
P(S1) + P(S2) , (5.2)

where S1 and S2 are the probabilities that a segment matches with ancient sequence A1 or
A2 respectively. We outline the argument in the case of P(S1), though relegate the detailed
arguments to the Appendix. Observe that there are three possible topologies for the gene tree
of this 3-sample locus. We are interested in the topologies under which the modern locus A0

and the first ancient sequence A1 share a private branch. This occurs in precisely one case:
when the ancestral lineages of A0 and A1 are the first to coalesce. We shall label the length of
their private branch L01, and the shared branch lengths under the other possible topologies
L02 and L12, following the obvious notation. The detectability of this branch, under the
infinite sites assumption, is the probability that a mutation occurs on it. We shall refer to
the random number of mutations on branch L01 as M01. Observe that the probability of a
segment match occuring is thus simply 1 − P(M01 = 0). We determine this by conditioning
on the distribution of L01. Thus

P(M01 = 0) = P(L01 = 0) +
∫ ∞

0
P(M01 = 0|L01 = l)P(L01 = l) dl. (5.3)

The first term is the probability that A0 and A1 only share branches which are also shared by
A2 (and thus share no private recent mutations). The second term is the probability that no
mutations are observed conditioned on L01 being nonzero. (With a slight abuse of notation,
we assume in the second term that l > 0, in order to avoid including the point mass at l = 0.
We also suppress the dependence on demographic parameters.) The distribution of L01 can
be determined by conditioning on the ancestral path that A0 follows, and on the event that
it coalesces with A1 before tM . This argument is shown in the Appendix. For the sake of
testing and subsequent expressions, the cumulative distribution function of shared branch
lengths is given by

F 3
01(l) =



0 if l < 0

p2(1 − e−t2/λ2) + (2/3)B if l = 0

F 3
01(0) + A1

(
λ1el/λ1 + e−l − λ1 − 1

)
+ (1/3)

(
1 − e−l

)
B if 0 < l < t1

F 3
01(t1) +

(
A1
(
e(1+1/λ1)t1 − 1

)
+ (1/3)B

) (
e−t1 − e−l

)
if t1 < l.

(5.4)
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The superscript of F 3
01 signifies the third of the models analysed in the Appendix and the

time t1 is window before tM during which A1 and the modern locus can coalesce, so that
t1 = tM − j1. Also,

A1 = p1e−t1/λ1

λ1 + 1 and

B = p0 + p1e−t1/λ1 + p2e−t2/λ2 .

(5.5)

Similar expressions exist for F 3
02.

Given a Poisson model for the distribution of mutations on branches as a function of
branch lengths, as well as µ, the per-site per-generation mutation rate, and b, the length of
the locus in base pairs, we solve Equation 5.3 to obtain

1 − P(M01 = 0) = F 3
01(0) + I1 + I2 + I3

where I1 = A1

[
e(1/λ1−θ/2)t1 − 1

1/λ1 − θ/2 + e−(1+θ/2)t1 − 1
1 + θ/2

]
,

I2 = A1
(
e(1+1/λ1)t1 − 1

)(e−(1+θ/2)t1

1 + θ/2

)
,

and I3 = B

3(1 + θ/2) .

(5.6)

Here, θ = 4Nµb the scaled classical parameter governing the rate of mutations in coalescent
processes.

Ultimately, this allows us to obtain the value of P1, with which we might fit a binomial
model to the observed proportion of non-ambiguous segments which match the first ancient
sequence. However P1 = P1(Θ) where Θ is the set of demographic parameters under which
the loci have evolved. We should not expect that by fitting P1 to the observations the values
of the individual parameters will be identifiable. There are two further difficulties with
doing this directly. The first is that in the inference, we need to account for the uncertainty
induced by the MCMC sampling procedure. For each haplotype we randomly choose an ARG
from the sampled graphs, and compute the relevant quantities using these random choices.
We then redo this multiple times and average over the values obtained through each set of
random samples. As shown in Results, the average estimate of several required statistics
converges after 30-40 iterations.



114 Haplotype-Based Analyses of Ancient Population Structure

5.2 Results

Validity of analytical results

Several features of the analytical arguments above are validated here using simulations, all
of which are run on the coalescent simulator msprime. We first check that the theoretical
prediction for the distribution of shared branch lengths is correct. While this random quantity
is not observable, msprime allows us to generate coalescent trees under a large variety of
ancient demographic models, and it supplies the topologies of these trees along with all
relevant branch lengths. We also run these simulations in order to obtain some insight into
the distributions of simulated trees about their theoretically predicted values. In the first set
of simulations we generate independent coalescent trees under the structured demographic
model. Later, we illustrate the effects of linkage through simulations of sequences.

The first set of simulations validate the theoretically-derived cumulative distribution
functions (cdf) of the random shared branch length L01. This is the shared coalescent history
of the modern haplotype segment and the first ancient segment. In Figure 5.2, each subplot
shows the theoretical cumulative distribution 5.14 and the observed cumulative distributions
of 1000 trees per simulation (there are 50 simulations in each subplot). Parameters specifying
the demographic histories are stated in the caption. The plots confirm several salient features
of the theoretical cdf. First is the proportion of trees in which no private branch-sharing
occurs between the relevant haplotype. This is given by the intersection of the curves with
the y-axis. Second is the shape of the cdf, which the simulated curves closely approximate
even when the demographic conditions are chosen to exaggerate greatly the branch-sharing
of the two haplotypes and when the merge time is increased in order to alter the convexity of
the theoretical cdf. If for each simulation, we increase the number of trees by a factor of 10,
we see that the simulations adhere more closely to their theoretical prediction, suggesting
the asymptotic accuracy of the theoretical cdf. Observe as well that the simulations in each
plot appear to be symmetrically distributed around the theoretical curve.

In the next set of simulations, shown in Figure 5.3, the demographic history is fixed
and asymmetric (the parameter values stated in the figure captions). We validate the use
of the theoretically derived quantities P1 and P2 as estimators for the relative proportion
of haplotype matches under this demographic model. Each simulation consists of 10000
coalescent trees. For each of these we have counted up and plotted the number of modern
segments matching (unambiguously) with either ancient haplotype. In addition, we plot the
point corresponding to (10000 × P1, 10000 × P2). Observe that the parameters have been
chosen to illustrate the ambiguity of the relative number of segment matches. In this case,
a separation time of 200 generations between the two ancient sequences is not sufficient to
guarantee that more matches with the more recent ancient sequence will be made in each
simulation (illustrated by the number of blue points above the dashed green line), even
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(a) Basic parameters (b) Excess A1 branch sharing

(c) Merge time extended (d) Increased number of trees per run

Fig. 5.2 Comparison of theoretical and simulated L01 branch length distributions. (a)
Cumulative distribution of L01, the random branch length shared between modern locus and ancient
sequence A1, under the following demographic parameters: tM = 1000 generations, j1 = j2 = 500
generations, N = 1e4, λ1 = λ2 = 2, and p1 = p2 = 0.5. The blue line represents theoretical prediction
of branch lengths. Red lines correspond to cumulative histograms of 50 simulations, each consisting of
1000 trees generated with msprime. Figure supports demographic analysis under this set of parameters,
showing close agreement of simulations with the theoretical prediction as well as an approximately
symmetric distribution about the theoretically-derived curve. (b) Comparison under demographic
conditions chosen to exaggerate the branch-sharing with ancient sequence A1: p1 = 0.7, p2 = 0.3,
j1 = 0 generations, λ1 = 10 (remaining parameters as in previous plot). Support for the theoretical
curve is maintained as branches shared become longer on average. (c) Comparison in which all
parameters are the same as in (a), except the merge time tM = 20000 generations. Agreement with
theoretical curve maintained as overall shape of distribution curve changes. (d) Number of trees
in each run increased to 10000, showing the tightening of the simulated distributions about the
theoretical curve.
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Fig. 5.3 Example of relative segment matching under asymmetric demographic history
Each of the 500 blue dots corresponds to a simulation under demographic parameters: N = 1e4,
j1 = 800 generations, j2 = 1000 generations, tM = 2000 generations, p1 = p2 = 0.5, λ1 = λ2 = 2,
µ = 1.2 × 10−8 per site per generation, b = 2500bp. The dots are plotted according to the number of
segments which match with the respective ancient sequences in a simulation of 10000 trees (each)
using msprime. The red cross corresponds to the independent theoretical prediction for each count
of segments shared. For the sake of visual comparison, the green dashed line represents equality of
segment sharing. The plot supports the theoretical predition of segment-sharing under this illustrative
demographic model, and demonstrates the spread of matches that can be expected.
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Fig. 5.4 Proportion of A1 segment matching under varying join time j1 Each blue dot
corresponds to the proportion of segment matches (among unambiguous matches) with ancient
sequence A1 under simulations of 10000 trees. Join time j1 varies from the present (0 generations)
to the merge time tM = 2000 generations. Other demographic parameters are N = 1e4, j2 = 1000,
p1 = p2 = 0.5, λ1 = λ2 = 2, µ = 1.2 × 10−8, b = 2500 bps. At every 10 generations 5 simulations were
run. The red line corresponds to the theoretical expectation of the proportion of matches. Observe
that the theoretically predicted proportion of segment matching with ancient populations is equal
when the join times are identical, at 1000 generations.

though this is the case for most simulations. The theoretical prediction for the relative
number of segments matching is in this case below the dashed line, showing the degree of the
expected bias in favour of the first ancient sequence. The roughly symmetric distribution of
simulated points about the theoretical prediction suggests the multinomial distribution is an
appropriate model in the case of unlinked trees.

In Figure 5.4 this observation is illustrated on a larger variety of conditions. Here we
vary the bias in preferential matching of haplotype segments by varying one set of join
times. We fix the time (at 1000 generations) at which the modern population merges with
the second ancient population, and we vary the join time with the first ancient population
from 0 to 2000 generations. At every tenth generation we run 5 simulations (note that the
population size parameters are the same for each ancient population). We plot the ratio of
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the segment matches with the first ancient sequence to the total number of segments which
match unambiguously with either of the ancient sequences. In other words, the proportion of
segment matches with the first haplotype, excluding the segments which match with neither
(or, in practice, both). Along with these simulations, we also plot the theoretical prediction,
which in this is case is merely P1 as a function of the join time j1. The plot illustrates that
the trend in the simulation results follows the linear-like decrease in the theoretical curve.
Observe that the theoretical prediction is 0.5 when the join times are identical. The scatter
of the simulations about the theoretical curve also appear to be symmetric, supporting the
appropriateness of using the P1 quantity as an estimator of the empirical ratio of segment
matches with one ancient haplotype to the total number of matching segments. It also
suggests that on this narrow time scale it might be sufficient to use a linear approximation of
our model.

In Figures 5.5 and 5.6, we show the interaction, under our model, of the effective population
size, ancestry proportion and join time parameters. In both figures the scaled difference of
probabilities, which is the theoretical counterpart of the chunk count statistic, can vary in
magnitude and direction when demographic parameters are altered. The previous simulations
suggest that the inferences we draw from this theorectical quantity allow us to assess the
interpretation of the empirical chunk counts. As the effective population size of the one
population is increased relative to the other, the probability of matching with that one
decreases, although the effect is greater when the merge time of those populations is relatively
later than the other. Differences in the parameters we call ancestry proportions have a similar
effect, albeit in the opposite direction.

5.2.1 Application to the peopling of the Americas

In this section we look at substructure in an early American population. Evidence from
modern and ancient DNA suggests that indigenous peoples in South and Central America
trace almost all of their ancestry to a single founding population [133, 148, 127]. Modern
North Americans are thought to draw a varying amount of their ancestry from this same
population, with some Canadian groups receiving additional smaller contributions from
ancestral Inuits while others, like the Athabascan-speaking Chipewyan, possibly receiving
contributions from populations which left no modern descendents outside northern North
America [149]. It has been claimed several times that the relative paucity of shared genetic
drift between North and South Americans reflects an early separation in their shared ancestral
population, possibly starting prior to migration into the Americas and reflecting different
migratory waves, and perhaps different routes, into the continent [129, 148, 127]. Following
Skoglund and Reich (2016), we refer to the more southern American ancestral lineage as SA
and the northern Native American lineage as NNA [149]. Recent work, in which the analysis
presented in this section was first published, supported this deep division, while offering
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Fig. 5.5 Theoretical matching probabilities Heatmap illustration of matching probabilities under
demographic regimes in which effective population size and join time vary.
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Fig. 5.6 Theoretical matching probabilities Heatmap illustration of matching probabilities under
demographic regimes in which ancestry proportion and join time vary.
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evidence for later gene flow between these subpopulations [143]. Using the approach set
out in this chapter, I look into the question of the existence of substructure in the founding
population, and the timing of any population subdivision.

Under the simplest model, the founding population broke away after ∼23kya from a
population in Siberia which had exclusively East Asian ancestry [127]. However, a more
complex origin for the population was suggested by the recovered genome of a ∼24ky-old
individual from Mal’ta in Siberia, known as MA-1. This individual shared a large ancestry
with most Native Americans (estimated at 14-38% using admixture graph fitting) and modern
West Europeans (among whom there appears to be clinal variation in shared ancestry), but
significantly less with East Asians [126]. This more complex origin might decrease the
previously estimated upper bound on the separation time between the Siberian and ancestral
North American populations [149]. It is not known when the population migrated into North
America, though a growing body of archaeological evidence supports a possibly related human
presence on the continent from at least ∼14.7kya, and perhaps from as early as ∼18kya
[e.g. 27]. Environmental evidence suggests that the earliest path into America was a coastal
route via the now submerged Beringian land bridge, since a viable ice-free corridor through
modern-day Canada and Alaska appears only to have opened up after ∼12.6kya [116].

An additional ancestry component, from what has been called “Population Y”, has been
proposed to explain the fact that some Amazonian populations appear to share significantly
more ancestry with Australo-Melanesians and Andaman Islanders than other Native Ameri-
cans [148, 127]. This is thought to be the result of either an additional stream of migration
from an Australasian-derived population, or of early substructure in the ancestors of the
founding population, unrelated to the putative North-South divide. However, ancient DNA
is yet to be recovered from this hypothesised population, and since as little as 2% additional
Australasian ancestry is thought to be sufficient to explain this signal [148], we ignore this
component during our analysis.

The oldest evidence of a separation comes from the genome sequence of an infant known as
Anzick-1, associated with the Clovis cultural complex and dating from ∼12.6kya [129]. Anzick-
1 was shown to have shared more drift with Native Americans than any other population in
a worldwide survey, and to cluster with Native Americans in a global ADMIXTURE analysis
and a PCA. This suggests that the infant belonged to the founding population and is evidence
of long-standing population continuity on the continent. Similar analyses showed it to be
significantly more closely related to SA-derived populations than NNA ones. On the basis of
this, it has been argued that the Anzick individual did not come from a population basal to
both SA and NNA, suggesting that population division might predate the establishment of
the Clovis cultural complex [127].

An alternative hypothesis is that division between SA and NNA is more recent, or perhaps
that there is a long-standing North-South cline, and NNA populations received additional gene
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flow from outside the founding population. This might account for a significant proportion
of the difference in the amount of drift that Anzick-1 shares with SA and NNA, and is
suggested by the geographic proximity of Anzick-1 to northern groups, as well as the evidence
of more recent contact between SA and NNA-derived populations [143]. Previous studies have
discounted this hypothesis on the grounds that NNA-derived populations are no more closely
related to any modern Siberian or East Asian population than are SA-derived populations
[129]. However, it is uncertain whether an additional population, not extant and distantly
related to modern Siberians, could have contributed to the NNA populations. Analysis
produced to support the claim of early structure have also largely consisted of admixture
graph fitting approaches based on SNP array data, and little of whole-genome methods,
which introduces the possibility of systematic bias related to the choice of SNPs. In addition,
Native American populations are known to have experienced significant founder efffects in
the last 10-20kya [81], and f3 statistics are harder to compare across such populations since
bottlenecks can obscure drift-based signals of admixture [114].

Results Scheib et al (2018) present several additional ancient genomes from across Northern
America, including one from an ancient Southwestern Ontario sample [143]. This 4000 year
old sample, named CK-13, is regarded as coming from the NNA lineage since it clusters with
northern samples in America-wide PCA and ADMIXTURE analyses. Using Anzick-1 and
CK-13 I attempted to distinguish between these two scenarios: whether structure emerged
early, predating Clovis complex, or whether it emerged later and the admixture graph results
are more likely the result of additional gene flow into NNA. In order to apply the likelihood
approach developed in Section 5.1, I use sequence data from the Pima and Surui, extant
populations in Central and Southern America [81].

The log-likelihood heatmap shown in Figure 5.7 shows that under the assumptions of the
population model and the basic parameters stipulated in the Analysis section above, it is
most likely that the ancestral lineages of the Pima and the Surui begun to coalesce with
Anzick-1 lineages around the age of sample, 13kya, but that they only started coalescing
with the CK-13 lineages much earlier, possibly as early as a 15kya. The fact that coalescence
with CK-13 does not start close to the age of the sample, is an indication of population
structure predating the sample. One alternative explanation for a greater amount of Anzick-1
segment matching might be that the Clovis-associated SA population had a much lower
effective population size than the NNA population. This would increase the rate at which
coalescence occurs within that population and the related population matching probability.
However, given the similar levels of heterozygosity in Anzick-1 and CK-13 [143], a large
difference between them in recent effective population size seems implausible. Note that
the additional NNA-SA gene flow which Scheib et al claim existed would likely increase the
amount of segments shared with NNA by Surui and Pima, and would make us less likely to
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find evidence of an early split. Our signal here seems to have been produced in spite of this
gene flow rather than because of it.

Methods Phased Pima and Surui chr1 genotypes were taken from the Simons Genome
Project [81], along with the universal mappability and low-complexity mask x75.fa. Derived
alleles were identified using the set of ancestral alleles taken from the 1000 Genomes Project
primate EPO panel [19]. I generated 200 MCMC samples of the chr1 ancestral recombination
graph (ARG) by applying ARGweaver to the 8 Pima and Surui haplotypes. This was done by
allowing 2000 burn-in iterations and sampling every 10th ARG. This process was parallelised
by splitting the chromosome into 5Mb regions with a 1Mb overlap and running ARGweaver
on each region independently. The subsequent results were combined across the chromosome
separately for each MCMC iterate. Haplotype segments for each iterate were identified by
the intervals corresponding to single trees in the resulting ARG.

Using the demographic model shown in the main section we derive probabilities of
observing the proportion of modern segments matching with either of the ancient sequences.
As described above, the ancient sequences are taken from Scheib et al (2018) [143] along
with estimates of the ages of the samples. The arguments deriving the relevant probabilities
are found in the Appendix to this chapter. Haplotype segments were binned by length using
increments of 10bp, since the probabilities of segment matching are dependent on segment
length and thus likelihood calculations of the proportions of segment matches per sequence
needed to vary by length.

Note that under this model, the ancestral lineages of segments are not independent.
This will lead to an overdispersion in observed segment-sharing relative to the binomial
variance derived from the demographic model described here. We expect, nonetheless, that
the observed mean under the assumption of independence is an unbiased estimate of the
expectation derived from the true demographic model. In order to control for this increase
in variance it would be appropriate to use a block jackknife approach. However, here we
infer a likelihood surface using a beta-binomial distribution (conservatively, we set dispersion
parameter α = 10, while β is defined so that the mean of the distribution corresponds to
the relevant binomial) to account for the increased variance. The log-likelihood is calculated
100 times, each time drawing 8 “observations” corresponding to one random choice of a
segment matching proportion for each haplotype from among the MCMC samples of the
ARG. Figure 5.7(b) shows the differences in sum of log-likelihoods between each run of
the averaging process, illustrating that 100 is sufficient in this case to reach convergence in
average likelihood. Scripts for haplotype segment matching, likelihood inference, and plot
generation can be accessed at https://github.com/td329/NA-hapmatch-2018.
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(a) Log-likelihood heatmap under structured population model

(b) Convergence of average likelihood values between iterations

Fig. 5.7 Likelihood analysis of segment matching under the transient structured coales-
cent model Figure (a) shows a heatmap at which each point represents the likelihood of the observed
proportion of segment matches under a transient structured coalescent model with CK-13 and Anzick-1
merge times given by the axes. Description of the model parameters and the sources of those not
inferred here are described in the main text. Figure (b) shows convergence of the average values of the
heatmap between iterations of random sampling of an MCMC iterate for each haplotype. After each
round of sampling, the new average is compared with the previous one, and the absolute difference
summed over all points is plotted. The difference between consecutive averages changes little after 40
rounds of sampling. The surface in (a) is taken after 100 iterations.
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Fig. 5.8 Case 1 and 2 sampling schemes

5.3 Appendix

A Coalescence Analysis of Mutation-Sharing

We present a coalescent analysis of the distributions of branch- and mutation-sharing under
three possible demographic histories. The scenarios increase in complexity. The first is
the classical set-up for the 3-coalescent. Here, the sample is exchangeable, representing 3
present-day loci with a selectively neutral history of evolution. In the second, the analysis is
extended to allow two loci to have been sampled at (possibly different) earlier times. The
third allows differences in sampling time and also relaxes the assumption of panmixia. It
builds on the analysis of the first two cases.

In all cases we refer to the modern locus as 0 and the potentially ancient loci as 1 and
2 (Figure 5.8). We are interested in determining the distribution of shared branch lengths
between loci 0 and 1, and the probability of a mutation occurring on that branch. We refer to
the length variable as L01 and the variable number of mutations on the branch as M01. Note
that we only consider mutations in the last case, the first two being largely illustrative. By
analogy, this analysis also gives us L02. We follow a standard notation in coalescent theory,
scaling time in units of 2Ne and referring to the random time to first coalescence in the 2-
and 3-coalescent processes as T2 and T3 respectively [62].

Case 1: Simultaneous sampling and panmixia

It is equally likely that any of the three possible pairs of lineages coalesces after some time T3.
Until this event, no ancestral branches are shared and only if the first coalescence is between
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the lineages of loci 0 and 1 will L01 be non-zero. If we condition on this event, we obtain

P(L01 = l) := f1
01(l) =


2
3 if l = 0
1
3e−l if l > 0.

(5.7)

The last expression is the chance that the tree topology is correct multiplied by the distribution
of T2, the waiting time between the last coalescent event (Figure 5.8).

Case 2: Staggered sampling and panmixia

We look only at the case in which locus 2 is sampled in the past (Figure 5.8). If we allow
both loci 1 and 2 to be ancient sequences, with potentially different sampling times, the
analysis is in fact the same: if 1, for example, is more recently sampled, then the problem
reduces to the case below since no coalescence can occur before another sample enters the
population. Observe that this can also be interpreted as a history in which 0 evolves in a
panmictic population and the other loci evolve in parallel populations, migrating into the
population of 0 at different historical times (Figure 5.8)

Assume locus 2 is sampled at time t in the past. No ancestral lineage can coalesce with
the lineage of 2 before t. We proceed by conditioning on the event that the lineages of 1
and 0 coalesce before then. Let this event be Ct = {S < t}, where S is a T2 waiting time.
Note that if Ct does not occur (an event we designate with the symbol C̄t), then the problem
reduces to Case 1. Thus

P(L01 = l) := f2
01(l) = P(Ct)P(L01 = l|Ct) + P(C̄t)P(L01 = l|C̄t)

=
(
1 − e−t

)
P(L01 = l|Ct) + e−tf1

01(l).

We evaluate the first term by observing that when S < t,

L01 = K + R (5.8)

where K = t − S∗ and R is a T2 waiting time (see Figure 5.8). In this conditional case S∗ is
distributed according to the truncated exponential fS∗(s) = e−s/(1 − e−t). Since K and R

are independent, their joint density is

fK,R(k, r) = ek−t−r

1 − e−t
0 < k < t, 0 < r. (5.9)

Note that (5.8) implies K ≤ L01. Coupled with (5.9), this determines the convolution

P(L01 = l|Ct) =
∫ min{l,t}

0
fK,R(k, l − k) dk.
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Fig. 5.9 Schematic illustration of staggered structured models. (a) is the full parameterised model
studied in the Native American case study and for which segment matching probability is analytically
computed in the Appendix. (b) indicates the branches used in the Case 3 argument

Evaluating this and combining it with the conditioned expressions, we obtain

f2
01(l) =


2
3e−t if l = 0

e−t−l
(

1
2

(
e2 min{l,t} − 1

)
+ 1

3

)
if l > 0.

(5.10)

Case 3: Staggered sampling and population substructure

We now set up the model in the following way (Figure 5.9). Allow the ancient sequences 1
and 2 to have derived from populations, 1 and 2 respectively, which exchange no migrants. At
some time in the past these populations merge into population 0. Locus 0 enters population
1, 2, or neither, with different probabilities. For some time it might coalesce with the ancient
locus in the relevant subpopulation, otherwise it can only do so after the merge time, in which
the case the problem reduces to Case 1. Despite the additional parameters, the analysis is
very similar to that of Case 2.

We will use the following notation:
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Ni = λiN0 the effective population size of population i

Pi the event that path i is followed
pi the probability of Pi

ti the time during which 0 can coalesce with i in population i if Pi occurs
Ci the event that coalescence occurs between locus i and 0 in population i before populations merge

The argument again proceeds by conditioning on coalescence occuring within some time
window. This time, however, we also need to accomodate population structure, thus additional
terms are needed to model the paths lineage 0 might take. First consider the case in which
L01 = l, where l > 0:

P(L01 = l) = p1P(C1|P1)P(L01 = l|C1) + f1
01(l)

[
p0 + p1P(C̄1|P1) + p2P(C̄2|P2)

]
(5.11)

The first term is the probability that locus 0 takes path 1 and coalesces with locus 1
before the merge time. Here P(C1|P1) = 1 − exp(−t1/λ1). On the other hand, the second
term is the probability that no coalescence occurs before the merge time. We see that
P(C̄1|P1) = exp(−t1/λ1) and similarly, P(C̄2|P2) = exp(−t2/λ2).

All that remains to calculate is P(L01 = l|C1). The argument is as before. Let L01 = K+R

where R is a T2 waiting time and K = t1 − S∗ where S∗ is distributed according to a
truncated exponential. Adjusting for the difference in population size, the joint distribution
of independent variables K and R is

fK,R(k, r) = λ−1
1 e(k−t1)/λ1−r

1 − et1/λ1
0 < k < t1, 0 < r.

The convolution, as before, is readily determined. Combining it with expression (5.11), we
obtain

P(L01 = l) = A1e−l
(
e(1+1/λ1) min{t1,l} − 1

)
+ (1/3)Be−l

where A1 = p1e−t1/λ1

λ1 + 1 ,

and B = p0 + p1e−t1/λ1 + p2e−t2/λ2 .

(5.12)

Another exercise in branch-accounting provides the probability

P(L01 = 0) = p2P(C2|P2) + f1
01(0)

[
p0 + p1P(C̄1|P1) + p2P(C̄2|P2)

]
= p2(1 − e−t2/λ2) + (2/3)B.

(5.13)
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For the purposes of testing, we can express these probabilities as the cumulative distribu-
tion function

F 3
01(l) =



0 if l < 0

p2(1 − e−t2/λ2) + (2/3)B if l = 0

F 3
01(0) + A1

(
λ1el/λ1 + e−l − λ1 − 1

)
+ (1/3)

(
1 − e−l

)
B if 0 < l < t1

F 3
01(t1) +

(
A1
(
e(1+1/λ1)t1 − 1

)
+ (1/3)B

) (
e−t1 − e−l

)
if t1 < l.

(5.14)

Detecting segment matches

If it were possible to extract marginal genealogical trees from an accurately inferred ARG, we
might be able to infer demography based purely on the joint distribution of shared branches.
Since these branches are not directly observed, we are interested in the probability that loci
share “private” derived alleles. In the case we have been working with so far, this is the same
as asking whether loci 0 and 1 share any mutations which are not shared with 2. Under the
infinite-sites assumption this is possible if and only if the lineages of 0 and 1 coalesce first.
If this kind of mutation has occured, we say that a segment match has been made, or that
some branch-sharing is detectable.

Under the models we have considered thus far, the probability of detecting branch-sharing
can be analytically determined. We demonstrate this in the third case. If M01 is the random
number of shared private mutations of loci 0 and 1, then a segment matches if M01 > 0, and
thus the relevant quantity to determine is 1 − P(M01 = 0). Expressions (5.13) and (5.12)
allow us to get this by conditioning on shared branch-lengths. In other words,

P(M01 = 0) = 1.P(L01 = 0) +
∫ ∞

0
P(M01 = 0|L01 = l)P(L01 = l) dl. (5.15)

(With a slight abuse of notation we assume, in the second term, that l > 0 to avoid including
the point mass at l = 0. We also suppress the dependence on demographic parameters.)
We use the standard coalescent model of mutation and assume that the random number of
mutations on some branch is governed by a Poisson process with intensity parameter θ/2. In
our case θ = 4N0µb, with µ being the per site per generation mutation rate and b being the
number of sites in our locus. The resulting integral is straightforward to evaluate, though is
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perhaps easiest to express as a sum of three terms:

I =
∫ ∞

0
e−lθ/2

[
A1e−l

(
e(1+1/λ1) min{t1,l} − 1

)
+ B(1/3)e−l

]
dl

= I1 + I2 + I3

where I1 = A1

[
e(1/λ1−θ/2)t1 − 1

1/λ1 − θ/2 + e−(1+θ/2)t1 − 1
1 + θ/2

]
,

I2 = A1
(
e(1+1/λ1)t1 − 1

)(e−(1+θ/2)t1

1 + θ/2

)
,

and I3 = B

3(1 + θ/2) .

(5.16)

Using this notation, the probability that we detect a match between loci 0 and 1 under the
third demographic scenario is given by the expression:

P(M01 > 0) = 1 −
(
F 3

01(0) + I1 + I2 + I3
)

. (5.17)

Several extensions of these analyses are obvious next steps. For instance, you might
estimate the distributions of any specific number of shared mutations. More complicated
demographic models might also be considered.
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Conclusion

Through the course of this thesis I have demonstrated various ways in which demography
affects the genetic variation of populations. I have also shown several limitations in our current
understanding of the way demographic effects can interact to shape variation. Although I
have indicated some ways in which these can be overcome, it is evident that we have a long
way to go. Improvements will come from additional data, especially relevant ancient DNA,
better theoretical models, as well as more sophisticated statistical tools.

Hominid population size history and the benefit of large samples Methods like
PSMC demonstrate that relatively little sequence data is required to produce meaningful
estimates of ancestral Ne. In this study we have emphasised the advantages of using larger
samples drawn from several dozen individuals. In using more sequences, we improved
our understanding of ancestral Ne in Pan and Pongo populations, and obtained a better
understanding of uncertainties inherent in the methods used here. We were also able to
combine data from multiple male X chromosomes and obtain new information about the
divergence of populations. Wider geographic sampling helped clarify population structure and
the historical relationships between subpopulations. In addition to obtaining more sequences,
we showed that higher-coverage data improved the consistency of results between individuals
from the same population.

In common with humans and gorillas, the populations discussed here have undergone
several major bottlenecks and expansions which can be associated with changing environmental
conditions and with migrations. Hominid effective population sizes are strikingly similar in
magnitude over the last 5 million years. This reflects persistent similarities in the life-histories
and ecologies of these species.

Among the great apes, orangutans on Sumatra have the most consistently large Ne over
the last 5 million years. This fact is reflected in them having the highest average heterozygosity
of any of the great apes [120]. Lowland gorillas, Central chimpanzees and Bornean orangutans
have similar levels of heterozygosity, also high, while Western chimpanzees, bonobos, and
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humans of recent non-African descent have the lowest. None of the populations here show
levels of inbreeding similar to the Eastern lowland gorillas [183]. Given the continuing range
contraction of both Pan and Pongo populations, we might anticipate similar patterns of
reduced diversity to arise in the near future.

While the broad features of these population histories are similar to previous results,
with larger samples we were able to better understand uncertainty in the method. One way
in which this mattered was in the Sumatran orangutan curves, where we noted that it was
difficult to pick out the sudden collapse in Ne which other researchers have suggested may
have been caused by the Toba supereruption 70 kya [77]. Another advantage of large sample
sizes was seen in the way we had a better appreciation of variation within a population, such
as in any of the chimpanzee subspecies or the orangutan island populations. In addition,
it is striking that even though we observe that it is important to interpret these curves
with an awareness that some fluctuations may be caused by cryptic structure, there are
distinct differences between the Ne curves of recognised populations. This comparison can
give us some confidence that we are already observing the deepest extant subdivisions in the
population.

There is still some way to go before we can explain these results by changes in the
environment. Such work will require better understanding of genetics, such as clarifying the
mutation rate and generation length parameters, as well as environmental changes. One
possibility to improve our understanding of the consequences of changing environments might
be to study the dynamics of populations of other animals known to occupy similar habitats to
those studied here. It would be interesting, in the case of the Toba supereruption, for example,
if we could observe population contraction in several arboreal animals on the Sundaland shelf
around the time of the eruption. Nonetheless, since selection in the hominids has been shown
to vary in intensity according to Ne [120], these results are likely good enough to inform
studies comparing selection between great ape populations.

Cross-coalescence estimates refine histories of gene flow We have refined the un-
derstanding of the gene flow history of orangutans, chimpanzees and bonobos. These
cross-coalescence analyses were new and demonstrated some consistency and some differences
which might be expected from the taxonomy of the genera. In the case of the chimpanzees,
gene flow history inferred here largely coincides with histories inferred elsewhere, other than
the fact that we did not detect the recently proposed secondary gene flow between bonobos
and some chimpanzee subspecies. In the orangutans, we noted that there is ongoing gene flow
until very recent times between the Tapanuli and Sumatran orangutans. These improved
estimates of population divergence were also used as priors in ABC-based analyses [e.g. 24].

It would be useful, looking forward, to obtain high quality phased data from several
populations in either genus, and thus be able to run MSMC2 on a larger source of information.
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Obtaining more male X chromosomes, to mention one obvious advantage of larger samples,
would allow us to improve the accuracy of the cross-population coalescent analyses, but
phased autosomal data with low rate of switch-error would be ideal.

There were indications in Chapter 3 that population substructure may be inducing
changes in effective population size which make the PSMC curves subtle to interpret. In
Chapter 4, in one striking case, that of the central chimpanzees, we showed that island
structure with minimal migration was unlikely to produce the effects we were concerned
about. It is less commonly observed that cross-coalescence rates may also be influenced by
population structure. Using a theoretical analysis of migration estimates between island
populations, Slatkin (2005) showed that the presence of an unsampled “ghost” population
can influence values of FST in such a way that two isolated populations appear as if they
were exchanging migrants [152]. This would be caused by migration between the observed
populations and the ghost population (but not between each other). Given the relationship
between FST and average coalescent rates, it is likely that interpretations of cross-coalescence
curves will be subject to similar difficulties. A signal of mergers between two populations
may result simply from the presence of a third mediating population. For the purposes of
studing speciation this effect may not be consequential, though it has some bearing on the
accuracy of demographic models. Richer ancient DNA records could allow us to discount the
likelihood such possibilities.

Studying the effects of transient population structure In Chapter 4, we looked at
the effects on pairwise coalescent time distributions of transient island structure. In contrast
to previous analyses showing the difficulty of interpreting PSMC curves as changes in census
population size, we provide some grounds to believe that it is possible to restrict the range
of plausible island models in such a way that external evidence might rule out structure as
being the cause of some changes in coalescent rate.

The approach that we develop, based on the Kullback-Liebler divergence measure, indicates
that in the case of the inflation in coalescent rates that we observed in the central chimpanzees,
it seems mostly likely that structure was not the significant cause. However, in the examination
of a human population bottleneck we found that our method could not strongly rule out
varying structure as an explanation of the change in Ne, although other sources of information
do support the bottleneck.

If the main part of the chapter was largely a cause for optimism, the chapter ended with
a less encouraging observation: some forms of island histories reduce rates of coalescence and
under certain conditions the effects of this structure end up “cancelling out”. We point out
as well that this non-identifiable situation is not unlikely to occur in biological populations.

Using the ARG to study ancestral structure In the final substantive chapter we
proposed looking at segments of shared ancestry extracted from marginal genealogical trees
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derived from the ARG of a sample. Although methods like this have been applied to study
historical population structure, we show that it is important to model the effects of inheritance,
and use a simple demographic model to study the sharing of ancestry with ancient samples.
We apply this to study the early structure of the waves of migrating populations in the
Americas, supporting a model of deep structure in the ancestors of extant Native American
populations.

The explicit structured and time-staggered model can be generalised in several straight-
forward ways. The first is to allow the population size of the subpopulations to vary in time.
The time-dependence might be inferred from a method like PSMC. Other generalisations
might adapt the method for a larger number of sample loci, or allow multiple changing
island periods. On the statistical implementation of the method, it might be possible to
leverage an approach like ABC to jointly fit some of the model parameters, though questions
of identifiability pointed out here will likely remain. In this vein, it would also be useful if
methods for the inference of ARGs were more computationally efficient. This would allow us
to gather much more data about haplotype segment inheritance.

Some further directions for future research One obvious set of developments of the
methods in this work would result from relaxing the underlying assumptions I set out in
Chapter 2 (in the section “Key assumptions”). To begin with, since we have only looked at
neutral sites, we cannot predict the effects of various forms of selection in understanding
the demographic models and techniques used throughout this thesis. Another key limitation
described in Chapter 2 is the assumption that population structure consists of continuous
blocks of individuals which are exchangeable from the perspective of the coalescent process.
Although other models, like the stepping-stone or hiearchical island models, can be used here,
they suffer from the same stringent limitation. We will not know how more complicated
spatial relationships between individuals affect inferences of population size and gene flow
histories until we have generative models which are sophisticated enough to model continuous
spatial variation.

It would be useful to obtain a principled way of deciding the identifiability of certain
models. In Chapter 2, I mentioned several previous results which clarify the kinds of
population size changes that we are likely to be able to detect with a certain amount of
information about the site frequency spectrum or the distribution of pairwise coalescent
times. Analogous results do not exist for population structure. Although my model sets us
on a path to being able to distinguish between histories, it would be useful to know how
much information we require in the present to detect distinctions between, say, the number
of demes in a transient island model. One emphasis in the analyses provided in Chapters 4
and 5, is that where we do not know the principled bounds on our knowledge of the past, we
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might have to be content with being able to clarify families of plausible models and appeal
to external evidence, where it exists, to reduce the possibilities.

My results have also underscored the importance of finding ancient DNA in order to
understand histories of substructure and migration. The reason for this is that changes in
demography can quickly obscure signals of previous structure. We aleady knew this from
studies of ancient Europeans [104], for example, but it is emphasised in the difficulty we had
in narrowing down plausible ranges of island structure in Chapter 4 to explain certain humps
in Ne. It would also be helpful, as a general point, to expand the search for ancient DNA
on the African continent, if we are looking to clarify human population structure before the
out-of-Africa migrations.

On the point of expanding the search for ancient DNA, while there is an ongoing search
for human ancient DNA across the world, there has been less of an emphasis on trying to
obtain such data from non-hominins. The other great apes are perhaps not as migratory
as humans, but by analogy with our own species, we can expect to learn a lot about their
past if ancient DNA was discovered. In both the non-human genera studied in this thesis, it
would be useful to obtain some ancestral DNA. With the chimpanzees it would be interesting
to try to trace the migratory routes of both bonobos and chimpanzees to determine their
relationships to the river systems in central Africa, and since the orangutans in Batang Toru
might have a distinct history from other Sumatrans, it would be useful to try to capture
some for the genetic variation of orangutans in the southern parts of Sumatra, in order to
try and trace in more detail the relationships between the populations across islands.

In order to improve on or corroborate the coalescent rate inferences drawn here, we might
repeat the analysis using several other approaches which have been developed to address this
question. Several of these alternative approaches are described in Chapter 2. A recurrent
theme in this kind of analysis is that inferred coalescent rates, whether within populations
or between them, can be difficult to interpret, regardless of their accuracy, due to the effect
of complex demographic histories. Some of the methods described in Chapter 2 have been
developed to determine more complicated demographic models, notably the ABC-based
approaches [e.g. 31], but also methods like dical2 [159]. These might be used to complement
some of the inferences made by PSMC and MSMC2 in this chapter by helping, for example
to exclude population substructure as a cause of some of the fluctuations in historical Ne ,
or by detecting small amounts of gene flow between populations. At the moment it can be
difficult to reconcile the results of PSMC and a method like fastsimcoal. The results in De
Manuel et al. [24] are instructive on this point. It would also be useful to use other methods
to learn things about the more recent and more distant past, time periods over which the
SMC-based methods cannot reliably estimate coalescent rates, at least not without more
sequences (in the case of MSMC).
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We assume that mutation rates and generation times are constant throughout the periods
of interest, and note that we have fixed the mutation rate across the genome. The latter
assumption can be relaxed when using the methods here, provided sufficiently accurate
mutation rate maps have been produced for the relevant species, though the former set of
assumptions are currently fixed into the approaches. There is evidence of mutation rate and
generation time evolution across the hominids, most obviously seen in the fact that these
values differ between extant species. Therefore the development of methods which can model
these parameter shifts might be necessary. Failing that, it would be valuable to understand,
by simulation or analysis, the magnitude of these effects on coalescent rates.
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