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Abstract

Methods to detect patterns of variation associated with ongoing positive selection
often focus on identifying regions of the genome with extended haplotype homozy-
gosity - indicative of recently shared ancestry. Whilst these have been shown to

be powerful they have two major challenges.

First, these methods are constructed to detect variation associated with a classical
selective sweep; a single haplotype background gets swept up to a higher than
expected frequency given its age. Recently studies have shown that other forms of
positive selection, e.g. selection on standing variation, may be more prevalent than
previous thought. Under such evolution, a mutation that is already segregating in
the population becomes beneficial, possibly as a result of an environmental change.
The second challenge with these methods is that they base their inference on non-

parametric tests of significance which can result in uncontrolled false positive rates.

We tackle these problems using two approaches. First, by exploiting a widely
used model in population genomics we construct a new approach to detect regions
where a subset of the chromosomes are much more related than expected genome-
wide. Using this metric we show that it is sensitive to both classical selective
sweeps, and to soft selective sweeps, e.g. selection on standing variation. Second,
building on existing methods, we construct a Bayesian test which bi-partitions
chromosomes at every position based on their allelic type and tests for associa-
tion between chromosomes carrying one allele and significantly reduced time to

common ancestor.

Using simulated data we show that this approach results in a powerful, fast, and
robust approach to detect signals of positive selection in sequence data. Moreover
by comparing our model to existing techniques we show that we have similar power
to detect recent classical selective sweeps, and considerably greater power to detect

soft selective sweeps.

We apply our method, ABACUS, to three human populations using data from the
1000 Genome Project. Using existing and novel candidates of positive selection,
we show that the results between ABACUS and existing methods are comparable
in regions of classical selection, and are arguably superior in regions that show

evidence for recent selection on standing variation.
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Chapter 1

Models in Population Genomics

“The natural history of these [Galapagos] islands is eminently curious, and well

deserves attention.”

Charles Robert Darwin, FRS

In August 1858, Charles Darwin and Alfred Wallace submitted an essay to the
Linnean Society of London, |[Darwin and Wallacel 1858], describing their joint
discovery of the theory of evolution by means of natural selection. One year later
Darwin extensively detailed their theory in his book, On the Origin of Species by
Means of Natural Selection, or the Preservation of Favoured Races in the Struggle
for Life |Darwinl, |1859]. In this book he discusses how beneficial traits, over time,
will become more frequent in the population, as individuals with these traits are

more likely to live longer and pass the mutations conferring them to their progeny.

After Darwin published On the Origin of the Species, |Galton| [1869] proposed
an alternative theory of discontinuous evolution produced by natural selection
acting on large discontinuous variation, and for much of the latter half of the
19" Century the two theories of evolution were considered at odds to one another

[Provine| [1987]. The development of the field of population genetics lead to the
1
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synthesis of the two competing schools of thought [Provine, |1987]. Early 20"
century mathematicians, Wright, Fisher, and Haldane, provided the theoretical
foundations of this field between 1918 and 1932, culminating in their description
of a process by which generations pass information to the next; the Wright Fisher

(WF) model [Wright|, 1931].

The latter half of the 20" century saw research efforts in population genetics focus
on quantifying aspects of the WF model; [Kimura and Crow, |1964} Kimura, 1969,
Jukes and Cantor} (1969} [Watterson) |1975]. John Kingman noted, however, that
the prospective nature of the WF model can result in an inefficient description
of the evolution of a contemporary sample of chromosomes [Kingman, 1982a).
This, in part, motivated him to develop the coalescent model which describes the

evolution of a sample of chromosomes retrospectively using the WF model.

Despite extending the coalescent to allow for more realistic evolutionary sce-
narios |Griffiths, 1981, Hudson| 1983, (Griffiths and Marjoram), 1996, Krone and
Neuhauser, 1997, (Coop and Griffiths|, [2004], the intractable nature of the model
means that full likelihood inference on large-scale datasets is infeasible. To help
alleviate some of these challenges alternative methods were proposed to make
scaleable inference in modern genome-wide variation datasets, e.g. [Li and Stephens
[2003]. This has become increasingly important as the scale of readily obtainable

data is now genome-wide [Kandpal et al., [2009].

In recent years, improvements in DNA sequencing technologies has lead to a sig-
nificant increase in the speed and accuracy of data collection, at the same time
reducing the cost. To put this in perspective, a first draft of an assembled map
of the whole human genome was completed in 2001 by the International Human
Genome Sequencing Consortium [Lander et al., |2001]; the project took 10 years

to complete and cost a total of $3 billion. In contrast, using a contemporary
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[llumina machine, it is now possible to sequence five human genomes in approxi-
mately one week, for less than $5,000 per genome (http://www.illumina.com/)).
These improvements have allowed geneticists to use Whole Genome Sequencing
(WGS) to understand the role of rare variants and their effect on common diseases
[Gonzalez-Angulo et al 2010, [Zhang et al., 2011, Novelli et al.; 2010} (Cirulli and

Goldstein, [2010].

The advent of genomics has given geneticists and biologists the information to
begin to answer some of the most pressing questions in their areas. Not only in
genetics, but in increasingly more diverse areas, the role of a statistician in recent
years has moved towards constructing principled methods that are capable of
making accurate, efficient inference that can scale to so called ‘Big Data’ problems.
Throughout this thesis we will come across a number of challenges in which we
attempt to provide a solution, but as we shall see, there are still many open

questions.

We begin this chapter by discussing, in more detail, a number of important pop-
ulation genetics models, some of which we mentioned above. This will lead to
discussion of the different types of positive selection and the models used to de-
scribe them. We then look at how the problem of inferring signals of positive
selection has been tackled in the past. Using this discussion we motivate the rest
of this thesis in which we focus on attempting to construct a scalable technique

for detecting positive selection in genome wide sequence data.

1.1 Population Genetics

Population genetics is believed by many to have been responsible for the synthesis
of Mendelian |Galton| |1869] and Darwinian [Darwin) (1859] evolution [Provine,

1987|. Between 1918 and 1932, Haldane, Wright and Fisher published a series
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of papers detailing various models which describe the evolution of organisms. As
noted by [Provine, [1987], their work accounted for the differences between the two
schools of thought and culminated in a simple model of populations, describing
the genealogical relationship among individuals known as the Wright Fisher (WF)
model [Wright, (1931].

()

finp quasaid

O
O

F1GURE 1.1: An example of the Wright Fisher model with nine generations.

The arrows indicate the transmission of information from one individual in a

particular generation to another individual in the next. The red lines indicated
a lineage that has survived to the current population on the right hand side.

The WF model of evolution formalises how neutral traits are passed from one
generation to the next, and forms the basis for many models in modern population
genetics; see references therein [Hein et al., 2005]. It describes the evolution of
an idealised population as a prospective, finite-state Markov chain. Initially, six

assumptions were made in order to simplify the model.

First, each state in the Markov chain represents a discrete generation, i.e. re-
production and death are simultaneous and occur synchronously across the popu-
lation. Alternative models have been developed to avoid this assumption, notably
the Moran model [Moran, 1958|, however both approaches typically result in prob-
abilistically similar genealogies. The second assumption is that each chromosome
comes from a haploid population. Fortunately that has little quantitative im-
pact and in practice it is straightforward to relax this assumption [Hein et al.)

2005]. These assumptions tend not to limit the application of the WF model to
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real data, however the other four assumptions do have a significant impact on the

distributions of genealogies which can limit its application.

e Fixed population size. The probabilities in the model will change when
there is a change in the size of the population. In turn this will impact the

distribution of allele frequencies.

e Homogenous fitness. Increased fitness of an allele increases the probability
that that allele gets passed to the next generation. This assumption ensures
that the genotype doesn’t affect the probability, i.e. each genotype has the

same probability of being passed to the next generation.

¢ Random mating. The assumption of uniform random mating does not hold

when subpopulation structure is present in the population of chromosomes.

e No recombination. Genetic crossovers affect the genealogy of a chromo-
some, and hence the tree at one position may be different from another

position.

A schematic of the WF model can been seen in Figure [[.I In this example,
we observe the evolution of ten chromosomes over nine generations. At each
generation or state, members of the homogenous population copy a member of the
previous generation with replacement, which can occur imperfectly by introducing

mutations drawn at random from a geometric probability distribution.

Using the WF model to perform inference can be inefficient due to its prospective
nature [Hein et al., 2005]; it is not efficient to model individuals who do not have
direct descendants in the current population. The process by which a genealogy is
generated results in many branches not surviving to the present day. As observed
in Figure it is only the red lineages that survive to the current day, all the

black lineages died out at some point in the past.
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FIGURE 1.2: An Example of the Wright Fisher model with nine generations.
Retrospectively the lineages that are relevant to the contemporary population
are highlight in red. The black circles indicate when a member of the current

population is ‘observed’. The blue tree shows how the lineages of the contem-
porary sample coalesce back to a common ancestor.

O

finp quasaud

In 1982 the inference approach moved toward the behaviour of the process in
reverse time, allowing geneticists to focus on the genealogical tree relating a sample
of the current day population. Kingman [Kingman, |1982a,b| showed that in the

limit of population size this results in a process that he called the coalescent.

Figure shows how Kingman’s coalescent relates to the WF model. Suppose
the current day population consists of ten chromosomes, and we take a sample of
size four. The lineage relating these chromosomes results in a tree. The point at
which the tree joins or coalesces is the point in time at which the two child linages

find a common ancestor, as shown by the blue tree in Figure [1.2]

1.1.1 Kingman’s Coalescent

Kingman’s coalescent [Kingman, |1982a] describes a retrospective, continuous time
genealogy of a sample of chromosomes from a large population. Because the foun-
dation of the coalescent is based on the WF model, it originally had many of the
same assumptions: no recombination, no selection and no population structure

[Kingman, 1982a]. Much like the WF model this made it a somewhat idealised
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description of the evolution of a sample of chromosomes. Over time, however, a
considerable body of work was developed to provided a theoretical basis for extend-
ing the model to more realistic evolutionary scenarios: recombination |Griffiths|
1981}, [Hudson), |1983], selection [Krone and Neuhauser], 1997, |Coop and Griffiths,
2004], and demography [Slatkin and Hudson) 1991, (Griffiths and Marjoram), 1996.

_O_

O
L

Phylogenetic Tree Haplotype Structure

Ficure 1.3: Example of Coalescent and Haplotype Structure. The left panel

shows an example of the a coalescent tree with four mutations. The right panel

shows a example of the variation that might be produced by the coalescent on
the left side.

Figure [1.3| shows a simple schematic of a coalescent genealogy relating five chro-
mosomes, represented by the five horizontal lines on the right panel. On the left
panel the coloured nodes indicate different mutations that have occurred in the

past. Their impact on the variation can be seen on the right.

For n individuals, Kingman [1982a] modelled the time to the first coalescence
t™ as having an the exponential distribution with rate (’2‘) This comes from
the fact that in WF model the time for lineages to coalesce is modelled as a
Geometric distribution, i.e. a waiting time model. As with the WF model, due to
the assumption of no population structure, two individuals are chosen at random
from the sample, i.e. there are (g) possibilities. These two individuals or linages

are then coalesced into one lineage and the process continues with the sample size

reduced by one. The algorithm stops when there is only one lineage left. The time
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of this event is known as the time to most recent common ancestor, Ty rca [Hein

et al., 2005].

The assumption of no selection allows one to separate the coalescent process from
the mutation process, i.e. the allelic state does not affect the probability that an
individual or lineage will have progeny [Hartl and Clark, 2007]. The implication
of this de-coupling significantly reduces the complexity of the model, allowing one
to construct a tree and randomly distribute mutations along it to determine the

corresponding chromosomes [Hein et al., [2005].

There are three commonly used mutation models; infinite alleles [Kimura and
Crow, [1964], infinite sites [Kimura, 1969], and finite sites [Jukes and Cantor} |{1969).
Each is parameterised by the mutation rate, § = 4N.u; where p represents the
probability from one generation to the next of a change of allele at a single loci,

and N, represents the effective population size from which the samples are drawn.

In an infinite allele mutation model, each mutation creates a new, previously
unobserved, allele. Contrast this with the infinite sites model, where we assume
that each mutation occurs at a random position in a continuous interval, resulting
in no repeat mutations. Finally, in a finite sites model, which is most akin to a
observed genetic sequence, a sequence of nucleotides are mutated and transition
to a new state via a probability transition model; JC69 |Jukes and Cantor} 1969],
K80 [Kimura, |1980], F81 |Felsenstein, |1981].

Many of the methods that we discuss later in this chapter are based on distribu-
tional assumptions formulated using the infinite sites model. Since these assump-
tions tend only to be valid in Kingman’s model of the coalescent, the presence of
evolutionary processes like demography can alter the allele frequency distribution,

thus reducing their accuracy.
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1.1.2 The Coalescent with Recombination

Genetic recombination is a fundamental process that occurs in the majority of
species [Hartl and Clark} 2007]. As noted by |Hein et al. [2005], the process by which
genetic information is exchanged differs between eukaryotes, bacteria and viruses,
so we will focus in this section on the general case. In eukaryotes, recombination
typically occurs during meiosis where parts of the maternal DNA are exchanged

with the paternal DNA to construct a new sequence [Hein et al.| [2005].

Paternal DNA {

Maternal DNA {

>< Crossover event

Progeny DNA

FIGURE 1.4: A schematic showing the effect of a recombination during meiosis
on the DNA. The paternal and maternal DNA is crossed to produce a new
progenic genome.

Calculating the rate of recombination and understanding how it varies across the
human genome is considered to be one of the most important challenges in modern
population genomics |[Hartl and Clarkl 2007], and in recent years many recombi-
nation maps have been constructed [Kong et al., 2002, McVean et al., 2004, Myers
et al., 2005, [Hinch et al.l |2011]. One of the main conclusions from these studies is
that recombination does not occur uniformly across the genome but tends to be

concentrated in specific regions known as recombination hotspots.
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*

FIGURE 1.5: Simple schematic of Ancestral Recombination Graph showing the

ancestral relationships of four sequences with one crossover event. The blue tree

represents the ancestry of the four sequences in the blue part of their variation.

Likewise for the red tree. The circles indicate mutations and sequences below
each tree branch depict the mutations that they carry.

The absence of recombination was one of the original assumptions in Kingman’s

coalescent and it was one of the first to be relaxed using the model termed the

Ancestral Recombination Graph (ARG) [Griffiths, 1981} [Hudson, [1983]. Figure

shows the effect of a single recombination event on the ancestry of diploid
progeny. The phylogeny relating the blue part of the genome comes from the pa-
ternal phylogeny and the phylogeny relating the red part comes from the maternal
phylogeny. As a result there will be two different ancestral relationships for the

progeny, one for the red half of the chromosome and another for the blue.

An example of the ARG is shown in Figure [I.5} the red part of the chromosome
is related by the red coalescent, likewise for the blue. The construction of the

ARG means that these two phylogenies can be related in one model. One of the
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advantages of this model, like the coalescent, is that it is a retrospective model that
maintains the independence of the coalescent and mutation process |[Hein et al.
2005). The ARG captures the effect of recombination by altering the dependance
between nucleotide positions in the chromosome. If the recombination rate is
higher, there are more coalescent trees along the genome and thus the dependence

between nucleotide positions, known as linkage disequilibrium (LD) will decrease

[Hartl and Clark, 2007].

It was shown by Hill and Robertson| [1968] for a pair of loci (i, j), with joint allele
frequencies f,; that the linkage disequilibrium can be measured by the following

expression:

(fi—fafr)

B = i ol

(1.1)

The f , notation denotes a marginalisation over the other loci, i.e. the frequency
of that allele at that loci. McVean| [2002] showed how this quantity, in expectation,
can be approximately expressed as a function of the recombination rate, p = 4 N,r,
where r is the probability of a cross-over event between two lineages at a single

loci.

The algorithm to construct an ARG is considerably more involved than the neu-
tral coalescent, and its inclusion does not add value to this discussion. Suffice to
say that in order to incorporate different coalescent trees in one model the ARG
introduces a retrospective branching processes, so rather than n branches coalesc-
ing and monotonically falling to a single branch, the ARG can introduce branches

to account for the changing ancestry [Hartl and Clark, [2007].
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1.1.3 The Coalescent with Variable Population Size

The assumption of constant size in the original WF model can limit the application

of it and its descendants to real data. Indeed, as we shall see it can often be difficult

to separate patterns of variation associated with varying population size and with

positive selection. Figures[L.6[(A) & [1.6[B) show two commonly used demographic

models in population genetics; the exponential expansion, and the bottleneck.
(A) Exponential Growth (B) Bottleneck

Ny

f=No/ Ny

Population Size
Population Size

=
53

No

to t to ts te t
Past TI me Present Past TI me Present

FIGURE 1.6: Schematic representing two models of demography. (A) Popula-

tion experiencing a exponential growth from a size of Ny at £y, to Ny at t1. The

growth parameter, «, can be calculated using Ny = Nyexp (a(t —tg)). (B)

Population experiencing a bottleneck between ts; and t., were the population
size dropped from Ny to INVp.

If we assume an absence of recombination, the rate of coalescent events in de-
mographic models are influenced by the instantaneous population size relative to
the current day population. As a result, in the exponential expansion we see that
the rate of coalescent events decrease further back in time resulting in a star-like
phylogeny [Hein et al., [2005]. We can see the effects of such expansion in human

populations, e.g. European ancestry [Gutenkunst et al., 2009].

The bottleneck model describes the evolution of a population experiencing an
abrupt decrease in population size lasting for a given period of time. This could

be as a result of an environmental catastrophe, e.g. ice age in populations of
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non African ancestry [1000 Genomes Project Consortium et al., [2012]. During
the bottleneck the rate of coalescent events will increase due to the reduction in
population size. As a result, depending on the age of the bottleneck one might
expect to observe a reduction in low frequency mutations relative to a population

experiencing a neutral, constant size evolution.

We will see in Chapter 2 how a number of statistics that are used to detect pat-
terns of variation associated with positive selection are also confounded with non

constant population sizes.

1.1.4 Coalescent Inference

As noted by |Hein et al.| [2005], the fact that the mutation and coalescent processes
can be separated in Kingman’s coalescent significantly simplifies the model. Unfor-
tunately, whilst the model is simple to describe, inference is not as straightforward.
One of the major reasons for this intractability is the space of phylogenetic trees.
To perform any inference, whether frequentist or Bayesian, our first approach
would be to construct a likelihood. In the coalescent, to make inference about the
evolutionary variables from a sample of chromosomes requires us to integrate over
all possible trees that could have generated this sample. Define H to be the ob-
served patterns of variation, and G to be the unobserved genealogy taking values
in the space of topologies, G. Then the likelihood for the mutation rate €, and

recombination rate p can be expressed as follows,

£ (p,0|H) = /gIP’(H\G,p, 6)P (Glp, ) dG. (12)

Suppose there are n chromosomes in the sample. Then at the k + 1** coalescent

event there are (”;k) possible coalescences. If we ignore the times of the coalescent

n—1i

5 ) possible coalescent trees. If, for

events then we calculate that there are H?:_OQ (

example, there are just six chromosomes then there are 2,700 possible topologies,
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excluding times of coalescent events. In reality, however, the space of trees is

infinite as the times in the tree impact the probability of mutation.

A number of analytical results exist for the original coalescent, some of which
we shall see in the next section. These results become much more challenging
to establish in alternative populations, e.g. recombination, variable population
sizes and selection [Hartl and Clark, [2007]. In general, however, inference in the
coalescent is intractable for most real datasets [Hein et al., 2005, Hartl and Clark,

2007].

A number of methods have been developed to make inference under the coales-
cent model. One of the first approaches was a ‘brute-force’ simulation method
and resulted in a very successful application to mutation rate inference in D.
melanogaster [Hudson et al., [1994]. Another approach developed by Tavaré et al.
[1997], termed Approximate Bayesian Computation, resulted in another successful

application of simulation based methods for inferring parameters in the coalescent.

More recently composite likelihood sequential Monte Carlo methods have been de-
veloped to infer specific aspects of the tree, e.g. local recombination rates [Hudson,

2001}, McVean et al., 2004].

1.2 Natural Selection

Natural selection has played an important role in the development of all species.
The term natural selection can be used to describe a number of different types
of adaptive evolution, e.g. positive selection, negative selection, and balancing

selection.

All forms of natural selection affect the allele frequency trajectory of the beneficial

mutation [Hartl and Clark} [2007]. The model of random genetic drift proposed by
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Wright| [1931] describes how the frequency of a neutral allele varies over time in a
Hardy-Weinberg population [Hartl and Clark], 2007]. The way in which selection
affects the trajectory as described by the WF model [Wright, |1931] of genetic drift
differs according to the type of selection. Furthermore, it has been observed that
if the frequency of the allele was known in every generation then it would contain

all the information about selection [Coop and Griffiths, [2004].

The difference between models of selection can be seen via a simple bi-allelic model.
Suppose at a nucleotide there exists in a population a single allele, A. At some
point a mutation occurs and introduces a new allele, a, into the population. In
a diploid setting there are now three possible genotypes, homozygous AA or aa,
or heterozygous Aa. The relative fitness of each genotype is parameterised by
the vector (1,14 s,1+ hs), where s represents the strength of the selected allele,
and h represents the heterozygous effect; references herein |Akeyl 2009]. As with
the mutation rate, s is often re-parameterised by the population scale selection

coeflicient o = 2N, s.

Positive selection, (s > 0, h € (0,1)) occurs when an allele rises in frequency
faster that one might expect under genetic drift [Smith and Haigh, [1974]. The
speed of the rise of this mutation depends on many factors, not least on how
beneficial the phenotype encoded by this mutation is. The patterns of variation in
the current day population can also be significantly altered depending on whether
the mutation occurred before the presence of the selective pressure. Two models
have been developed to describe these two scenarios: selection on de novo mutation

and selection on standing variation, respectively |Barrett and Schluter 2008].

The classical model of positive selection, i.e. selection on a new or de novo muta-
tion describes the ancestry of a sample of chromosomes that have evolved with one
mutation experiencing a constant selective pressure. This is often referred to as

the hitchhiking model by [Smith and Haigh [1974] and we refer to this model as a
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‘classical” sweep. Models which relax the assumption that the beneficial allele de-
rives from a single ancestral background, e.g. selection on standing variation, have

been developed to describe less stringent scenarios. In line with previous studies

e.g. Messer and Petrov| [2013], we refer to these models of selection collectively as

‘soft’ sweeps.
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FIGURE 1.7: Interpolated map of Old World Lactose Persistence frequencies;

Dots represent collection locations. Colours and colour key show the frequen-

cies of the Lactose Persistence phenotype estimated by surface interpolation in
Europe, Africa and Australasia. [Itan et al., [2010]

A well studied region in the human genome that is believed to be under strong

positive selection is the Lactase (LCT) gene on chromosome 2 [Schlebusch et al.)

2013|. Mutations at the LCT locus can result in persistence of the ability to digest

lactose in to adulthood [Hollox et al [2001, [Enattah et al/, 2002]. Figure[L.7)shows

an interpolated map of lactose persistence across Asia, Africa, and Europe.

[2001] propose that the high frequency of lactose persistence in European

populations was as a result of agricultural developments around the same time

that humans were expanding into southern and eastern Europe.
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Another form of selection, balancing selection (s > 0, h > 1), can occur when
the heterozygous effect is over dominant, e.g. a beneficial allele is linked to an-
other detrimental allele, i.e. homozygous and heterozygous alleles [Charlesworth),
2006]. In such a setting the beneficial allele is expected to remain polymorphic
in the population. An example of a region in the human genome that is thought
to be under balancing selection is the haemoglobin beta gene HBB on chromo-
some 11 [Leffler et al., 2013]. It is associated with the disease sickle cell anaemia
(SCA) which distorts the structure of red blood cells [Ashley-Koch et al., 2000].
Homozygous carriers of the HbS variant of the HBB gene suffer SCA, but impor-
tantly heterozygous carriers of this variant have a 10-fold reduced risk of severe
malaria [Hill et al., (1991} |Ackerman et al., 2005]. Figure shows the comparison
between the frequency of mutation in the HBB gene and the extent of malaria in

Africa.

In this thesis we focus on the challenges of detecting positive selection, specifically
the impact of classical sweeps and soft sweeps that have yet to reach fixation
within a population. Ongoing positive selection has a significant role to play in
the emergence of drug resistant traits in various pathogens [Sabeti, [2008]. Rapid
adaptive evolution to artificial environmental factors, such as public immunisation
programs, presents a significant risk to patients where a pathogen is endemic, e.g.
influenza in North America and western Europe [Bright et al.,|2006], HIV in Africa
[Clavel and Hance, 2004], and malaria Africa and south east Asia [Wellems and
Plowe, 2001}, Miotto et al., [2013]. Indeed there is increasing evidence of the role of
positive selection in cancer [Goymer, 2008]. The role of selection in the interaction
between pathogens and drugs in not just limited to positive selection; for example,
in addition to HbS above, there is evidence for balancing selection in G6PD and
CD40L [Sabeti et al., [2002a] which have been associated with malarial resistance.
Nevertheless, because the literature on detecting selection is so widespread, we

decided to limit the scope of this thesis to those concerned with detecting positive
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FiGURE 1.8: Correlation Between Malaria Endemics and SCA in Africa. The

top panel shows the frequency of a HbS variant that confers increased protection

against malaria. The bottom panel shows the observed extent of the Malaria
endemic in Africa.[Piel et al., [2010].

selection, so that we might explore the area as extensively as possible.

1.2.1 A Model of Classical Selective Sweeps

Selection was one of the latter assumptions to be relaxed in Kingman’s coales-
cent model. As noted before, the original model, and indeed many of the later
extensions, had the property that the distribution governing the mutations was
independent of the distribution governing the coalescent times. This significantly
reduced the complexity of the model and allowed computationally cheap simu-

lation algorithms to be designed. The relaxation of homogeneous fitness by its
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very nature alters the rate of coalescence, since it depends on the allelic states of
the whole population with respect to the selected allele. Thus, the distributions

governing mutations and coalescent times are no longer independent.

Krone and Neuhauser| [1997] and Neuhauser [1999] made one of the early attempts
to include selection in the coalescent, publishing a series of papers describing a
model called the Ancestral Selection Graph (ASG). Borrowing ideas from the
ARG, the ASG uses a branching and coalescent process back in time to produce
hypothetical lineages. A mutation model is then applied and the coalescent is
produced by following a series of decision rules making it dependent on the allelic
states. Unfortunately, as noted by |Coop and Griffiths [2004], the model proved to
be very complex and lacked the simplicity that made Kingman’s original model so

popular.

Building on earlier work by [Slatkin| [2001], Coop and Griffiths [2004] proposed that
to build a coalescent model that was dependent on the mutation process, one could
construct a coalescent tree conditional on the frequency trajectory of the selected
allele. This model is very similar to those used to incorporate variable population
sizes, however the difference is that they act across all haplotypes, whereas this

model acts only on those that carry the beneficial allele.

Using the WF binomial model [Wright, [1931] of allelic frequencies and its continuous-
time approximation as a basis, |Coop and Griffiths [2004] constructed a continuous
time stochastic partial differential equation that conditions on the allele going to
fixation within the population, i.e. a classical sweep. Building on the work of
Coop and Griffiths [2004], [Prezeworski et al. [2005] developed a similar model
to describe the construction of a genealogical tree that experiences selection on

standing variation. A schematic of the |Coop and Griffiths| [2004] model is shown
in Figure
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FIGURE 1.9: A schematic showing a retrospective genealogical tree under a
classical sweep [Coop and Griffiths, [2004]. The rate of coalescence under the
two alleles; ancestral - blue, derived - red, is governed by the distributions
detailed on the right hand side. The allele frequency trajectory of the derived
mutation is shown by the orange line. Time is measured in units of the effective
population size and in reverse, i.e. current day has a value of 0.

Under the neutral coalescent the time to the next coalescent event with n chro-
mosomes is exponentially distributed with mean ﬁ [Hein et al., [2005]. If we
assume that at any given point v in time, n,4 individuals carry the selected mu-
tation and the population frequency of the selected allele is X' (v) > 0 then the
model of selection proposed by |Coop and Griffiths [2004] describes the time to the

next coalescent event for the selected individuals as exponentially distributed with

2X(v)

infinitesimal mean ——“—.
na(na—1)

One effect of reducing the coalescent time for those individuals carrying the se-
lected allele, assuming an infinite sites mutation model, is a reduction in the
number of mutations that can accumulate between them, which will necessarily
increase the similarities between them. [McVean| [2007] analytically details the ef-

fect of positive selection on patterns of LD around selected sites. He concludes that
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while classical sweeps alter the frequency spectrum, the patterns of LD surrounding
the beneficial allele look very different from those associated with recombination

hotspots.

In their original model, |Coop and Griffiths| [2004] assume that the individuals are
non-recombining, however a number of simulation models have been developed in
the last ten years which allowed increasingly flexible descriptions of the evolution
of a sample of chromosomes; SelSim [Spencer and Coop, 2004], mbs [Teshima and

Innan, 2009, and msms |[Ewing and Hermisson, 2010].

1.2.2 Effect on genetic variation

The effect of different modes of positive selective on genetic variation is helpfully
described through the coalescent. Figure [1.10] shows schematics of three models
of positive selection; classical sweep, soft sweep by recurrent mutation, and soft

sweep by standing variation.

Under the classical sweep, the variation in the current day population comes from
a single mutation event after the selective pressure. In this setting, as soon as
a beneficial mutation arrises, the hitchhiking effect [Smith and Haighl 1974] and
the selective pressures will mean that the current day population will likely have
a single haplotype on the derived background. Contrast with the soft sweep sce-
nario, where in general, the mutation event happens before the selective pressure.
Therefore the fact that the beneficial allele is already segregating in the population

will likely mean there will be multiple haplotypes on the derived background.

To see this in practice, we used the coalescent simulator msms [Ewing and Hermis-
son, |2010], to investigate the patterns of genetic variation under a classical sweep,

and soft sweep by recurrent mutation.
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(A) Classical sweep (B) Soft sweep (de novo mutations) (C) Soft sweep (standing variation)
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FIGURE 1.10: A schematic modified from Messer and Petrov| [2013] showing the
difference between models of classical selective sweeps and soft sweeps. Each
detail the lineages of those evolving neutrally (coloured blue) and those evolving
under a selective pressure. (A) As in Coop and Griffiths [2004], the model of
a classical sweep describes a beneficial allele that arises from a single mutation
(marked by X), after the selective pressure (the dashed line) affects the popula-
tion. (B) Like the classical sweep, a model of a soft sweep by de novo mutation
describes how the beneficial allele arose from multiple mutation events, after the
presence of the selective pressure. (C) The model of a soft sweep on standing
variation describes how the beneficial allele is already segregating in the popu-
lation before the onset of the selective pressure. This can occur either from (i)
a single mutation, similar to (A) or (ii) multiple mutation events, similar to

(B).

We simulated two recombining 2Mb regions from a population of constant size that
experience a selective sweep with current day frequency of 50%, and population
scaled selection coefficient ¢ = 2N,.s = 500. The other parameters were chosen so
that they reflected observed characteristics of human genetic variation; mutation
rate per generation per base pair, y = 1.2 x 1078 [Scally and Durbin, 2012],
recombination rate per generation per base pair r = 1 x 107 [Kong et al., 2002,
and N, = 10,000 [Kim et al., 2010]. For a discussion about the values of these
parameters please refer to the in Chapter 2.

The plots for the haplotype, ordered depending on the allele they carry at the

selected site, is shown in Figure [I.11l As expected in the top left panel we see
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FIGURE 1.11: Example of impact of varying strengths of positive selection

in simulated genetic data using msms Ewing and Hermisson [2010]. The left

panels show the haplotype variation in the region surrounding the selected loci

- haplotypes are coded black or white depending on the allele that they carry.

The right panels show the heat map representations of the pairwise difference

between all chromosomes - the black lines in the axes represent the boundaries
of the ancestral backgrounds of the chromosomes.
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that under a classical sweep there is a reduction in heterozygosity in a region
surrounding the selected locus for those carrying the beneficial allele. This can also
be observed by the dissimilarity matrix in the top right panel of Figure[1.11], which
shows that those haplotypes carrying the selected allele (i.e. derived allele) have
fewer positions that differ between them. Contrast this with a soft sweep in bottom

panels where we observe multiple haplotypes on the derived allele background.

Observing patterns of variation in simulated data when the beneficial allele is
known, is helpful, however making inference on the strength of the selected coeffi-
cient, or the location of the selected allele in real data is not possible. To explore,
in detail, some of the important selection detection and inference tools we focus,
in the next section, on those that have been shown in the past to be sensitive to
classical sweeps. In later chapters we look at different methods that have been

developed to detect patterns of variation associated with soft sweeps.

1.3 Tools for Detecting Classical Sweeps

Tools for detecting regions of a genome under positive selection have until recently
been limited to candidate gene studies, e.g. LCT |Bersaglieri et all 2004]. In
general, however, these types of studies can suffer from two key limitations [Akey,

2009].

First they require a priori knowledge about which genes are likely to be under
selection, which requires knowledge of genotype-phenotype relationships. |Akey
[2009] argue that this is possible in some circumstances, e.g. Mendelian inher-
itance, when a single base change changes the phenotype; e.g. LCT or HBB.
An alternative approach might be to focus on loci belonging to gene classes that

appear to be targets of selection, e.g. immune response [Bamshad and Wooding],
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2003], however that can lead to biased sets of loci [Akey|, [2009]. |Akey| [2009] ar-
gues that candidate gene studies can be inefficient study designs for identifying

selective sweeps in regulatory regions at large distances from the target loci.

Akey| [2009] also identifies another challenge with gene candidate studies; as we
discussed before there are potential confounding effects of genetic drift that may
occur as a result of population demography. Therefore interpreting patterns of
variation at loci adds additional complexity to the challenge of detecting selective

sweeps.

1.3.1 Departures from Neutrality

Prior to genome wide tests for selection a common approach involved using the
distribution of summaries of genetic variation to test for non-neutral evolution.
These include, Oy [Watterson, 1975], D [Tajimal [1989], D* [Fu and Li, |1993]

and H [Fay and Wu, 2000]. Many of these statistics are part of a family of

n,L

metrics based on the frequency spectrum. For a sample, {H](i)} S {0, 1}”XL,

ij=1

of n chromosomes at L segregating sites the frequency distribution is defined as

(X35}, where

Xl:Hj:ZHJ(.i):l} .

7

Watterson| [1975] showed, in an infinite sites model, that the expected number
of segregating sites, K, was aj (n) 6, where # is the mutation rate, and a; (n) =

Zn_l 1 Hence, he produced an unbiased estimator éW = now termed

_K
i=1 i ai(n)’

Watterson’s estimate. Under a neutrally evolving population, this is an unbiased

estimate of the mutation rate, however in the presence of a selective sweep, the
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number of segregating sites will tend to be reduced due to the shorter than ex-
pected time to most recent common ancestor amongst the chromosomes carrying

the selected haplotype.

Tajima [1989] argued that without knowing the value of fy, in the neutral case,
it is difficult to establish whether a region is under selection. Using properties
of the distribution of pairwise differences under the neutrally evolving coalescent,
Tajimal [1989] showed that his statistic (Equation is centred around 0 and
is sensitive to changes in variation. Define k to be the average of the pairwise
difference distribution, and K to be the number of segregating sites in the sample.

Then D can be expressed as

D= ’%_af({m . (1.3)
\/el K +eg(n) K( 1)
1 n+1 1
;Z T 3ay(n)(n—1) a2(n)
- 11 1 2(n2+n+3)_ n+2  as(n)
%<n>+a2<n>( on(n—1)  na <n>+a%<n>)'

Using a combination of simulation studies and numerical examples from D. melanogaster,
Tajimal [1989] showed that the D statistic was sensitive to conserved regions of
DNA which can be associated with positive selection. Since D has an intractable
distribution the critical values of D are computed by assuming it is distributed
as a scaled beta distribution |[Tajimal 1989]. As noted by [Simonsen et al.| [1995]
these values tend to be somewhat conservative. Therefore it may be necessary to
determine the critical values of D [Tajimay, [1989] using simulations. This becomes

even more important when the organism undergoes recombination [Nielsen, 2001].

Fu and Li [1993] published two alternative statistics, D*, and F*, to test for non-
neutral evolution. Following convention we use the * notation to distinguish the

methods from previous statistics. Define n to be the number of mutations on the
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tree then, in a neutrally evolving population, [Fu and Li| [1993] showed the expected

number of singletons, 7, is

Under the infinite sites mutation model 7 is exactly the number of segregating
sites. D*, and F™* were constructed to assess the changes in 7, by assessing the
number of mutations in the internal (older), and external (younger) branches. |Fu
and Li| [1993] propose that selection will effect these branches in different ways;
‘in purifying or negative selection there will tend to be increase mutations in
the external branches because deleterious alleles are present at low frequencies’.
F* unlike D*  compares the distribution of mutations between these branches by
looking across related species, e.g. out-groups. When it is not possible to establish

out-groups Fu and Li [1993| propose using the D* statistic

n

_ (E)”_al(”)ﬁs
STes P e

(1.4)

Due to the complexity and number of dependancies that are involved in defining
u(n), and v (n) we do not detail them here but refer to the appendices of [Fu and

Li [1993).

Later Fay and Wu| [2000] proposed the H statistic which is designed to adjust for
the demographic effects by combining multiple pieces of information from different
loci. The H statistic gives weight to high frequency derived alleles that can result

from a selective sweep.

n—1 n—1 .
2X;i(n —1) 2X,i?
H= — _ 1.5
— n(n—1) ;n(n—l) (1.5)

Simonsen et al. [1995] performed a series of power simulations and concluded that

D [Tajimal |1989] is, among the tests in this class, most powerful against the
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alternative hypothesis of selective sweeps, and demography. More recently |Achaz
[2009] showed that these statistics were in fact specific instances of a general
model, and that this framework can be used to devise new more powerful tests
that better detect deviations from the neutral hypothesis. He illustrates the utility
of the model by showing how it supports a selection hypothesis in the human LCT

gene.

As noted by Nielsen| [2001], whilst these tests have been successful in many ap-
plications, the interpretation of when results are significant isn’t always clear. As
we mentioned before, it is widely acknowledged that the neutral hypothesis is a
composite hypothesis, i.e. significant deviations from the null does not provide
evidence against selective neutrality [Nielsen, [2001]. Therefore great care must be
taken when using these neutrality departure test for the presence of a mutation

undergoing positive selection.

1.3.2 Functional Tests

An alternative approach, that is more robust to alternative demographic models,
uses the difference in functional substitutions in protein coding genes to detect
evidence of positive selection. In particular the McDonald and Kreitman [1991]
test counts the number of non-synonymous and synonymous mutations within
and between species. McDonald and Kreitman| [1991] argue that if the observed
substitutions are neutral, the ratio of non synonymous to synonymous polymor-
phism between species should be the same within and between species. McDonald
and Kreitman| [1991] show evidence of more non-synonymous mutations between
species at the Adh gene in samples from three species of Drosophila, indicating

evidence to support the hypothesis of positive selection.

Nielsen| [2001] notes that despite observing that the McDonald and Kreitman

[1991] test can provide unambiguous evidence for selection, it is not always clear



MODELS IN POPULATION GENOMICS 29

which type of selection is acting on the gene. Nevertheless, he argues that these
types of tests are robust to changes in population sizes, because they are con-
structed by comparing different types of variability within the same locus, or

genomic region.

1.3.3 Likelihood-based Approaches

The model developed by (Coop and Griffiths| [2004] of selective sweeps was shown
by the authors to be a full likelihood solution to the challenge of estimating the
selection coefficient, o, in a specific scenario. Due to the complexity of the like-
lihood, the authors tackle the problem using an importance sampling technique
|[Gelman and Meng, |1998]. (Coop and Griffiths [2004] demonstrate the utility of

their importance sampling method on small simulated and real datasets.

The real dataset in question was from Verrelli et al.| [2002] and focused a region
surrounding the G6PD gene. Among others, Sabeti et al.| [2002a] observed that
this gene was associated with malarial resistance and could be under balancing
selection. The region spanned 5.2Kb and involved 216 subjects. |Coop and Griffiths
[2004] show that their method works well on simulated data sets but observed that
the maximum likelihood estimate of ¢ in the G6PD study was effectively infinite.
Coop and Griffiths [2004] argue that the merits of their method lie primarily in the
development of a full likelihood model of selection, not in the importance sampling

inference model.

Zhu and Bustamante [2005] proposed an alternative model based on a composite
likelihood ratio test that attempts to establish whether a gene is under directional
selection. |Zhu and Bustamante| [2005] conclude, however, that their method has
good power when the selection is weakly negative, but has only moderate power

to detect positive selection. They argue that their method is robust to biased
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recombination rate estimates, but not to population growth or bottlenecks, and

they conclude that their estimates of the selection coefficient can be conservative.

1.3.4 Genome Wide Selection Scans

After the publication of the human genome there was paradigm shift towards using
large samples of genomes to make inference in population genetics. The phrase,
‘population genomics’, was coined by Black et al.|[2001] to describe the approach of

using genome-wide samples to infer loci-specific population genetic distributions.

Akey| [2009] argues that this approach offers solutions to the two challenges asso-
ciated with gene candidate studies. First, the genome can be surveyed without
prior knowledge of which genes are under selection. Second, population genomics
offers, at least in principle, the ability to distinguish between the effect demogra-
phy and positive selection. Demographic pressures are equally likely to affect the
whole genome whereas selection acts locally and only on those haplotypes carrying

a beneficial allele.

The shift towards population genomics was led in part by the huge gains in tech-
nology allowing geneticists to sequence organisms more accurately, and at a sig-
nificantly reduced price |Mardis, [2011]. [Akey [2009] describes the development
of genome-wide scans of selection and constructs a meta-map of recent signals of
positive selection in the human genome. He argues, in general, that population
genomics models are based on identifying outlier loci from empirical distributions
of metrics that are sensitive to patterns of selection. Highlighting the similarities
of hypothesis testing in population genomics with that of rejecting the neutral
hypothesis, |Akey| [2009] argues that an observation in the tails of the empirical
distribution doesn’t prove that that loci has been influenced by positive selection.

Instead, he proposes that all one can conclude is that this loci exhibits patterns
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of genetic variation that are unusual in some respect relative to the rest of the

genome.

One of the first metrics developed to leverage a signal left by positive selection in

genomic data is Extended Haplotype Homozygosity (EHH) [Sabeti et al., 2002b].

EHH is defined as the probability that two randomly chosen haplotypes carrying
the target allele are identical by decent (IBD) for the entire interval from that locus

to the point x. Two haplotypes are IBD if they are replicas of a haplotype that

is present in a previous generation [Hartl and Clarkl 2007]. Using this definition

Sabeti et al.| [2002b] argue that EHH is designed to leverage the observation of

elevated regions of reduced LD for haplotypes carrying the selected allele, i.e. the

‘hitchhiking’ effect [Smith and Haigh, [1974].
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FIGURE 1.12: Example of Extended Haplotype Homozyosity decay at the LCT

gene in a sample from the CEU population using data from [1000 Genomes|

Project Consortium et al.| [2012] and R package rehh. Position measures in
units of genetic distance (cM).
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Sabeti et al|[2002b] note that the signal of haplotype homozygosity may also be
observed in regions of high LD as a result of low recombination rates. Therefore to
construct their test for positive selection, referred to as the Long Range Haplotype
(LRH) test, [Sabeti et al. [2002b] calculate EHH on the ancestral allele background
and on the derived, and establish the relative difference. [Sabeti et al.| [2002b] argue
that LRH will be biased towards the derived alleles as they are younger therefore
more similar and more likely to have reduced LD. Using empirical distributions, as
noted in |Akey| [2009], [Sabeti et al.| [2002b] establish the cut off point for significant

scores.

The authors demonstrate the utility of this method by looking at genes that have
been implicated in resistance to severe malaria (Plasmodium falciparum) in hu-
mans: G6PD [Ruwende and Hill, [1998] and CD40 [Sabeti et al., [2002a]. In their
investigation of alternative methods, [Sabeti et al.| [2002b] looked at many of the
metrics that we discussed above on their sample of G6PD material. They show
that none of the statistics show evidence of a non-neutral evolution, suggesting
that they are not sensitive to balancing selection, the majority view on the evolu-

tion of G6PD [Verrelli et al., [2002].

Rather than looking at the relative value of EHH, |Voight et al. [2006] propose
looking at its decay to improve the resolution of the genome wide maps of positive
selection in humans. [Voight et al. [2006] propose an approach that numerically
integrates under the EHH curves for both alleles and determines whether there is
a significant difference. Define ulHS as the unstandardised iHS score and iHH 4
as the integrated EHH metric under the ancestral allele A, equivalently iHHp for
the derived allele. Then

(1.6)

ulHS = log, (1HHA> .

iHHp

Like Sabeti et al. [2002b], [Voight et al.| [2006] observed that the unstandardised
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iHS score is correlated with derived allele frequency therefore they propose stan-
dardising the metric within frequency bins to produce the final iHS metric. In
noting that the standardised iHS score appears to have Gaussian qualities, Voight
et al| [2006] propose using the ubiquitous threshold of two standard deviations
away from the mean to establish how unusual the haplotypes around a given SNP
are. The quality of this approximation depends on a number of factors, e.g. num-
ber of observations within frequencies, and whilst it may, in practice, produce
results, it is not the most powerful approach as there is no parametric form for the
likelihood. [Akey| [2009] argues that not placing stringent assumptions on the dis-
tribution of metrics calculated using variation data can be an advantage, however
not having a parametric form for the likelihood means that it is difficult to assess
the false positive rate as it necessarily depends on the fit of the observations to

the distribution.

Methods based on EHH tend to only target one specific aspect of the signal left
by adaptive evolution: extended haplotype homozygosity. There are other non-
parametric methods that attempt to exploit other observations, e.g. XP-EHH
Sabeti et al|[2007] which leverages the extended haplotype signal across popula-
tions to improve the resolution of the selection maps and estimate of the nature

and age of the selection.

A significant impact of the approach is that EHH will tend to produce false neg-
atives in the presence of soft sweeps. One reason for this is that soft sweeps tend
to produce multiple haplotypes on the derived background, as the beneficial allele
is segregating in the population before it became advantageous. As a result EHH,
will decay much quicker because of the increased variation present in the derived

background due to the multiple haplotypes.

Alternative methods that more directly estimate the level of IBD sharing across

the genome have recently been developed. In |Albrechtsen et al.| [2010] and Han
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and Abney| [2013] the authors use a combination of theory and simulations to show

how IBD changes in the presence of ongoing positive selection. The first paper,

‘Albrechtsen et al| [2010], develops the framework removing loci in low LD, and

shows the utility of the method on the M HC region of the human genome. The

followup paper Han and Abney| [2013] incorporates the LD information and builds

on the model by |Albrechtsen et al.| [2010] to scan samples of Kenyan (MKK) chro-

mosomes from the HapMap Project [International HapMap Consortium) 2005].

The results from the MKK study show patterns that agree with previous studies,

however there are significantly fewer signals of recent positive selection using this

method when compared to alternative methods [Voight et al. 2006] on similar

populations.

We will be returning to many of the techniques that we have mentioned in this

section throughout this thesis.

1.4 Motivation

Turning our attention away from a general discussion, we note that the literature
on detecting signals of adaptive evolution appears to have a divide. That divide
appears to be between models that scale but are non-parametric in that their

results don’t have a direct evolutionary interpretation e.g. iHS [Voight et al.,
2006] and models that are very parametric but do not scale e.g. (Coop and Griffiths|

2004).

These population genomic methods, e.g. EHH [Sabeti et al., 2002b|, and iHS

[Voight et al., [2006], appear to be able to detect signals of classical positive se-

lection, however it is not clear whether they would be robust to other forms of

positive selection. Moreover, the non-parametric nature of their inference means
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that comparisons are difficult due to the fact that the false positive rates are diffi-
cult to control. Indeed from a Bayesian point of view they are limited in the sense
that they are not easily able to combine information from different sources e.g.

previous studies.

Whilst this provides us with a strong statistical motivation, we are also motivated
by the biological consequences of positive selection. Darwinian evolution tells us
all organisms are a product of adaptive evolution. The ability of an organism to
adapt to its environment and pass those traits on to its progeny with high fidelity,
is a well understood process, however as we have seen detecting these traits using
genetic variation has its challenges. As we alluded to earlier in the chapter, and as
noted in more general terms by Darwin, a organism’s ability to adapt to changing
environments can give it a distinct advantage. This is perhaps especially true

when we consider the problem of protecting humans against pathogens.

Take Malaria as an example. The World Health Organisation (WHO) estimated
that, in 2010, malaria was responsible for the deaths of 660,000 people, the major-
ity of which were young children in Africa. Over the last five decades, a number
of drugs have been developed to help tackle the spread of the disease in humans.
Chloroquine was used extensively in the global effort to eradicate malaria in 1950s
and 1960s, however in the late 1950s chloroquine-resistant strains of P. falciparum
were discovered on the Thailand-Cambodian border, and later around the world
[Payne, [1987|. P. falciparum’s resistance to pyrimethamine |[Roper et al., [2004]
and sulfadoxine [Mita et al., 2011] is also now well established in global popu-
lations. Recently strains of the parasite, resistant to the new anti-malarial drug
artemisinin, were discovered in western Cambodia [Noedl et al., 2008]. As a result,
there is now an urgent need to discover genetic markers associated with artemisinin

resistance in P. falciparum [Miotto et al. 2013].

It is for these reasons that we are motivated to construct a fully Bayesian model
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that use well established population genomic models of evolution and ancestry to
detect signals of positive selection in genomic data. Moreover, we want to construct
the model in such a way that it is robust to demographic history and population
structure, but at the same time is capable of detecting both classical and soft
selective sweeps. Finally, we require that the method scales to contemporary
genomic datasets, and is capable of running on modern computing infrastructure,

i.e. multicore compute notes and distributed systems.

1.5 Outline

Since direct inference using the coalescent likelihood is challenging, we explore, in
Chapter 2, methods that have been developed to make inference in intractable like-
lihood settings. We begin by looking at the four frequency spectrum statistics from
this chapter and assess the degree to which each statistic is affected by strength of
positive selection using simulated data. We also illustrate the confounding effect
of variable population sizes on these statistics. Then using a variety of vanilla
machine learning and simulation techniques, e.g. Approximate Bayesian Compu-
tation, we establish the feasibility of using these methods to make inference on
positive selection. We show this type of approximate inference to detect patterns
of variation associated with positive selection is very challenging and will not scale

well to genome wide variation data.

In Chapter 3 we investigate more approximate models that are often used ge-
nomics to perform inference; specifically Hidden Markov Models. We show how
one such method, chromosome painting |Lawson et al., 2012 can be used to infer
changes in the ancestry of a sample of chromosomes. We show through a series
of simulations and theoretical arguments that it is possible to identify patterns
of variation consistent with positive selection by detecting regions of the genome

where a subset of the individuals have reduced time to common ancestor. Using
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parallels with iHS [Voight et al., 2006], we construct a simple Bayesian model that
can probabilistically identify regions of a genome that exhibit patterns of variation

associated with positive selection.

In Chapter 4 we perform a series of power simulations and compare the results to
existing models that have been used to detect positive selection, e.g. iHS and H1s
|Garud et al., [2013]. We show that our method has comparable power to iHS and
His to detect strong classical sweeps, and increased power to detect soft sweeps.
We also discuss the effect of demography and population size of the distribution
of the results from our method, and we explore the effect of changing the sample

size.

In Chapter 5 we demonstrate the utility of our model by applying it to genome wide
sequence variation data from |1000 Genomes Project Consortium et al. [2012]. We
show that our method and iHS identify many of the previously identified signals of
positive selection, e.g. LCT [Hollox et al. 2001] and we show that there is a high
degree of overlap between these results and the integrated map of positive selection
constructed by |Akey [2009]. In addition we highlight three novel candidates for
positive selection in the human genome that have some of the largest values under
our method and are considerably lower down the ranks under iHS. We show that
two of these candidates show patterns of variation consistent with a soft selective

sweep.

Finally, in Chapter 6 we draw conclusions based on the results presented in this
thesis and discuss potential extensions of the model that we have looked at during
the development of the method. Finally we provide a short discussion about future

directions and application of the method to other species.



Chapter 2

Classical Approaches to Detect

Selective Sweeps

“If we knew what it was we were doing, it would not be called research, would it?”
Albert Einstein

The goal for this thesis is to design and apply new techniques to detect regions
in genome wide datasets that appear to have the characteristics of an ongoing
selective sweep. We highlighted in the previous chapter, that one of the major
challenges in detecting selection in real data is that full likelihood inference under
the coalescent is intractable for many applications. A number of simple summary
statistics have been constructed to detect departures from neutral evolution, e.g.
D [Tajima, 1989]. Whilst these have been shown to be sensitive to patterns of
variation associated with selection they are also affected by demographic history.

For example population expansion or bottleneck.

Recently there has been major advances in both the development of new simulation
based inference techniques and computational hardware. A particular method,

known as Approximate Bayesian Computation (ABC) [Tavaré et al., [1997], is
38



CLASSICAL APPROACHES TO DETECT SELECTIVE SWEEPS 39

designed specifically to make inference in settings where full likelihood inference
is intractable. ABC relies on simulating large amounts of data from a model, and
making inference on a set of parameters based on proximity measures between the
observed and the simulated data. Since ABC has been shown to be an effective
inference tool in different population genetic settings, e.g. Tavaré et al.| [1997] we
decided that it was important to determine the feasibility of using these approaches

to make inference on the strength of ongoing positive selection.

We begin by looking at the effects of selection and alternative models of demog-
raphy on the frequency spectrum statistics from the previous chapter, e.g. éW
[Watterson, 1975] , D [Tajima, 1989], D* [Fu and Li, [1993] and H [Fay and Wul,
2000]. In line with previous studies [Simonsen et al., 1995, Fay and Wu, 2000], we
show that these methods are sensitive to selection but also to changes in demog-
raphy. We then look at using these metrics in a machine learning (ML) regression
framework to predict the true value of the selection coefficient o, however we
conclude that estimates tend to be somewhat unreliable. Then using an ABC
approach we establish whether we can improve the quality of the inference. We
conclude by showing that whilst the inference quality does improve, the estimates
are still highly variable, even in the simplest problems. More generally we show
that, even with the hardware available to us, the computational burden associated
with these methods means that applying them to real data, at scale, would be very

difficult.

2.1 Methods

In this section we detail the methods that we use in this chapter. We begin by
detailing the coalescent simulator and the parameters used to generate the data.

We then describe a number of machine learning tools that we use later in the
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chapter to make inference. Finally, we introduce the Approximate Bayesian Com-
putation paradigm and a number of challenges associated with making inference

in this framework.

2.1.1 Data Generation

To generate the genetic variation data in this thesis we had a choice of a number
of coalescent simulators. For example mbs [Teshima and Innan, [2009] and msms
[Ewing and Hermisson, 2010|. To maintain continuity throughout this thesis we
decided to use the forward in time selection simulator msms as it is a fast and
efficient coalescent simulator with inbuilt parallelisation, allowing us to take ad-
vantage of modern computing infrastructure; multiple compute core, multi-node
supercomputers [Ewing and Hermisson|, |2010]. msms uses a combination of deter-
ministic and stochastic method to create the selected allele frequency trajectory
and has a standard input/output (IO) format, [Hudson, 2002], that is backward
compatible and allows construction of simple simulation pipelines to perform in-

ference.

Each dataset is simulated for one hundred recombining chromosomes on a 200Kb
region. The effective population size N, for each dataset was fixed at 10,000,
which is often cited as an estimate of the effective population size of modern
humans [Kim et all [2010]. We chose i = 1.2 x 1078 per generation per base pair
to be the value of the mutation rate (# = 96) [Scally and Durbin| 2012], and the
probability of recombination was set at, r = 1 x 1078 per generation per base pair
[Kong et al., 2002] (p = 80). These parameters we chosen to reflect the average
variation observed in humans, not any specific subpopulation. Note that we do not
model recombination heterogeneity due to its increased computational complexity.

This will likely reduce the applicability of this method to real data.
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We explore two simple demographic scenarios; a population experiencing a bot-
tleneck lasting 800 generations, with instantaneous recovery, and a population
experiencing exponential expansion beginning 1000 generations ago. For the bot-
tleneck we looked at the effect of reducing the population size during the bottleneck
to 50% of the current day effective population size. For the exponential expansion
we chose a growth rate a = 92.1, which means that the size of the population at ¢,
in Figure[1.6[(A) is 10% of the current day population. As before, these parameters
were not chosen to match inferred demographic histories of human populations, as
undertaking an exhaustive exploration of all potential scenarios is a major under-
taking and beyond the scope of this thesis. Note, however, that these parameters

are similar to those described in previous studies, e.g. |Gutenkunst et al., 2009].

2.1.2 Machine Learning Tools

Machine learning (ML) is the body of research related to automated large-scale
data analysis, e.g. Barber| [2012]. To relate a set of observations, to a set of
predictors there exist two general model classes; regression and classification. Re-
gression models are primarily used in conjunction with continuous observations
for the purposes of prediction, whereas classification models tend to be used in
conjunction with discrete observations for the purposes of classification |[Barber)

2012].

In this chapter we work with three vanilla ML regression models; generalised
linear model, general additive model, and neutral network. All of these models
are constructed to relate a continuous observation to a set of predictors, however

they differ in the way that they perform the inference.

Generalised linear models (GLM) describe the relationship between a response

variable, Y, and a vector of explanatory variables, X, through a link function, g:
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g(Y) =1 = X 3. For example in logistic regression y = f () = logit™" (z) [Casella
and Berger} 1990].

Like GLMs, general additive models (GAM) describe the relationship between Y
and X through a link function, f, however rather than using the raw values X,
different parametric, or non-parametric functions can be applied to each variable

in X to improve the fit [Venables et al., [1994].

Finally, neural networks (NN) are part of a much larger class of latent variable
models, i.e. YV is related to X through a series of latent variables Z [Hastie et al.,
2009]. NN have proved to be extremely powerful tools in ML and have been used

in many different fields, e.g. [Vanhoucke et al., [2011].

2.1.3 Approximate Bayesian Computation

A goal of Bayesian inference is to describe the posterior probability distribution,
P (y]|D), of a vector of parameters, v, after observing the data, D |[Barber| 2012].
In the purest sense, this requires knowing the likelihood, £ and a prior probability

distribution, p on 7.

P(y[D) o< L(v[D)p () (2.1)

If £ and p are conjugate, i.e. the prior and posterior have the same algebraic
form, then this inference can often be done analytically; e.g. exponential family of
random variables [Diaconis and Ylvisaker,|1979]. If not, then a Monte Carlo (MC)
approach can often be used to approximate the inference, however this requires
that the likelihood, £, is known up to proportional constants and can be point
wise evaluated [Chib and Greenberg, 1995]. If, however, this is not the case, i.e.

an intractable likelihood, then other inference methods must be considered.
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Approximate Bayesian Computation (ABC) [Tavaré et al. [1997], is a MC approach
to make inference in intractable likelihood settings by simulating data from a model
using parameters drawn from a prior distribution, and discarding parameters that

result in observations that are not equal to the observed.

Tavaré et al.|[1997] was the first application of ABC to population genetics. In that
paper the author developed a method to infer coalescent times from DNA sequence
data by taking advantage of the ease with which samples could be generated in
the coalescent. The success of this paper lead in part to the development and

formalisation of the ABC inference framework [Lopes and Beaumont, [2010].

In practice, however, the probability that two datasets are exactly equal is close
to zero, therefore we would have to wait a very long time before one sample was
accepted. In order to soften this assumption the ABC methodology allows for
some tolerance level and in the case of high dimensional data a distance metric,
D, that accepts parameters that are sufficiently close, i.e. < e. The original ABC

algorithm is detailed in Algorithm (I} [Lopes and Beaumont, [2010]

Require: N the number of samples required; v, the parameter vector with prior
7 (.); fa (([7) the model; observe Y in data space X; S : X — RY summary
statistic and D : R? x R? — R a distance metric. Finally ¢ € R chosen
tolerance level
k=0
while £ < N do
v~ ()
X~ fan (")
1fD( (X*),S(Y)) <e
store v*; set k =k + 1
end if
end while
return stored 7*s
Algorithm 1: General Approximate Bayesian Computation

then

It is useful to establish at this stage that samples from an ABC algorithm are not

samples from the true posterior. They are, in fact, samples from a distribution
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that has been referred to as the ABC posterior; e.g. [Fearnhead and Prangle| [2010].

P(4|D(.,Y)<e). (2.2)

This distribution is related to the true posterior, through the choice of distance
metric D and tolerance €. Assume that D has the same properties of a true distance
metric; symmetric, non-negative, sub additive and identity of indiscernibles. This
implies that the distance metric is equal to zero if and only if the two arguments

are identical, i.e.

D(X,Y)=0& X =Y. (2.3)

It can be shown that in the limit as ¢ — 0 the ABC posterior tends in distribution
to the posterior. In other words, the difference in the cumulative density functions

of the ABC posterior and the true posterior tends to 0 as € — 0.

PyID(.,Y)<e€e) =pP(7]Y) as e — 0. (2.4)

2.1.3.1 Choice of Inference Algorithm

All ABC algorithms that we detail here follow the same format as the original
ABC approach, detailed in Algorithm [I] however the way in which they choose

parameters to generate samples change.

As noted by (Csilléry et al. [2010] an advantage of the original ABC approach is its
simplicity. The construction of Algorithm [I]enables one to construct trivial parallel
implementations that allow the framework to be used in very large problems.
Unfortunately this simplicity has a disadvantage, as noted by Marjoram et al.

[2003]; it can be inefficient to iteratively sample from the prior distribution. If
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the prior is necessarily diffuse to allow one to search the state space, the posterior
may have a mass in a small proportion of the space thus reducing the acceptance
probability, and increasing the time one has to run the algorithm to obtain the
same number of samples [Marjoram et al.; 2003]. Despite this the simple rejection
algorithm can be used in pilot studies to inform larger, more complex studies

[Csilléry et al., 2010].

To solve the problem of inefficient sampling from the prior, Marjoram et al.| [2003]
introduced the MCMC-ABC method that seeks to reduce the effect of low accep-
tance probabilities by sampling from a Markov kernel. It is identical, in its im-
plementation, to the Metropolis Hastings |Chib and Greenberg, [1995] algorithm
with the added ABC proximity constraint on the kernel [Lopes and Beaumont,
2010]. As noted by (Csilléry et al.|[2010], MCMC-ABC like full likelihood MCMC
analysis, can suffer from mixing problems. A chain is said to have not mixed well
when multiple independent chains of the same MCMC appear to result in different
posterior distributions [Chib and Greenberg, (1995]. Moreover the MCMC-ABC
approach can still perform poorly if the tolerance level € is small, or if the proposal

density isn’t flexible enough to explore the parameter space [Sisson et al., 2007].

Sisson et al.| [2007] and Robert et al.| [2008] proposed the alternative SMC-ABC
method. The principle behind SMC is to decompose the difficulty of sampling

from

P(y[D(5(X),5(Y)) <€), (2.5)

into a series of simpler subproblems. A general SMC algorithm begins at time 0
sampling from P (y|D (S (X), S (Y)) < €y), with ¢ large, then simulating from an
increasingly difficult sequence of target distributions P (D (S (X),S (YV)) < e€,),

such that €, < €,_1, at subsequent time steps n = 1, ..., T |[Doucet et al., [2001].
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The original ABC-SMC algorithm [Sisson et al. |2007] was shown by [Robert et al.
[2008] to be biased, who introduced an alternative SMC-ABC method known as

Population Monte Carlo (PMC).

Despite the developments in SMC a major challenge with this approach is the
choice of tolerances €, ¥ n € {1,...,T}. |Del Moral et al| [2011] argue that if
the tolerance levels decrease too slowly the algorithm will be too computationally
intensive, whereas if they decrease too quickly the resulting samples with not be a
good approximation to the samples from the underlying distribution. |Del Moral
et al|[2011] proposed the use of an adaptive learning method that can choose an

appropriate tolerance level decay, using feed back loops.

2.1.3.2 Automatic Choice Dimensionality Reduction

Aside from the challenge of choosing an inference algorithm another challenge as-
sociated with ABC inference is the choice of distance measure D |Lopes and Beau-
mont}, 2010]. In practice, the notion of distance D (.,.) is actually split across two
methods; a dimensionality reduction function S (.) and a distance metric D (., .).
The quality of the ABC inference relies heavily on determining whether a simu-
lated dataset is close to an observed, and as noted by |Lopes and Beaumont| [2010]
summaries of high dimension data, S (.), can especially impact the quality of the

results.

An original approach for choosing S relied on choosing statistics that the practi-
tioner believed to be most informative of  [Joyce and Marjoram), |200§|. Since the
development of the original ABC algorithm more rigorous techniques to select S
have been designed; e.g. using information theory to determine the marginal ef-
fect of adding additional summaries of the data [Joyce and Marjoram, 2008]. This
approach was further improved by the introduction of Approximate Sufficiency

[Nunes and Balding, 2010] which allowed one to find a subset of statistics that was



CLASSICAL APPROACHES TO DETECT SELECTIVE SWEEPS 47

most informative of . Unfortunately both of these methods are not exchangeable,
i.e. the order in which statistics are added to the set changes the results |[Joyce

and Marjoram, 2008, Nunes and Balding, 2010].

Fearnhead and Prangle [2010] proposed an alternative approach that in practice
removed the need to chose a subset of summary statistics. Using a theoretical
argument the authors show that MC error increases with the dimensionality, d, of
the summary statistic function S. Therefore to control the MC error, the authors
propose using a model based approach to predict the true value of v from the
summary statistics 9, i.e. the posterior mean of this model is a natural estimate

of v

E(1|Y) ~E (7S (Y)). (2.6)

As a result they propose setting the proximity metric to be
D(S(X"),5(1) =D (E (IS (X)), E (S (1)) (2.7)

where E (7|5 (X)) is the point estimate of ~ from a trained model, learning the
parameters v from S (X) : dim (S (.)) > p. |[Fearnhead and Prangle [2010] show
that they are able to fit a model using many of the metrics that are informative

of the parameter of interest without adversely affecting the MC error.

2.2 Effect of Selection and Confounding

In this section we investigate the effect of selection on the distribution of metrics
that capture aspects of the frequency distribution. We focus on the family of
frequency spectrum statistics, because they summarise particular features of the

underlying coalescent tree. We decided not to look at the family of metrics based
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on functional changes, however their utility is widely acknowledged and discussed
in a number of papers; Yang and Nielsen| [2000], Nielsen| [2001], [McDonald and

Kreitman [1991].

Following the discussion in we simulated synthetic variation data under

varying strengths of selection, allele frequencies, and demography, as shown in

Table 211

Model (o = 2N,s) Fixation Frequency | Demography

Neutral Drift Constant

o =50 {25%, 50%, 75%,100%} | Constant

o =100 {25%, 50%, 75%,100%} | Constant

o = 200 (25%, 50%, 75%, 100%)} | Constant

o = 400 {25%, 50%, 75%,100%} | Constant
Exponential Drift Exponential

Bottleneck Drift Bottleneck

TABLE 2.1: Table detailing the simulation scenarios, the strength of selection,

the fixation frequencies in the selected scenarios, and models of demography.

When fixation frequency is ‘Drift” we do not condition on the current day fre-
quency.

For each of the seven scenarios detailed in Table[2.1]and within each frequency bin,
i.e. {25%,50%, 75%,100%} we simulated 5,000 datasets. The selection scenarios
were simulated under the assumption that the selection strength was homogenous
throughout the allele frequency trajectory [Coop and Griffiths| 2004], i.e. selection
on a de novo mutation. For this chapter we decided not to simulate selection on
standing variation so that we could focus our initial attention on one type of

selection.

In this section we focus specifically on [Watterson, (1975], D [Tajima, 1989],
D* [Fu and Li, 1993 and H [Fay and Wu, |2000]. Recall that these statistics have
been shown to be sensitive to patterns of variation associated with a complete
positive selective sweep, however our goal here is to establish whether they are
sensitive to ongoing, or incomplete positive selection. Since only a proportion of

the chromosomes carry the selected haplotype the ability of these measures to
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detect selection will likely be reduced. As these statistics were introduced in the
previous chapter we focus on the technical aspects of the signal that each statistic

is trying to leverage, and how selection changes the distributions.

2.2.1 Window v.s. Region

One of the challenges, as mentioned in the introduction, with trying to detect
signals of selection in recombining sequences is that the signal left by a selective
sweep is observed only in a region surrounding the selected mutation; as observed
in Figure [I.T1] This presents a challenge when using univariate summaries of the
genetic variation to detect selection. It is possible to calculate the statistic over
the entire region, however, due to presence of recombination the signal will likely

be reduced.

Another approach might be to calculate the statistic in sliding windows and use
empirical distributions to establish when a region is ‘unusual’ like in many popu-
lation genomics models, e.g. [Voight et al. [2006]. Whilst this approach has been
shown by |Carlson et al. [2005] to be quite effective at establishing whether regions
in a recombining genome exhibit patterns of variation associated with positive
selection there is a question mark over the correct size of window. If the window
is too large then the signal of selection will be reduced due to the presence of hap-
lotypes that have recombined away from the selected haplotype. If the window
is too small then the false positive rate will likely increase due to the reduction
in variation that is likely to be observed in shorter sequences. Moreover the size
of a selected haplotype, is affected by both the age of the mutation and the lo-
cal recombination rates [Hartl and Clark, [2007], therefore a constant window size
across the whole genome will likely limit the ability of the method to being able

to detect other types of selection.
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To avoid these challenges we base our analysis, in this chapter, on a small region
(200Kb) of recombining sequences. This allowed us to focus on the task of under-
standing the effect of selection on summaries of the coalescent, and establishing

whether it was possible to make inference.

2.2.2 Segregating Sites

0w [Watterson| 1975] was one of the first metrics developed to estimate the mu-
tation rate in a neutrally evolving population. Watterson| [1975] showed that in

an infinite sites model the expected number of segregating sites, K, was fa; (n),

n—11

where ¢ is the mutation rate, and a; (n) = > ;" 3.

Under a neutrally evolving population this is an unbiased estimate of the muta-
tion rate, however as discussed in Chapter 1, in the presence of a selective sweep
the number of segregating sites will tend to be reduced due to the shorter than
expected time to most recent common ancestor among the chromosomes carrying

the selected allele.

Figure shows the distribution of 6y across the nineteen scenarios. Simulations
show there is a skew towards smaller values of éw, as a result of the fall in the
number of segregating sites. This skew appears to be most acutely observed when
the selected mutation has completed its sweep, i.e. the right most panel in Figure
[2.1] Observe that this skew towards lower values is also present in the exponentially
expanding demographic model, but not in the bottleneck model. One explanation
for this is that, due to the expanding population size, the coalescent time among
the sample falls thus reducing the expected number of mutations that can accrue
[Hartl and Clark, 2007]. As noted by Luikart et al. [1998] bottlenecks tend to shift
the allele frequency away from low frequency alleles towards more intermediate

frequencies. As observed in Figure 2.1} if there is a upward modal shift in the
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FIGURE 2.1: Effect of Selection and Demography on Watterson’s Estimate.

The different models of evolution are identified by the different colors, and the

effect of different population frequencies of the selected allele is observed by the

multiple panels. Note that the distributions for the neutrally evolving popula-

tions, and the distributions for the population experiencing the two demographic
scenarios are repeated for each frequency bin.

allele frequency distribution then one might expect there to be relatively fewer

rare variants.

As noted by 11989], without knowing the value of 6y in the neutral case it

is quite difficult to establish whether a region is under selection. Using theoretical
properties of the distribution of differences between two randomly chosen pairs
of chromosomes, K, constructed the D statistic. Using the fact
that E (K ) = ¢, Tajima showed that in a neutral model we would expect that
E (D) = 0, because E (%) = 0. In Figure [2.2) we show the effect of selection
and demography D.
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FIGURE 2.2: Effect of Selection and Demography on Tajima’s D. The different

models of evolution are identified by the different colors, and the effect of dif-

ferent population frequencies of the selected allele is observed by the multiple

panels. Note that the distributions for the neutrally evolving populations, and

the distributions for the population experiencing the two demographic scenarios
are repeated for each frequency bin.

We discussed in Chapter 1 the effect of selection on the pairwise coalescent times as

modelled by (Coop and Griffiths| [2004]. We observed that the time to most recent

common ancestor among the selected chromosomes was depressed as a result of
the trajectory of the selected allele. One of the effects of this, as noted earlier, is
that the number of mutations that can accrue between the chromosomes drops in
expectation. This in turn has the effect that the number of differences between

the selected chromosomes is lower than we would expect, reducing D.

We observe in Figure [2.2] that there is a considerable skew towards lower values.

One explanation as to why we observe a less pronounced skew under partial sweeps
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is likely due to the increased heterogeneity as a result of the two groups of individ-
uals; those carrying the derived (beneficial) allele and those carrying the ancestral.
The pattern that we observe for demographic scenarios in D is quite similar to 0w

and indeed the explanation for this observation is still valid for D.

2.2.3 Rare Variants

D* [Fu and Li, [1993] and H [Fay and Wu, [2000] are the final two frequency
spectrum metrics that we discussed in Chapter 1. Like 0w and D these metrics
have been shown to be sensitive to the presence of selection, however, as discussed,
they try to capture different aspects of the frequency spectrum. We begin by
showing the effect of different evolutionary scenarios on the distribution of D*;

Figure [2.3

When compared with Oy and D we observe, in Figure , a less pronounced skew
in the selection scenarios. It would appear from the plot that isn’t much evidence
to support the argument that D* is sensitive to partial sweeps. We know, e.g.
Coop and Griffiths| [2004], that the time to a coalescent event is reduced among
the chromosomes carrying the selected haplotype. As a result the number of rare
variants among the sample of chromosomes will increase in expectation, because
the probability that a variant will occur ancestral to chromosomes carrying the
beneficial allele is reduced [Hein et al., 2005]. Increasing the number rare variants
has the effect of skewing D* towards negative values, which we observed in Figure
2.3l Note, because exponential expansion has a similar effect on all the haplotypes

we see a large negative skew in those populations experiencing that demography.

It is argued by [Fay and Wu [2000] that their H statistic is designed to adjust for the
demographic effects by combining multiple pieces of information from different loci.
Nielsen| [2001] showed that the metric adds weight to new derived alleles that have

spread through the population and are now at high frequency in the population.
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FIGURE 2.3: Effect of Selection and Demography on D* [Fu and Li, 1993].
The different models of evolution are identified by the different colours, and
the effect of different population frequencies of the selected allele is observed
by the multiple panels. Note that the distributions for the neutrally evolv-
ing populations, and the distributions for the population experiencing the two
demographic scenarios are repeated for each frequency bin.

Therefore the effect of selection on H, like many of the statistics that we discussed
above, is likely most pronounced when a selective sweep has completed its sweep

and has become fixed or nearly fixed in the population.

Our first observation from Figure [2.4]is that the demographic scenarios appear to
have very similar distributions to the neutrally evolving populations. Moreover
we observe that the skew towards negative values is evident in selection scenarios

where the allele has reached intermediate frequencies in the population (> 50%).

At least in this small example, it would appear that using H |[Fay and Wu, |2000]

to infer selection would be a more powerful, and robust method compared to the
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FIGURE 2.4: Effect of Selection and Demography on H [Fay and Wul, 2000].

The different models of evolution are identified by the different colors, and the

effect of different population frequencies of the selected allele is observed by the

multiple panels. Note that the distributions for the neutrally evolving popula-

tions, and the distributions for the population experiencing the two demographic
scenarios are repeated for each frequency bin.

other three approaches.

In general, however, using these univariate metrics in real data can be challenging
and result in unsuitable conclusions. Our major concern with them is that, whilst
the metrics are simple to calculate, their parametric distributions will exist, at
best, in simplified settings. This has implications for their general applicability to
real data. As, without explicit accounting for false positive rate, it is difficult to
establish a level of significance without exhaustive simulations. As a result, and
as noted by [2009], if we observe an ‘unusual’ value we cannot conclude that

that region has evolved under selective pressure.
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2.3 Predicting 0 - Machine Learning

The metrics that we discussed above tackle the problem of inferring the presence
of selection by summarising different aspects of the allele frequency spectrum. It
would appear that inferring the strength of selection from any one of these metrics
would be challenging, so an interesting question to ask is whether we might be
able to combine these metrics into a inference framework and train a model to

estimate the strength of selection.

Summary Statistics

Measure Description

Oy [Watterson, |1975] | Across Entire Region
| D [Tajima) [1983] Across Entire Region
e - Median K ( % )

Pairwise Difference K | 1,gwer Quartile K )
Upper Quartile K (2)

3

I N i
D* |[Fu and Li, [1993] | Across Entire Region
H [Fay and Wu, 2000] | Across Entire Region

TABLE 2.2: A list of metrics that we used in the ML techniques detailed in

So that we could establish whether this was possible we limited our investigations
to a sample of recombining chromosomes that come from a population of constant

size. To make inference we appealed to the machine learning (ML) tools that we

detailed in [Methodsl

We began by simulating 1 x 10% genetic variation datasets; each region was con-
structed using the same parameters as the datasets in the previous section, however
this time we draw the selection rate, o, from a uniform distribution on the inter-
val [0,400]. Moreover we fixed the allele frequency at 75% so as to consider the
problem of inferring the strength of selection in ongoing positive selection. Each

region was mapped to a vector of summary statistics which we have detailed in
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Table 2.2 Since we cannot include the whole pairwise difference distribution in

the model we decided to summarise it using its quartiles.

Correlation Plot
of Frequency Spectrum Statistics

Fu'sD

Watterson
0.5

Wu's H

Upper Diff

0

Median Diff

Lower Diff
-0.5

Tajima

Fu's D

©
£
©
—

Lower Diff
Median Diff
Upper Diff
Wu's H
Watterson

FIGURE 2.5: Estimate of the correlation matrix between the summary statistics
in Table and the strength of selection ¢ = 2N,s. Calculated using 1 x 10°
genomic regions with ¢ random sampled from Uniform[0, 400].

Using these statistics and the data we calculated an estimate of the correlation
matrix between the metrics and the strength of selection; Figure 2.5] Due to the
construction of D [Tajimal, we observe strong correlation structure between
summaries of the pair difference distribution. The observation that the correlation,
outside of (D,K (3 ),K (1 ),K € )>, is lower supports our earlier suggestion that
these metrics are using different features of the allele frequency distribution to

make inference.

Using the simulated ¢ and the corresponding values of the summary statistics we
explored a number of different linear parametric, and non-parametric models. As

detailed in we chose three different ML regression models and used the
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FIGURE 2.6: Each plot shows, for a given model, how the distribution of fit-
ted values change relative to changes in the truth. The left panel shows the
results for a General Linear Model (GLM), the center panel shows a General
Additive Model (GAM), and right panel left shows a Neutral Network (NN).
For a discussion of these models refer to The ends of the boxplots are
calcuated using lower 2.5% and upper 97.5% quantiles in the distribution.

simulated dataset of 1 x 10® observations to train them. Figure shows the

observed changes in the relationship between the fitted value of the models, 7, as

the true o is varied.

We observe evidence of decreasing effectiveness for each model to distinguish
stronger strengths of selection from intermediate strengths. It may be because
the metrics, that the models are based on, are unable to distinguish between the
variation of o = 200 and o = 400, however it could also be an effect of size of the
region that we are simulating. Since we have chosen to simulate a 200Kb sequence
it is possible that the selected haplotypes under very strong selection will extend
beyond the region. This will reduce our ability to detect the marginal differences

between scenarios at the upper end of the range of o.

It would appear that none of the models produce a satisfactory relationship be-
tween the fitted and the observed, however of the three models in Figure [2.6] it
would appear that the neural network produces the more accurate estimates. As

evidenced by the reduced heteroscedasticity.

Despite this, we observe that there is a high degree of variation in the results

above. This, together with the observation that the prediction distributions have
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a large amount of overlap, suggests that it will be challenging to use either of these
methods, together with these summary statistics, to obtain reliable estimates of o.
As a result, we decided to turn our attention towards the Approximate Bayesian
Computation (ABC) paradigm and determine whether this method results in any

improvement.

2.4 Predicting ¢ - ABC

ABC has been used very successfully as an inference framework in a number of
areas of population genetics [Tavaré et al. 1997, Beaumont et al., [2002, Lopes
and Beaumont| 2010]. Since we introduced the approach above, we focus here
on trying to answer the question; can ABC be used to detect selection in genetic
variation data? Note that we limit our attention to the original ABC rejection
method [Tavaré et al.| [1997]. We have explored the use of more advanced inference
algorithms, however because this is, in essence, a feasibility study we took the view

that it was more important to demonstrate the method in the simplest setting.

As with the results from the Machine Learning section from above, we decided to
simplify the inference task by reducing the problem to simply inferring the strength
of selection, o, by treating everything else about the evolution of a sample of
chromosomes as known, e.g. location and population frequency of selected allele,

recombination rate, and mutation rate, etc.

The rejection algorithm was simple to implement and combine with the simulation
software msms [Ewing and Hermisson), 2010]. The whole pipeline was implemented
using the Linux operating system, and the ABC algorithm was constructed using

a simple concurrent Java application.

One of the most important steps in the design of an ABC experiment is to choose

the method that will determine the proximity between a simulated and the true
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dataset. In we discussed different approaches that have been developed
over the past decade that aim to improve the quality of the ABC inference. In our
investigations we explored a number of different options, e.g. automated choice
[Fearnhead and Prangle 2010, however we decided for this thesis to limit our
attention to the classical model of ABC [Tavaré et al., 1997]. In this model we
choose a set of summary statistics that are informative of the parameter of interest

and use a Euclidean distance measure to determine proximity between datasets.

Using the software, msms |[Ewing and Hermisson), 2010], we simulated four datasets,
where the selection rate is known; o = {0, 50, 100, 200} and derived allele frequency
fixed at 75%. Using our ABC pipeline we calculated the summary statistics, de-
tailed in Table , on a large number (1 x 10°%) synthetic regions, sampling o
from Uniform[0,400]. We used a standardised Euclidean metric to compare the
distance between the estimates of the summary statistics under the truth relative
to the simulated. As discussed in we accept simulated parameters if the
distance between the simulated and observed datasets fall below some tolerance
€. Figure shows the effect of changing € on the distribution of the accepted

values of o;

Generally speaking the distributions of the accepted parameter values tend to
have modes near to the true values of the parameters, however as with the ML
methods the variance of the distributions is considerable. Indeed we see that in
the majority of cases the ABC posterior credible interval covers over 50% of the
parameter space. One explanation for this is that we only have 100 observations
at the lowest tolerance level which will necessarily inflate the variance. Finally, in
the lower panel of Figure we observe that at the lowest tolerance level there
appears to be a reduction in variance of the accepted parameters. Moreover we
observe that for strong selection ¢ = 200 the method tends to favour accepting

parameters that occur in the upper end of the space. Even through the variance is



CLASSICAL APPROACHES TO DETECT SELECTIVE SWEEPS

61

8 8
]! = —— Prior =< | _ —— Prior
e o=0 — 1% e ! o =50 — 1%

' — 0.1% ! — 0.1%
gl — 001% 3 | ’ — o001%
= : — 0001% ¢ : — 0.001%

[} |
) | 1) |
S [} = |
o o
s | b I

I |

\ \ /><\

o ] N [
S S =
=} | =}

I, [

S S
<o <o |
o o

[} |

[} |
s |, 8 :

s | T | | | = | T [ | |

0 100 200 g 300 400 500 0 100 200 g 300 400 500
8 8
& \ _ —— Prior S —— Prior ' 5=
S | o=100 iy S iy , 0=200

i — 0.1% — 01% i
3 h — 001% | — 001% ,
= 1 — 0.001% | — 0.001% 1

] |

] |
0 | o) |
S 1 & !
P 3 1

|
|

Y] o ]
== ==
=] | oS |

]

|
S 1 > 1
. X S 1
o o

| |

| ]
o 1 o 1
& 1 & }
= | [ [ [ I = | | [ [ |

0 100 200 g 300 400 500 0 100 200 g 300 400 500

FIGURE 2.7: Effect of changing the value of € on the distribution of the accepted

parameter values. The densities for o were constructed by establishing the

distribution of the parameter values if we accepted the top 10%, 1%, 0.1%,
0.01%. The values for each € are detailed in the plots.

still high this observation may suggest that as the strength of selection increases

the ability of the method to detect selection improves.

2.5 Discussion

We began this chapter with an aim of better understanding the effect of ongo-
ing selective sweeps on the distribution on four frequency spectrum metrics. We
discovered that all of the statistics were sensitive to selection when the allele was
fixed in the population, however as the population frequency of the selected allele

dropped so did the metrics ability to detect departures from neutrality. As we
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discussed above, one explanation for this is that, all other things being equal, only
those haplotypes who carry the selected allele will exhibit patterns of variation
associated with positive selection. As such the effectiveness of the metrics will be

reduced as the signal of selection across all chromosomes will be reduced.

Moreover we noted that, whilst these metrics are sensitive to patterns of variation
associated with selection, with the exception of H [Fay and Wul,2000], they are also
sensitive to demographic changes; e.g. exponential expansion and bottlenecks. We
explained that, because these demographic scenarios often have a similar impact
on the variation as selection it is difficult to disentangle the two features using

these summaries of the coalescent.

We then decided to look at whether we could combine these metrics together to
make inference on the strength of selection in the simplest setting when the only
unknown parameter was 0. We showed that, whilst it was difficult to estimate
the exact value of o because of the large variation in the predictions, the results
suggest that these methods are able to detect whether there is strong or weak
selection. We then looked at using large scale simulations to estimate o using the
ABC inference framework. As with the ML methods we concluded that whilst the
method seems to be capable of detecting the presence of strong selection (o = 200)

estimating the true value would present a significant challenge.

If we look holistically at the results in this chapter we might conclude that detect-
ing partial sweeps of selection using these summaries of the coalescent will not be
an effective, or robust approach to detecting signals of selection in real data. For
both the ML methods and ABC we simplified the inference problem by assuming
that the only parameter that was not known was ¢. This implicitly assumes that
we know the effective population size, and how the population evolved through
time. Clearly, these values will not be known exactly, and whilst we can use differ-

ent methods to estimate these characteristics an incorrect assumption could bias
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the results, e.g. Figures 2.1]- 2.3

These results were compiled two years ago, and in that time a number of papers
have been published that try to make inference on selection using an ABC ap-
proach, e.g. [Peter et al|[2012]. In this paper the authors propose an approach
that uses ABC to both estimate the selection parameter and infer whether the
selected mutation came from a new mutation or from standing variation. Using a
rejection based ABC sampling method |[Tavaré et al., [1997], in conjunction with
a set of summary statistics the authors present their results from both simulated
data and real data. In addition to the statistics in Table the authors propose

using iHS [Voight et al., [2006].

Peter et al. [2012] conclude that their implementation of ABC has little power to
detect the true value of ¢ < 100. When o > 100 the authors show that they can
estimate the true value of o, however like the results in this chapter they show
that the estimates are highly variable. Unfortunately, the quality of their inference
method is difficult to compare with ours as the results that they present in relation
to accuracy of the parameter estimates have no scale. Moreover the authors only

present the results of their parameter inference when o = 400.

This comparison helps to highlight one of the most critical aspects in an ABC
inference; choice of summary statistics. As we mentioned in the introduction, poor
choice of summaries can severely impact the quality and accuracy of the method,
and deciding on the right set of summary statistics has been an important area of
research over the past decade. A number of methods, e.g. Fearnhead and Prangle
[2010] have been developed to help reduce the impact of poor choices by model
fitting. These methods are very promising, however they also introduce additional

tuning parameters, e.g. model choice, which adds additional complexity.

An interesting feature of the [Peter et al.| [2012] method is its ability to distinguish

between models of selection on standing variation and de novo mutations. Whilst



CLASSICAL APPROACHES TO DETECT SELECTIVE SWEEPS 64

this is a useful feature their method only has power to distinguish between the
two models of selection when o > 1000, and when the frequency of the allele at
the point when it became beneficial is sufficiently segregated in population, i.e.
> 10%. Moreover these results were constructed when the allele had reached near

fixation in the population, i.e. f = 95%.

Taking a step back we see that there is a level of agreement between our results and
the approach by Peter et al. [2012], however as discussed direct comparisons are
difficult. These results suggest that while ABC has been shown to be effective in
various population genetic settings, its application to selection has many caveats;
o needs be to be high, and the beneficial allele needs to be highly segregating in

the population; f > 75%.

One could make the argument that alternative summary statistics to those de-
tailed in Table could alter the effectiveness of the inference approach. Indeed
one might also argue that alternative methods by which we assess proximity, or
perform the inference, i.e. alternative ABC algorithms, could make the inference
more efficient. Whilst these are fair criticisms it doesn’t remove the fact that to
make accurate inference using these methods requires knowledge of aspects of the
evolutionary past which can be difficult to establish, i.e. simulating from the true

model is only possible in simulated experiments.



Chapter 3

A Bayesian Chromosome Painting
Approach To Detecting (Genomic

Regions Under Selection

“Essentially, all models are wrong, but some are useful.”

George Box

3.1 Introduction

In the previous chapter we discussed the challenges associated with using the
coalescent likelihood to perform inference on the strength of selection. Whilst this
is a well established challenge in modern population genomics, there are alternative
methods that have been shown to be sensitive to the presence of classical selective
sweeps. Many of these methods focus on finding regions of the genome with
extended haplotype homozygosity (EHH) [Sabeti et al., 2002b, |Voight et al., 2006,

Sabeti et al., 2007, Albrechtsen et al., 2010]. As we saw in Chapter 1, the classical
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model of a selective sweep describes the process by which a mutation arises and
gets swept up to a high frequency significantly faster than one might expect under
genetic drift [Smith and Haigh, |1974]. Haplotypes carrying the selected allele
will tend to exhibit increased linkage disequilibrium (LD) at surrounding sites i.e.
the ‘hitchhiking’ effect |Smith and Haigh| 1974], therefore increasing haplotype

homozygosity further than would be expected by chance [Sabeti et al., 2002b].

Results in [Sabeti et al| [2002b], [Voight et al. [2006], and Sabeti et al.| [2007],
suggest that methods based on haplotype homozygosity decay can be a powerful
approach to detecting signals of selection. These approaches use a range of non-
parametric methods to detect regions of the genome that have extreme values of a
statistic that is sensitive to patterns of variation associated with a classical sweep
[Akey, [2009]. As a result they may not have power to detect alternative modes of
positive selection, i.e. selection on standing variation. In this chapter we introduce
a novel model based approach to determine regions of genome that have patterns

of variation associated with both classical sweeps and soft sweeps.

We begin this chapter by introducing an approximate model that captures the
main features of the coalescent, that has become popular for the analysis of genome
wide variation data. We then show how this model can be used to infer recent
ancestry among a sample of chromosomes. By discussing the impact of selection on
the recent ancestry we show how it is possible to use this model to identify regions
of a genome that have recently, or are currently experiencing positive selection.
Finally, we introduce a simple Bayesian model that quantifies the evidence in

support of a selectively non-neutral hypothesis.
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3.2 HMMs in Population Genetics

The challenge of using the coalescent likelihood in Equation to make inference
on ancestral processes using genomic data is a well known problem in popula-
tion genomics. The added challenge of recombination increases the complexity of
Equation further by allowing the ancestry between haplotypes to depend on

the position in the genome |Griffiths, 1981, |Hudson, 1983].

We showed in the previous chapter that using a Monte Carlo approach also has a
number of significant challenges even in simple settings. To help alleviate some of
these challenges and those surrounding using Equation [1.2] to directly perform in-
ference, a number of methods have been proposed to tackle specific problems, e.g.
recombination rate estimation [Hudson, 2001]. Within the past decade one par-
ticular class of models, Hidden Markov Models (HMMs) have risen to prominence
within the field. The Markovian assumption makes this class of model particularly
useful in population genomics as it allows full likelihood inference to be conducted

using chromosome, or genome-wide variation data.

3.2.1 LSHMM

One of the first uses of HMMs in population genetics was a model proposed by |Li
and Stephens [2003] that still forms the basis of many modern tools in the field,

e.g. [Scheet and Stephens| [2006], Delaneau et al.| [2008], and |Delaneau et al.| [2013]

Rather than approaching the inference problem by approximating Equation
directly, [Li and Stephens [2003] proposed a method that approximated the ele-
ments in the decomposition of the likelihood. Unless otherwise stated we assume
that the haplotypes that we observe are haploid (or phased diploid), such that

they take values in {0, 1}.
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FIGURE 3.1: Schematic showing the general set up in a Hidden Markov Model.

The hidden states are denoted by the II; random variable, and transitions be-

tween these states, i.e. solid arrows, are governed by the transition probabil-

ity distribution, Agf;-rl) = P (I;41 = j|II; = 4). The observed states, denoted

by O; random variables, are emitted from II; by the emission distribution,
EW® (o)) =P (0; = 0|}, i.e. dashed arrows.

Y n,L
For a sample, {Hj(-l)} € {0, 1}”XL, of n haplotypes at L segregating sites the
ij=1

likelihood decomposition can be expressed as follows

L(p,0/H)=P(HY|p,0) P (HDHY, p,0)..P(HMHDY, .. H"Y pg).
(3.1)

To perform inference Li and Stephens| [2003] estimate each element in the product
using a HMM, which they then combine to form an estimate of the likelihood in
Equation [3.1] The authors term this model, the product of approximate condi-
tionals (PAC).

An HMM has two key components; the observed states {Os,...,Or}, and the
hidden states {II;,...,II.}. The hidden states are modelled as a finite state, dis-
crete time Markov chain, with transitions governed by transition distribution,
Agf;rl) = P (II;4, = j|II; = @), with the observed states emitted from hidden states
via an emission distribution, £ (0;) = P (O; = o|I1;) [Rabiner and Juang, 1986].

A schematic for a simple HMM can be seen in Figure |3.1}

The emission and transition densities in the k41" Li and Stephens Hidden Markov
Model (LSHMM), used to estimate P (H**D|HW . H® p §), can be expressed

as follows. Between loci [ and [+ 1, define d; to be the distance, measured in base
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pairs (BP), and r; to be the average recombination rate, measured in Morgans per
BP, and define N, to be the effective population size. # is defined as the mutation
rate, which is often set to Watterson’s estimate [Li and Stephens| 2003]. The

transition and emission densities for k + 1?* LSHMM can then be written follows;

/

o ) oexp (—ndFE) + (1—exp (-ndi3F)) k- ifi =
e (3.2)
~ (1= exp (~nd %)) [k ofw,
() (i) k/(k+0)+30/(k+0) if hl(z') _ hl(k—i-l)
1, 8) - .
| 50/(k+6) ofw.

Note, in this example that the hidden states are the previously observed k haplo-
types, i.e. HY .. H®  As argued by |Li and Stephens [2003] we can consider the
k -+ 1t haplotype as being a mosaic of the previous k haplotypes. As a result, these
distributions imply that as the recombination rate r; increases the probability that
the k + 1** haplotype will stay in the current state decreases. This reflects the
ARG where an increase in the recombination rate increases the number of trees
and decreases the dependancy between adjacent loci. Moreover, an increase in the
mutation rate § implies that the probability the k + 1! haplotype copies from one

of the previous k haplotypes without error will decrease.

The accuracy of this method, as argued by Li and Stephens [2003], depends signifi-
cantly on the accuracy with which it can approximate each element of the product.
By building on previous work, e.g. Stephens and Donnelly [2000] and Fearnhead
and Donnelly| [2001], the authors constructed the transition (Equation and
emission densities (Equation [3.3)), which they argue capture general characteristics

regarding the relationship between haplotypes [Li and Stephens, [2003].
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3.2.2 HMM Inference

Using HMMs to make inference can be very efficient owing to the development
of algorithms that exploit the Markov structure of the model. |Li and Stephens
[2003] describe a particular application of one method, but depending on the type

of inference there are three commonly used algorithms:

e The Forward / Backward [Rabiner and Juang, |[1986] procedure allows cal-
culation of the likelihood and the posterior probability of the hidden Markov

chain occupying any state at any time point.

e The Viterbi [Viterbi, [1967] algorithm infers the most likely path through

the hidden states given the observations.

e The Baum / Welch [Baum, 1972] method infers the transition and emis-
sion probabilities using an algorithm based on the expectation maximisation

principle.

All three algorithms have linear complexity in the number of observations, e.g. po-
sitions in a genome [Durbin, [1998]. This allows HMMs to be applied to very dense
datasets (i.e. genome-wide data) [Scheet and Stephens, 2006, Delaneau et al.,
2008, Paul and Song, [2012, |Zhang), 2013, Delaneau et al., [2013]. Unfortunately,
this linear complexity does not extend to the number of states which, in general,

has been shown to have quadratic complexity [Durbin, [199§].

3.2.2.1 Forward / Backward Algorithm

The Forward / Backward algorithms are used to determine the likelihood of an
HMM given the hidden states and the parameters and either method can be used

to calculate the likelihood [Rabiner and Juang, 1986]. These algorithms use the
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Markov structure of a HMM to construct a simple dynamic programming state-
ment to sum over all possible paths [Rabiner and Juang, [1986]. Often one method
is used in conjunction with the other to sample paths, or find the expected holding

times as in |Lawson et al.| [2012]. The Forward algorithm with notation from before

is detailed in Algorithm

L N Lk
Data: {01 {m}

=1 I=1,i=1
Result: 7+ e {1, k}".
Initialisation (I =0): f; (0) =1, f; (0) for ¢ > 0;
while [ < L do
AUEE NS G DO TUSS vt
end
Termination: P (H*D|HWK v 0) = 37 f; (L);

Algorithm 2: Forward Algorithm adopted from Durbin|[1998] with notation from
Li and Stephens| [2003].

The Backward algorithm with notation as before is described in Algorithm [3]

L Y L.k
Data: {#*V1 " {m"}

=1’ I=1i=1
Result: 7D e {1, .. k}*.
Initialisation (I = L): b; (L) = 1;
while [ > 1 do

) |
b (1) = 5 el () alps 2+ 1)
end

Termination: P (H*D|H!H v 0) = E 2 ef&ﬂ) (hﬁ”) bj (1);
1

Algorithm 3: Backward Algorithm adopted from Durbin [1998] with notation
from |Li and Stephens| [2003].

As noted above, in general, the Backward and Forward algorithms have linear
complexity in the number of positions and quadratic complexity in the number of
states, i.e. O (k?L). In the LSHMM, however, it is possible to use the structure of

the transition probabilities for reduce the complexity of both algorithms to linear
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in the number of states, i.e. O (kL). Define p; = exp (—r;d;2%=), then

AU )ij (i-1)a (3.4)

(k+1) (hZ>ZfJ [-1) [pl 1L (5 )-I—%} (3.5)

:e;9§1+1> (hf)) [pl fil=1)+ (1 —py ij 1—1] (3.6)

Since only the first term in the square parentheses is dependent on ¢, the second
term can be pre-computed at each iteration. As a result, the number of loops

through the states is limited to two, i.e. it has linear complexity in states.

In addition to using these algorithms to calculate the likelihood, or sample paths,
one can combine the values of f; (I) in Algorithm [2] and b; (1) in Algorithm [3] to
determine the posterior probability at each position of the observed state being

emitted from one of the hidden states [Rabiner and Juang, [1986], i.e.

B = ) = R 5.7)

Evaluating Equation is a procedure known as posterior decoding and can be
an alternative inference approach when there are many paths through the hidden
states have similar probability to the most probable path [Rabiner and Juang,
1986].

3.2.2.2 Viterbi Algorithm

Rather than calculating the value of the likelihood the Viterbi algorithm can be
used to decode the HMM and determine the sequence of states through the state
space that maximise the likelihood of the HMM given the emission and transition
parameters [Durbin, 1998]. The Viterbi algorithm determines the most likely

path using the Markovian structure of the HMM and a dynamic programming
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argument |[Rabiner and Juang, [1986]. This means that the Viterbi algorithm,
shown in Algorithm [4] also has linear complexity in the number of positions and
quadratic complexity in the number of states, i.e. O (k?L). However, as in the
Forward / Backward algorithms we can reduce the complexity to O (kL)

L N L.k
Data: {H}k“)} {Hl(’)}

=1 I=1,i=1
Result: 7+ e {1, k}".
Initialisation (I = 0): vy (0) = 1, v; (0) for i > 0;
while [ < L do

V; (l) = 6;:&_,'_1) (hl(l)> man (Uj (l — 1) agfl—l))7

ptr; (i) = argmax; (vj (l—1) agfi_l));

end
Termination: 7T(Lk+1) = argmax; (v; (L));
Traceback (I =L, ..., 1): wl(fjfl) = ptr, (ﬂl(kﬂ));

Algorithm 4: Viterbi Algorithm adopted from Durbin| [1998] with notation from
Li and Stephens| [2003].

3.2.2.3 Parameter Inference

A particular challenge with using HMMs as an inference framework is that of
learning the parameters for the transition and emission probability distributions
[Durbin et al., 2010]. In their original implementation |Li and Stephens [2003]
propose using the golden bisection algorithm developed by [Kiefer| [1953]. Tt is
also possible to use more complex, but potentially more efficient algorithms like
Baum / Welch [Baum), 1972] method, which uses a combination of the Forward
/ Backward algorithms and the Expectation - Maximisation [Dempster et al.|
1977|. These algorithms can be computationally expensive particularly when the
likelihood surface is not log concave. In such settings, it may be necessary to run
the algorithm multiple times, each from a different diffuse initialisation to help

reduce the impact of local maxima.
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3.2.3 Examples of HMMs in Population Genetics

The PAC model proposed by |Li and Stephens| [2003] provided a framework to
describe the variation observed across a genome in terms of the recombination
rate p, and mutation rate 6. Using simulated data [Li and Stephens| [2003] show
that their PAC based estimates of p and 6 were very accurate, however their
original approach was shown to have systematic bias which they correct using
empirical results. Even though this method is based on a HMM structure, the
computational cost of making inference about the variation in p along a genome
is significant. Later more efficient and accurate models were developed to infer
recombination maps across the genome, e.g. McVean et al.|[2004], however it still

forms the basis of a number of different applications in modern genomics.

In addition to estimating the parameters, |Li and Stephens|[2003] describe a number
of potential side applications of their model of LD. In particular they describe how
their model could be used, in conjunction with PHASE [Stephens et al., 2001],
to infer recombination rates, chromosomal phase, and impute missing genotypes

[Stephens and Donnelly, 2003].

Since the introduction of the PAC model many other methods that use a HMM
structure have been proposed. Some are based on the work by i and Stephens
[2003], like the model proposed by Delaneau et al. [2008] which helps to alleviate
some of the challenges surrounding the quadratic complexity of HMMs in the size
of the state space. By fixing the size of the state space this proposal, together
with more recent modifications [Delaneau et al., 2013], allowed the phasing and
imputation of very large sample sizes, and the same time maintaining the accuracy
of the original implementations. Other HMM methods not based on the work by |Li
and Stephens [2003] have also been proposed. For example |Zhang| [2013] propose
using a stochastic state space HMM to simultaneously impute, infer genotype, and

phase raw data from next generation sequencing machines.
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In addition to these applications, the model by |Li and Stephens| [2003] has recently
been used to describe the relatedness between a sample of chromosomes [Lawson
et al) 2012]. The method, termed chromosome painting, uses a version of the
LSHMM, termed the pseudo likelihood (PL) model [Li and Stephens, 2003], to

relate patterns of variation observed in haplotypes to the recombination rate, p.

3.3 Chromosome Painting

The pseudo likelihood (PL) model, proposed by [Li and Stephens| [2003], is con-
structed in a similar way to the PAC model, but rather than relating each new
haplotype to the previously observed haplotypes it relates every haplotype to every

other haplotype, i.e.

n

L(p,0|H) ~ [P (RO, .., ht 3\ {BO} p,6). (3.8)

i=1

In their discussion, [Li and Stephens [2003] argue that the PL model tended to
result in poor estimates of the parameters. Their explanation for such a result is
that the PL model contains information about recombination that occurs in the

most recent parts of the tree and not the tree as a whole |Li and Stephens| 2003].

From Equation we observe that the PL model makes inference about the
parameters by relating each haplotype to the patterns observed in the set of all
other haplotypes. All haplotypes have some degree of relatedness to each other and
in any sample there will exist, for each haplotype, a most closely related haplotype.
As a result, information learned about the parameters will tend to come from
information relating each haplotype to its most related haplotype which tends to
occur in the more recent parts of the tree. [Li and Stephens [2003] propose that if
making inference about the parameters is unimportant in an application then the

PL model may be more applicable.
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FIGURE 3.2: Tllustration of chromosome painting adapted from Li and Stephens|
[2003] and Lawson et al. |[2012]. The top haplotype is ‘painted’ in different
colours representing the five other haplotype. Positions are denoted at circles,
with white or black filling depending on the allelic type. We assume that these
are phased chromosomes. At the first two positions, the h; haplotype ‘copies’
from the hg haplotype, this suggests that, in this realisation, over this section
of the region, these two haplotype are more related to each other than the rest
of the sample, i.e. they share a more recent ancestor. At the next block the hq
haplotype switches and ‘copies’ from the hg haplotype.

Lawson et al.|[2012] use the PL model as a way to describe the how the pattern

of most closely related haplotypes varies across a genome, i.e. ‘paint’ or ‘colour’
a haplotype based on it’s most closely related ancestor in the sample. The colour

of each painted chunk in the genome indicates the most closely related haplotype

for the length of that chunk [Lawson et al., 2012]. Figure [3.2 shows a schematic

of the painting procedure for one haplotype.

The painting algorithm estimates that at position one, haplotype one, hy, is most

closely related to haplotype six, hg. As one moves along the genome, the painting

algorithm switches to haplotype eight, hg. [Lawson et al.|[2012] argue that a switch

in a painting corresponds to some ancestral recombination event which changes
the ancestry at that position. From previously published results we know that,

due to recombination, the structure of the tree relating a sample of haplotypes

will change along the genome |Griffiths| 1981} [Hudson), |1983].

An important result is that under these models the number of recombination
events, in expectation, is proportional to the time for two chromosomes to find

a common ancestor. Therefore one can use the number of recombination events
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between two chromosomes as a proxy for the height of their phylogeny. Using the
procedure in Figure [3.2] one can estimate the number of recombination events be-
tween two haplotypes by counting the number of switches in the sampled painting.
By repeating this across sampled paintings and haplotype pairs one is able to con-
struct a dissimilarity matrix that estimates the number of recombination events
between any two haplotypes in the sample. |[Lawson et al. [2012] term this the
‘co-ancestry’ matrix which they use in conjunction with a Bayesian classification

method to cluster individuals into population groups.

3.3.1 Local Ancestry

We decided to establish how well this chromosome painting procedure captures
changes in recent ancestry. We simulated a neutrally evolving 2Mb region with
200 haplotypes, and at each position, for every haplotype, we used the simulated
phylogeny from msms to determine the time to coalescent for each haplotype pair.
For a full description of the parameters used refer to at the beginning of
Chapter

As we discussed above, chromopainter |[Lawson et al., 2012] uses sampled paintings
to estimate the amount of genetic information two haplotypes share across the
genome. This is a useful genome wide summary, however it is not possible to use
this expectation to locally paint haplotypes as the painting is unlikely to be a valid
path through the state space of the HMM. Therefore to find a painting that is a
summary of the distribution we can determine the probability of each painting
and choose the one that maximises it across the whole region. An efficient way of

doing this is to use the Viterbi algorithm [Viterbi, 1967].

We applied both of these painting techniques to the simulated dataset. We used
the latest implementation of chromopainter to sample 100 paintings for every

haplotype, and our own implementation of the Viterbi algorithm to determine
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FiGURE 3.3: Each plot shows, for a given haplotype, the changes in the time to
coalesce with its most closely related ancestor across this region. The solid black
line shows how the true time to first coalescent event changes across the region.
The green line shows the time to coalescence for the pair of haplotypes identified
by the Viterbi algorithm. The red line shows the time to coalescence for the pair
of haplotypes identified by the mode of the sampled paintings, taken at each
position. The blue vertical lines shows the proportion of sampled paintings
that switch at that position. The alternate shading identifies the boundaries of
switches in the most likely painting.

the most likely painting. Figure |3.3| shows how these two painting procedures are
related to changes in the time for a haplotype to find common ancestor across the

simulated region.

We observe from Figure that in our simulations, both the most likely painting
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and sampled paintings appear to identify the majority of changes in the ancestry;
on average sampled paths identify the closest ancestor, across all haplotypes, at
73.0% of SNPs, and at 77.4% of SNPs for the most likely painting. While the
sampled painting method is more accurate at determining the number of recombi-
nation events, we observe that for 75.5% of haplotypes the most likely painting will

correctly identify the closest ancestor at more SNPs than the sample paintings.

As one might expect, there also appears to be a trend for longer painted lengths
to lie on sections of a haplotypes DNA that have shorter time to common ances-
tor. This follows from the discussion above; under the coalescent, the number of
recombination events that can occur is governed by a Poisson process with rate
proportional to the height of the phylogeny, therefore reduced time to common
ancestor implies that, in expectation, fewer recombination events can occur [Hein
et al., 2005]. As a result the ancestry will remain constant for much longer if two

haplotypes have a more recent common ancestor.

We decided to explore this further by looking at the lengths of the most likely
painted chunks related to the time for a haplotype to coalesce with its painted
pair. Figure [3.4] shows the length of a particular painting described in terms
of recombination distance, i.e. X, = 2N.r,x, upstream, and Xy = 2N.rqxq
downstream, where x, the distance in number of positions and r, is the average

recombination rate over this region.

The total length of the chunk is expressed as D = X;+ X,,. Wiuf and Hein| [1999)
showed that given the height of the ancestry, ¢, at a position, the distance, in units
of the recombination rate, until the first recombination event is governed by an

exponential distribution, e.g.

P (X, > z|t) = exp (—at). (3.9)
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X SNP, X

D=X,+ X,
F1GURE 3.4: Tlustration of how the lengths of a contiguous painting relates
to the underlying recombination events. Using the same chromosome painting
schematic from above, we focus on one contiguous painted segment at SNP i,
of length D. From position 7 it is X, recombination units long upstream, and
X4 downstream.
Using this description, and assuming that the probability of a recombination event

is independent of the direction from the position of interest, we can describe the

distribution of D

P (D € (d,d+ 8d) |t) = tdexp(—td)sd (3.10)

Therefore, in expectation we find that,
2
E(D|t) = n (3.11)

We then produced a scatter plot of the empirical values of most likely painting

and the corresponding time to common ancestor, and overlaid it with Equation

3.11] Figure

As expected there is a strong relationship between the theoretical derivation of
Equation [3.11] and the empirical observations. We observe that the fit appears

to be closer to the empirical observations at more recent ancestries. Above a
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Comparison Between Time to Common Ancestor and Length of Viterbi Chunks
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FIGURE 3.5: Heatmap showing a two dimensional kernal density estimate of

a scatterplot between the time to common ancestor for a painted pair and the

corresponding length of the painted segement. Bright yellow indicates high

density, and dark red indicates low density. The blue line shows the theoretical
relationship E (D|t) between the two quantities.

log,, coalescent time of —2 we observe that there is a bias towards longer painted

lengths. This might be as a result of the challenge of using the PL model to make

inference. As noted by |Li and Stephens| [2003] the PL model performs poorly when

trying to estimate parameters as it uses information contained in the tips of the

tree.

The results presented in Figure [3.5 appear to suggest that we can use the in-

formation contained in the distance between breaks in the painting as a proxy
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for distance between recombination breaks. This combined with Equation |3.11
implies that the lengths between breaks in the painting can be interpreted as a

function of the time to common ancestor.

3.3.2 Natural Selection

From theoretical descriptions of coalescent models under selection we know that
the effect of a positive selective sweep is to reduce the time to common ancestor
among those haplotypes carrying the beneficial allele [Coop and Griffiths| (2004}
Prezeworski et al., 2005]. Therefore, for those haplotypes carrying the selected
allele, we would expect to observe longer distances between recombination events
at the selected loci. From the results presented above we would therefore expect to
see, at the selected loci, longer painted lengths for those haplotypes carrying the
selected allele, and shorter lengths for those haplotypes carrying the alternative

allele.

Using the same approach as in previous sections we used the simulation tool msms
[Ewing and Hermisson, 2010] to simulate genetic variation from trees that expe-
rience both classical sweeps and soft sweeps at different strengths of selection o.
For a full description of the parameters used refer to at the beginning of
Chapter

As depicted in Figure |3.6] we calculated the lengths of most likely painting for
those segments that cross the selected position. Using the selected allele we bi-
partitioned the haplotypes and calculated the ratio of the median lengths of the
most likely painted segments under the derived and ancestral allele. We would
expect to see significantly longer lengths on the derived background relative to the
ancestral background, i.e. in the distribution of the log ratios we should see a skew

towards positive values. The distributions of ratios can be observed in Figure [3.7]
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FIGURE 3.6: Ilustration of how chromosome painting can be used to detect
positive selection. (A) A haplotype is painted in according to who it is most
closely related to at each position in the genome. (B) Using the lengths of
the painting for each haplotype in the sample at SNP; we bipartition them
according to the allele that that haplotype carries at that position. To assess
the evidence for selection we calculate the degree of association between long
lengths and carrying a particular allele. Positions are denoted by circles with
variants identified by colouring them black and white according to the allele
that they carry.

As expected we observe a significant skew towards positive values on the derived
allelic background relative to the ancestral background as the strength of selec-
tion increases. Reflecting the fact that individuals carrying the selected allele, in
expectation, will coalesce much more quickly relative to those evolving neutrally.
As a result they will tend to have fewer recombination breakpoints and longer
painted segments. It is interesting to observe that the change across o in larger
frequencies appears to be slightly more pronounced than those observed at lower
frequencies. This is because at the ends of the frequency spectrum there will be

fewer observations in one of the alleles therefore the variance will increase.
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FiGure 3.7: Each plot shows, for a given population frequency, the changes

in the distribution of painted chunk length between the derived and ancestral

alleles for different values of 0 = 2N.s. The top row shows the effect of classical

selective sweep, and the bottom row shows the effect of a soft sweep. For n = 200
haplotypes, and 250 repetitions.

We also observe, in Figure [3.7] that the distribution of ratios for neutral evolution
are slightly biased towards positive values. One explanation for this is that the
time in the ancestral tree under the derived allele will be shorter than the time
under the ancestral allele. Following the logic from above the lengths for those
individuals carrying any derived allele will likely be marginally longer than those
who carry the ancestral allele. Indeed this will likely change depending on the

frequency of the allele, as younger alleles will tend to have lower frequency under

neutral genetic drift.

The results above appear to suggest that it might be possible to use these painting
techniques to detect regions in which a subset of the individuals have shorter coa-

lescent time relative to the average coalescent time. Such patterns are indicative
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of positive selection however we have to be careful as such features could be ob-
served by population structure or alternative models of demography [Sabeti et al.|

2002).

In summary, we have shown in this section that;

1. Chromosome painting appears to be able to reconstruct the most recent

parts of the underlying ancestral tree.

2. Empirical and theoretical results suggest that lengths between switches in
the painting appear to be linked to the time to common ancestor between

that pair.

3. Comparisons between the lengths of painted segments at a selected site, in
simulated data, appear to be sensitive to both classical sweeps, and soft

sweeps.

3.4 A Bayesian Test of Selection

Using the distribution of lengths of painted segments between bi-partitions of the
haplotypes based on allelic type is similar to the approach that methods like iHS
use to detect selection [Voight et al., |2006]. This similarity extends to the fact
that long chunk lengths in one allele suggested increased linkage disequilibrium,

or extended haplotype homozygosity.

The ratio of median lengths between the alleles might be sensitive to the presence
of selective sweeps, however it will not be able to take into account the variation
in lengths on either background, nor will it be robust to heterogeneous related-

ness among samples. Therefore, rather than looking directly at the differences in
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lengths we construct a Bayesian parametric model to test, at every locus, for asso-
ciation between chromosomes carrying a particular allele and having long painted

segment.

3.4.1 Long Lengths

The length between changes in a painted chromosome appears to be a good approx-
imation to the changes in the underlying recent ancestry, however as we observed
above it not an exact relationship. Therefore we require that the test of associa-
tion be sufficiently calibrated to reduce false positives whilst remaining sensitive

to signals of a selective sweep.

There are a number of factors that might increase the false positive rate:

e As observed above, under neutrality the lengths of the painted chunks will
be longer under the derived allele compared with the ancestral allele, as the

derived allele will be younger.

e Variable recombination rates, will mean that switches in a painting will be

more likely in certain parts of the genome than others.

e Alternative demographic histories, or cryptic relatedness; e.g. exponential
expansion and bottlenecks will also change the distribution of lengths. For
example an exponential expansion will increase the rate of coalescent events.
This will reduce the average time to common ancestor across the genome

which will increase the average distance between switches in the painting.
e Population structure will increase painting switches, between haplotypes

from different populations, and decreases those within.

The last point is what Lawson et al.| [2012] rely on to perform inference on popula-

tion structure, however it will change the distribution of lengths within haplotype
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pairs, which is a challenge for using the lengths to detect selection. To help al-
leviate this effect, and alternative ancestries we propose calculating a posterior
probability that any painted segment is long when compared to its average length
across the genome. This will enable us to make direct comparisons between the

lengths across haplotypes at a single position.

To alleviate confounding effects of variable recombination rates we use genetic
maps to calculate the length of the painted chunks in units of genetic distance.
This has the effect that long painted segments that cross a recombination hotspot
will be up-weighted and a long chunk that occurs in a recombination cold-spot
will be down-weighted due to the lack of recombination events. We would expect
haplotypes to recombine more quickly in a recombination hotspot, therefore the
fact that we observe painted lengths that cross this region might indicate that the
ancestry for these haplotypes is much shorter. Note that we assume that genetic

maps are accurate, and not biased by selection.

To construct the posterior probability that a painted length is long, we assume that
the lengths are exponentially distributed with particular genome-wide average.
The justification for this assumption relies on the fact that we know that in a
discrete state, discrete time, Markov chain the holding times are geometrically
distributed [Norris, |1998]. Since lengths are measured in terms of the genetic map
then a continuous approximation to the geometric distribution, i.e. exponential

distribution may be appropriate.

To check whether the exponential assumption holds in practice we constructed
most likely paintings for every haplotype in a sample of 170 CEU haplotype us-
ing phased sequence data from the 1000 Genome Project [1000 Genomes Project
Consortium et al., 2012]. For a full discussion about this data please refer to Data

in Chapter 5.
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FIGURE 3.8: Results from analysis of painted lengths from a sample of 170 CEU
haplotype using phased data from the 1000 Genome Project [1000 Genomes
Project Consortium et al.l 2012]. (A) and (B) show two quantile-quantile plots
for two random pairs of haplotypes. The theroetical quantiles are determined
by simulating lengths from exponential distribution with mean equal to the
empirical mean of the chunks. (C) and (D) show the difference between the
quantiles across all pairs and lengths. (E) plots the average length of a chunk to
the number of switches within each pair of haplotypes. The points are coloured
according to whether we would reject the null hypothesis of being exponentially
distributed.
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We ran our painting algorithm on all polymorphic loci in this sample and de-
termined the distribution of chunk lengths for each pair of chromosomes. For
every pair, using Kolmogorov-Smirnov (KS), we compared the empirical cumula-
tive density function with the expected, and tested whether the chunk lengths are

exponentially distributed with mean equal to the empirical mean of the chunks.

Figure shows the results of the analysis. Any distribution that we try to fit to
these lengths will be incorrect, however the results suggest that the exponential
distribution appears to work in practice, i.e. for smaller lengths the quantiles
appear to agree. We observe from the top two panels in Figure that there
appears to be a skew at the upper tail of the distribution, i.e. the true empirical
distribution appears to be heavier tailed than the exponential distribution. Whilst
not satisfactory, the fact that difference between the quantiles appears to be greater
at larger values of painted lengths isn’t a significant problem. The effect of this

difference will be to inflate the probabilities for very long lengths.

Overall, these results suggest, with a 5% false positive rate, we do not reject the
null hypothesis for 94.6% for pairs. For those pairs that do not pass this criteria,
i.e. the red observations in Figure 3.§(E), we observe that they have on average
20% shorter chunks, and 1.9 times as many observations. Therefore it would
appear pairs with short, but frequent, chunks do not behave exponentially. Since
the chunks have low variation about their mean they will unlikely to be a problem

as they will not contribute significantly to the test of association.

3.4.2 Description of Posterior Distribution

Under the exponential assumption it becomes possible to analytically calculate
the posterior probability of a chunk being long. Define v; (k) to be the value of the

most likely painting for the 7*" chromosome at the k' position, and suppose that
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the length of the chunk that overlaps this position is l,(:). Assuming that the dis-
tributional approximation holds, we can model ll(f) , as an exponential distribution

with expectation a.
l,(:) ~ Exp (l,@\a) . (3.12)

Define p; (k) to be the expected value of l,(:) across the genome. Then, for every

length, we wish to compare the following hypothesis;

HY o= i (3.13)

H{i) DO < (k) - (3.14)

Define py, = P (a = ,ui,w(k)) to be the prior probability that a length is normal
then under this exponential assumption we can calculate the corresponding pos-

terior probability,

1= =P (0= i) o pinP (10 = pin ) (3.15)
_l(i)
— P exp E]. (3.16)
i w; (k) i v; (k)
i v, (k)

To calculate the probability that a length is long, i.e. == < 1, we introduce a
dummy variable A such that Ao = p; ). We set the prior of A to be Uniform (0, 1)
so that it is defuse and conjugate. This assumption stems from the fact that we
wish l,(f) to be the principle factor in determining whether it is long relative to its

mean fi; ., k). 1f we define py, =P (a > m,vi(k)) then we can calculate the posterior
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probability under H; as

=P <a > pi7vi(k)|ll(f)> X p, P (l,(j)|a > Ni,vi(k)> (3.17)
1
(i) __A
=pu, [ Exp || P (d\) (3.18)
0 ,ui,vi(k)

1 i Y
= pm, / Exp <lkz)| )d)\
0 /J/i,vi(k)

= pm, / A exp{ —A—=E dA
i (k) Jo Hiv; (k)

= PH,—— 2/ Gamma | A2, —& d. (3.19)
(l,i“) 0 Wi v (k)

Together these distributions allow one to determine the posterior probability that

any length is long, by accounting for its expected length across the entire genome.

To see the effect of assuming this distribution in practice, we looked at the pos-
terior probability as a function of the observed length l,(f). By setting the prior

probabilities py,, and pgy, to be %, we can write down 7; in terms of \.

) Gamma (32, 4)d3
i ()\) B 22 fol Gamma (5"2’ i)dj\ exp (_§>

(3.20)

As you can see Equation is not depend directly on the average length only
on the observed inflation \. Figure shows the values of Equation across a

range of inflation levels.

As expected, Figure [3.9) shows that as the inflation factor increases the posterior
probability increases, and is invariant to the mean length. This is a crucial feature
of the model which, as we will show in Chapter 4, makes the method more robust

to alternative ancestries like population structure, and demographic histories.



ABACUS 92

Effect of Average Length of the Posterior Probability
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FIGURE 3.9: The posterior probability that a length is long as a function of the
inflation factor A, and average length p; ,,(x). This function is calculated using

Equation

3.4.3 A Test of Association

Using posterior distributions from before we can establish whether there is asso-
ciation between long lengths in one allele and normal lengths in the other. One
way to do this is to construct a logistic model where the outcomes are the allelic

type, g; € {0, 1} and the predictor is normal or long chunks, 6; € {0, 1} which we
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observe with posterior probability (m;, 1 — ;) respectively, i.e.

Therefore to perform this Bayesian association test, we compare the following

hypothesis,

Hy:B=0 (3.22)

Hy: B #0. (3.23)

Assuming conditional independence between the observations the likelihood for

this model can be expressed

L (1, 810,G) = [ [P (gil6, . B). (3.24)
=1
where P (g;]0;, p, 8) = p (6:)" (1 — p(ei))(l_gi)7 and

p (6;) = logit™ (1 + 56;) . (3.25)

Since we do not observe 6;, we must marginalise over the uncertainty in 6;, i.e.
the posterior probability, m;, that an individual is long which we calculated before.

The likelihood can therefore be rewritten as

L (p, BI1L, G) :H (gil6; = 1, p, B) mi + P (g0 = 0, , B) (1 — m)].  (3.26)
i=1

To calculate the Bayes factor for the above test of association we must marginalise

Equation [3.26| over p and ( using their distributions according the hypothesis, i.e.

P (H> G‘Hl)

B (IL, G| Ho)’ (3.27)

BFH1 V.S. Hy —
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where, assuming independence between p and f3,

P (I1, G| H)) / / i, B, G) P (u| H)P (B1H;) 6udB.  (3.28)

We follow the argument in Marchini et al.| [2007] and set the priors for  and (5 to
be Gaussian with mean 0 and variance 1. We chose these based on the fact that
they contain limited prior information and allow the likelihood to dominate the

posterior inference.

In Equation [3.21] 3 is the size of the effect of the association. In simple settings
the model described by Equation is analogous to a contingency table of counts
[Casella and Berger| 1990]. Considering the contingency table, at low frequencies
under one allele, there will reduced counts in one bin compared with the others.
In these settings, therefore, the power to detect presence of patterns of variation
associated with selection will be lower. We observe this effect in simulated data

in Chapter 4, and it is an inherent feature of these types of association tests.

3.4.4 Laplace Approximation of Marginal Likelihood

Calculating Equation analytically is non-trivial due to the form of the likeli-
hood in Equation [3.26} it is difficult to find conjugate priors for the parameters.
There are a number of potential Monte Carlo solutions to this problem, how-
ever they can be computationally expensive. If the likelihood is well behaved, an

alternative approach is to use a Laplace Approximation.

The Laplace Approximation [Barber] 2012] is a method to approximate a marginal
likelihood by performing a Taylor expansion, which can often be expressed as Gaus-
sian kernel. This approach can be very efficient particularly when the likelihood

is unimodal and log concave. To use a Laplace approximation it is necessary to
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calculate the score and information matrix for the likelihood in Equation [3.28]

These are detailed in explicitly Appendix [A]

Using these together with their null model counterparts, we can estimate the
maximum a-posteriori (MAP) estimate for v = (u, 8) under both models; 9y, ,
and 7p,. This can be done a number of ways but we chose a Newton-Raphson

based hill climbing approach [Barber| 2012].

Our results suggest that this method converges very rapidly (< 5 iterations) to
a stable estimate of the parameter. Following the discussion in Marchini et al.
[2007] we use the Laplace approximation to approximate the marginal likelihoods

under the null and alternative

. N 1 .
log [P (11, G| Ho)] ~ 1 (F11,) + 108 P (fursy | Ho) — 5109 [T (10| (3.29)

. 5 . 1 .
log []P (H7 Glﬂl)] ~ (’YHI) + IOgP (5H1|H1> + IOgP (:U’H1|H1) - §log |]H1 (’YH1)|

(3.30)

Combining the posterior probabilities and the test of association allows one to
accurately estimate a value of the Bayes factor of association at every position in

the genome.

In conclusion, we have set out, in this section, a model which we believe to be
sensitive to positive selective sweeps, and robust to alternative ancestries. Over
the course of the next two chapters we shall demonstrate this model’s utility in a
variety of simulated and real situations. Finally, methods in genetics often have
a simple acronym that describes the key feature of the model, e.g. extended
haplotype homozygosity (EHH) [Sabeti et al., 2002b|, or integrated haplotype
score (iHS) [Voight et al., 2006]. The construction of this model has motivated
us to refer to it as ABACUS - A Bayesian Chromosome painting approach to

detecting regions Under Selection.
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3.5 Discussion

We set out at the beginning of this chapter to describe the development of this
model and discuss the more technical aspects that make it capable of detecting
classical sweeps and soft sweeps. We began by describing the background to the
model, e.g. [Li and Stephens| [2003] and how it has been used in a number of other
applications in populations genomics. We then showed how one application of the
method, namely chromosome painting can be used as a way of making inference
on how the relationships between the haplotypes change across the genome by

looking at the most closely related ancestors.

We proposed that the lengths of this painting procedure could be used to detect
regions of the genome where a subset of the haplotypes are more related over a
longer continuous segment of genetic sequence than one might expect given the
rest of the genome. Moreover we showed that this approach was sensitive to both
classical sweeps and soft sweeps. Using this information we proposed a novel
and efficient Bayesian model which calculates the probability that one allele is

associated with increased relatedness relative to an alternative allele.

At the beginning of this chapter we detailed three of the algorithms that we have
explored in relation to HMMs. We argued that in some cases it may not be
appropriate to use the Viterbi algorithm as a summary of the HMM especially
when the distribution over paths through the hidden states is flat. To alleviate
this challenge we explored a range of alternative inference techniques that would
allow us to accurately detect variation associated with selection. Two of the models
that we explored were also sensitive to classical sweeps and soft sweeps, however
like ABC it proved to be a very computationally expensive method which would
not scale to current datasets. In the final chapter of this thesis we detail these

methods under the future work section.
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The chromosome painting model is an approximation to the underlying recent an-
cestry, therefore it is necessary to construct a test of association that is sufficiently
calibrated to reduce false positives whilst remaining sensitive to signals of a selec-
tive sweep. For this reason we decided to not look at the raw lengths but construct
a posterior distribution that established the probability that a chunk length was
long. We shall show in the next section that this makes the model more robust to
alternative demographies, and population structure, whilst still being sensitive to
selective sweeps. Another effect of this model is that it will give each haplotype

equal weight in determining whether there is evidence of selection.

An alternative approach to using the empirical mean of lengths within a haplotype
pair to construct the genome wide average would be to treat it as a hyper parameter
with a prior centred on the empirical mean. Equally, rather than calculating the
posterior probability that each haplotype has a long length one might consider
calculating the posterior probability that all haplotypes carrying one allele have
long lengths. These approaches might increase the power of the model to detect

selection, particularly on rare variants.

The test of association is an essential part of the model as it allows us, together
with the posterior distributions on lengths, to probabilistically establish the evi-
dence that a region exhibits patterns of variation associated with a selective sweep.
Unlike alternative methods, e.g. iHS [Voight et al., 2006] we make no distinction
between the ancestral and derived alleles. Whilst this increases our applicabil-
ity to new datasets it is also a disadvantage as derived alleles are by definition
‘younger’. As we observed, this has the effect that low frequency derived alleles
have longer lengths relative to the ancestral allele. We show in the next chapter
that this doesn’t appear to be a significant issue, however it is something to bare

in mind for future work.



Chapter 4

Model Validation and Power to

Detect Selective Sweeps

“Everything that can be counted does not necessarily count; everything that counts

cannot necessarily be counted.”
Albert Einstein

In the previous chapter we introduced a novel Bayesian approach to detect regions
of the genome where a subset of the haplotypes exhibit patterns of variation asso-
ciated with positive selection. In this chapter we focus on applying ABACUS to

simulated data and calculating its power to detect selective sweeps.

We begin by looking at the distribution of log,,BF values calculated when ABA-
CUS is applied to neutrally evolving populations, and comparing it to the dis-
tribution of log,,BF when ABACUS is applied to samples from some models of
structured populations, and alternate demographies. Using existing techniques;
iHS [Voight et al., 2006] and H,s |[Garud et al., |2013|, we compare the power of
all three approaches to detect both classical sweeps, and soft sweeps across a wide

range of population allele frequencies, f, and strengths of selection, o.

98
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We conclude that, in the scenarios we consider, the distribution of ABACUS ap-
pear to be largely stable when it is applied to samples from alternate demographic
histories, and structured populations. Moreover, when comparing its power to
detect selective sweeps we show that it tends to perform as well as iHS and His
in classical sweeps across a wide range of allele frequencies, and has considerably

more power to detect soft sweeps.

4.1 Methods

In this section we describe the methods that were used to perform the simulation
experiments. We begin by detailing the coalescent simulator and the parameters
used to generate the data. We then carefully describe the procedure by which we

calculate power for the three methods.

4.1.1 Data Generation

As with previous chapters we used the coalescent simulator, msms |[Ewing and
Hermisson|, 2010] to efficiently simulate genetic variation datasets in parallel. Un-
less otherwise stated, each dataset in this chapter is simulated on a 2Mb region
for 200 haplotypes in conjunction with the estimates of effective population size
N,, mutation rate 6, and recombination rate r from in Chapter 2. These
parameter values were chosen to reflect the average variation observed in humans.

Note that we assume that the recombination rate is constant.

When looking at the effect of selection on the statistics we construct regions as
before except now there is a single selected locus which we assume occurs at 1Mb
(i.e. in the middle of the region). The software allows us to change the strength,

current day frequency, and mode of selection.
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As described in Chapter [I] we simulate soft sweeps by following [Pennings and
Hermisson| [2006], Messer and Petrov| [2013], and (Garud et al. [2013] and allow
recurrent mutations from the ancestral allele to the derived allele at the selected
site. By allowing this type of mutation it helps us to understand the effect of soft-
sweeps on the power of the statistics to detect selection using the same parameters

that were used to simulate classical sweeps.

It is argued by |[Messer and Petrov [2013] that the patterns of variation observed by
simulating soft sweeps in this way, i.e. recurrent mutations, are similar to those ob-
tained under standing variation. Since it is difficult to establish whether this holds
across all possible scenarios, we decided to simulate regions under standing varia-
tion in addition to the recurrent mutation simulations from above. The challenge
with this, however, is that the simulation software msms |[Ewing and Hermisson,
2010] is not capable of conditioning on the current day frequency. Therefore de-
termining the power of the methods within frequencies is difficult. We decided to
focus on o > 250, and fix the frequency at the start of the selective pressure to be
5%. By varying the age of the selective pressure we are able to simulate regions so
that the distribution of current day frequencies, at the selective allele, in 5% bins,

is approximately even.

In addition to looking at the sensitivity of the model to detect selection relative to
other methods we investigated the effect of alternative demographic histories on
the distribution of the metric. As with Chapter 2 we focus on two types of vari-
able population size models described in Figure [1.6; a population experiencing a
bottleneck lasting 800 generations, with instantaneous current day recovery, and a
population experiencing exponential expansion 1000 generations ago. For the bot-
tleneck we looked at the effect of reducing the effective population size during the
bottleneck: {50%,25%, 10%,5%}. For the exponential expansion we looked at the
effect of changing the growth rate o = {27.7,55.5,92.1,184.2}, which is equivalent

to the size of the population at the start of the expansion of {50%, 25%, 10%, 1%},
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respectively. Separately, we also simulated samples which are taken from a struc-

tured, two population, model.

Finally, we decided to look at the effect of recombination hotspots on the dis-
tribution of the Bayes factor of association. msms [Ewing and Hermisson, 2010]
is unable to simulate regions experiencing variable recombination. Therefore we
used the program msHot [Hellenthal and Stephens, 2007] to simulate recombina-
tion hotspots of varying strength, \: the ratio of the average recombination rate
inside and outside the hotspot. Due to the computational complexity in simulat-
ing these regions we limited our attention to simulating a 200Kb region with a
single recombination hotspot with A = {1,2,5,10} spanning 10Kb in the centre of

the region. We repeated the simulations 100 times.

4.1.2 Estimating power

Define X to be the statistic that we wish to calculate the power for. Then for
a given pair of hypotheses, and false positive rate, «, power is formally defined
as p = P(X > H{|H,), where H§ is the o quantile of the null distribution, i.e.
P(X > H§|Hy) = . Note that we are assuming that larger values of X suggest
departures from the null. Analogous versions can be constructed for two-sided
and other one-sided tests. Figure provides a helpful schematic showing the

relationship between the null and alternative distributions, and power.

While power is a frequentist principle it is possible to use it in a Bayesian setting
by treating the log,,BF as a statistic. Suppose want to test the hypothesis that a
SNP is selectively neutral, or under positive selection. Parameterising the strength

of selection as 0 = 2N, s, i.e. the population scaled selection rate, we test at each
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| H§

FIGURE 4.1: Schematic diagram showing how power is related to the differ-

ence between the distributions of Hy and Hi. The blue area represents the

distribution of Hy, and the yellow area represents the distribution of Hy. The

vertical dashed line represents the upper o quantile of Hy, i.e. H{. Power is

then specified by the ‘red’ area, i.e. the area under the alternative distribution
greater than the null critical value.

SNP

Hy:0=0

H;:0>0.

If the distribution of the statistic, X, is known under both the null and alternative
hypotheses then calculating power is theoretically straightforward. In the case
of the models under investigation it is not possible to analytically determine the
distribution of the statistics. Therefore we use Monte Carlo simulations to estimate

the power.

To estimate power using a Monte Carlo approach, we obtain samples from the
distribution of the given metric under the null hypothesis. By ordering these
samples one can estimate H§ by taking the value of the top a%. Then for a fixed
number of simulations under the alternative hypothesis one would determine the
proportion of metrics that have a value greater than the estimated « critical value.

Note in all the experiments in this thesis we chose a = 0.05.
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The distribution of some of the methods e.g. iHS and ABACUS are affected by the
frequency of the derived allele. Therefore to avoid potential confounding factors
we construct null and alternate distributions within frequency bins. One of the
challenges with this approach, however is generating enough observations under
the two models. To help alleviate this issue we decided to simulate the null by
assuming that the selection coefficient of the derived allele was small. This allowed
us to guarantee a fixed number of observations at specific frequencies under each
null. As such we simulated null distributions setting o = 1 x 1073, which results
in a selective advantage at each generation s = 5 x 107, which we assume to be

negligible.

Note that we constructed separate null distributions under classical sweeps and soft
sweeps. We could not do this for standing variation simulations for the reasons
mentioned above, therefore we used the soft sweep null as a comparison. See

Appendix [B] for examples of msms code for each simulation.

4.1.3 Calculating metrics in simulated data.

One of the challenges that we had in calculating ABACUS in simulated data was
the sparsity of the region wide matrices that are used to determine the average
length of a chunk for a pair of haplotypes. Since the regions over which we calculate
the Viterbi paths are relatively short (~ 5000 segregating sites), the number of
switches in painting is quite small therefore the resulting matrix can be quite

sparse.

To resolve this we decided to determine the average length that two haplotypes
share an ancestry across all pairs of haplotypes and simulations from the null. This
value was then used as the ‘genome-wide’ mean length for all null, and selectively

non-neutral evolutionary scenarios irrespective of chromosome labels. This is a
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valid procedure as we know in simulated data the exact ancestry of the sample

and in selectively neutral simulations the haplotype labels are interchangeable.

To calculate iHS we used the R package rehh, which in addition to calculating the
unstandardised iHS score (ulHS), allows one to characterise the decay of EHH.
We note that like ABACUS, iHS is based on bi-partitioning the alleles at each
SNP and making relative comparisons between the two groups. However, unlike
ABACUS, iHS makes a one way comparison between derived and ancestral alleles;
an effect of standardising and taking the absolute value is that it will increase the
clustering of the statistic at sites close to the selected allele [Voight et al., 2006].
We focus on the distribution of the statistic at a particular site, and construct
it so that the derived allele is always the beneficial allele. Since a signature of
a selective sweep is extended homozygosity on haplotypes carrying the beneficial
allele we would expect to see large negative ulHS values. Therefore rather than
calculating iHS we focus our attention, at least in simulated data, on comparing

ulHS within frequencies.

To calculate Hyo we follow the discussion by (Garud et al. [2013] and centre a 401-
SNP window over the selected site. Then using R we calculate the frequency of
each haplotype, within this window, in descending order, i.e. p; is the i"® most

frequent haplotype. His is then calculated

Hiy = (;m +p2)2 + ZP? (4.1)

i>2

4.2 Metric characteristics under neutrality

Before we look at the power of the model to detect selection it is important to
determine the characteristics of each metric under selectively neutral evolution.

The data for this section was generated as discussed in the Methods section. We
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calculated the distribution of the three statistics at specific frequencies. Within
each frequency bin we simulated 1,000 regions and calculated the three metrics,

as discussed above. Figure shows the resulting distributions as box-plots.

BF ulHS H12
L] L] L]
6-
L]
. 3
3- . .
I e i 0.04 -
! . H ! 3 .
.
° o 3- T . o 3
. 5 [ . .
2- H [} e ° o « °
o s : ¢ . . . I o=
& I . 0 0 o o HE o @
: . » « ® o s ao003- o 8 « ° ] Y
2 . ¥ ' < - T R l [ ] s
o b S 0- . T i i : H HEN
_1 L] : . L] l l
s L] L] . °
3 [} *
. HI ] l 0.02-
3- ® o o .
0- ) 1y
L] ' .
s : ] " .
. H ¢ .
L] Y ,
Y . 0.01 -
1 1 1 1 1 1 I 1 1 767 1 1 1 I I I I 1 1 1 I 1 1 I 1 1 1
5 10 20 40 50 60 80 90 95 5 10 20 40 50 60 80 90 95 5 10 20 40 50 60 80 90 95
Frequency (%) Frequency (%) Frequency (%)

FIGURE 4.2: Box-plots showing the distribution of ABACUS, ulHS, and Hi»
applied to populations experiencing neutral evolution, across a range of derived
allele frequencies.

We observe in Figure 4.2 significantly different characteristics for each approach.
The results from ABACUS appear to suggest a narrowing of log,,BF distribution
at the edges of the frequency spectrum. Note also that there appears to be a
noticeable trend from higher values of log,,BF when the derived allele has a low
frequency moving towards lower log,,BF values at higher derived allele frequencies.

The correlation between frequency and log,,BF is -0.03.

The narrowing of the distribution of log,,BF can be explained by the procedure
with which the metric is calculated. Like iHS, ABACUS relies on bi-partitioning
the alleles at each SNP. As a result, when the allele frequency is very low, or very
high there will be fewer observations in one allelic group compared to the other.
In this case there is likely to be a bias towards lower log,,BF as it is likely to

require a very significant association for the log,,BF to increase beyond a critical

threshold.
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The downwards trend can be explained by the age of the derived allele. When
looking at the differences between the raw lengths in Chapter [3| we noted that
lower frequency derived alleles will tend to be younger, and therefore have longer
lengths relative to the ancestral allele. This effect is reflected in the distribution of
log,(BF, we observe that low frequency derived alleles tend to have higher values
than high frequency derived alleles. This feature is also present in other models
that used homozygosity based metrics, e.g. iHS. Our analysis of ulHS scores,
Figure [4.2] suggests that this skew is significantly greater than that observed in
ABACUS. Indeed this skew, as noted by [Voight et al.| [2006], means that it is

necessary to perform standardisation within frequency bins.

In addition, whereas ABACUS has reduced variation at low minor allele frequen-
cies (MAF), ulHS appears have an increase. ABACUS has reduced power to detect
associations because there are not enough observations in one of the comparison
groups, however this affects iHS differently. EHH relies on the comparison of hap-
lotypes within a group. When the number of haplotypes in a comparison group is
small there will likely be fewer differences that occur between them [Voight et al.|
2006]. This artificially inflates the decay of EHH causing the skew towards the
allele with the lower frequency. In Figure [4.2] at 50% frequency ulHS is a mean
approximately equal to zero, with a slight bias towards negative values due to the
derived and ancestral allele comparison. As it a result, it is argued by the authors

that iHS should not be constructed when the MAF falls below 5%.

In contrast to the results from ABACUS and iHS, the distribution of H;5 does not
appear to be affected by the frequency of the derived allele. One reason for this is
that, where the other two models make inference using allele bi-partitioning, Hio
looks at changes in frequencies of the two most likely haplotypes. Therefore in
a neutrally evolving scenario it is unlikely to be affected by changes in the allele
frequency. The fact that Hy5 appears to be invariant to the allele frequency is a

distinct advantage over alternative methods, however like iHS it is not a statistic
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that has direct interpretation in a probabilistic setting, i.e. it is not possible to
observe a single statistic in any given scenario and assess support of one model

over another.

Overall, the change in the distribution of log,,BF suggest that it may be necessary
to perform some form of standardisation, like iHS. One problem, however with this
approach is that it clouds the interpretation of the results, which is a significant
advantage of a probabilistic model. The results that we present in this thesis
suggest that the patterns we observe under neutral evolution have little effect on
the quality of the results, however it is important to remember that there will
be slight differences in the values of ABACUS depending on the frequency of the

derived allele.

4.2.1 Effect of Demographic Changes

The assumption of a neutrally evolving population of constant size will not always
hold in real data, and as we have seen in Chapter [2| an incorrect assumption
regarding demographic history can lead to misleading conclusions. As a result we
decided to look at the effect of different demographic histories on the distribution
of log,(BF constructed by ABACUS.

To compare the distributions we looked at the effect on the false positive rate
(FPR) as a function of the frequency of the derived allele. Using msms it is not
possible to simulate alleles with fixed current day frequencies when the population
size is changing over time. Therefore we focus on the distribution of log,,BF within
5% frequency bins. We estimated the FPR by finding the critical value of the
distribution within a frequency bin under a population evolving under constant
size and then counting the proportion of SNPs in that frequency bin, under a
demographic scenario, that had a value greater than it. Figure [4.3| shows how

the FPR of 5% varies as a function of frequency of the allele. In addition we used
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FIGURE 4.3: The effect of different demographies on the false positive rate
compared to the log,y BF' distribution under neutral evolution across a the
frequency spectrum of the derived allele. The plot shows each estimated false
positive rate, and the 95% bootstrap estimated confidence intervals using 1,000
resamples. Bold face identifies confidence intervals that do not included the 5%

FPR.

Bootstrap resampling to estimate the 95% confidence intervals [Efron) [1979]. Note

that the sample sizes used to estimate each confidence interval and FPR are the

Ssamme.

In the demographic scenarios we observe that nearly all scenarios (94% in expo-

nential growth, and 88% in bottlenecks), have estimated confidence intervals that
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include or are less than the FPR of 5%, across all frequencies. There is some ev-
idence to suggest that those frequencies whose confidence interval is greater than
the FPR of 5% seem to be slightly biased towards lower frequencies. As we dis-
cussed above, this could be a consequence of the effect of younger mutations on

the log,,BF.

In these scenarios, we observe that there is little evidence to suggest that ABACUS
is strongly affected by alternative demographic scenarios explored here. As we
mentioned in the previous chapter, one reason for this is that ABACUS relies on a
relative comparison between haplotypes, therefore alternate evolutionary scenarios

that affect the whole genome should not increase the false positive rate.

4.2.2 Effect of Population Stucture

Next we decided to explore the impact of multiple populations on the distribu-
tion of log,,BF. As discussed in we simulated genetic variation data on
samples taken from a two population model. Using the painting model we cal-
culated the total amount of shared painted segments within and across the two

populations. Figure [£.4] shows the relatedness matrix across all 250 repetitions.

As we can see there is significantly greater sharing within populations, than across
them. Note that this ‘co-ancestry’ matrix was calculated using the lengths of the
matrix, rather than counting the number of lengths shared between haplotypes, as
in Lawson et al| [2012]. To look at the effect of adjusting the lengths of a pair of
haplotypes by their genome-wide average, we decided to perform two experiments.
We calculated the log,,BF using the within and between population average ma-
trix, shown in Figure .4] and compare the result to calculating log,(BF when we
ignore the population structure and average the copying lengths across haplotype

pairs. The distributions of the ABACUS results, under these two scenarios, is

shown in Figure
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FIGURE 4.4: A row-normalised, ‘co-ancestry’ matrix calculated by pair-wise
summing the total lengths that two haplotypes share across all repititions.

Evidence from Figure appears to suggest that, in this experiment, values of
ABACUS, when we adjust for heterogeneous relatedness, appear to be unaffected
by population structure. This is reinforced by the distribution of FPR in the
top panel of Figure Note that when we do not adjust for relatedness in
the sample we observe a very different distribution of log,,BF values. We see an

inflation of values at the ends of the frequency spectrum, and suppression of values

at intermediate frequencies.

In conclusion, we observe, in the simulations that we consider, that ABACUS ap-
pears to have relatively stable false positive rates across the frequency spectrum,
when there is population structure, demographic pressures, or neutral evolution.
This is a key feature of the model, that is achieved by performing a relative com-
parison between haplotypes, based on their relatedness across a genome. There is

evidence to suggest that at low frequencies we observe an increase in the FPR,, this,
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FIGURE 4.5: The top plot shows estimated false positive rate for ‘adjusted’
ABACUS values, and the 95% bootstrap estimated confidence intervals using
1,000 resamples. Bold face identified confidence intervals that do not include
a 5% FPR. The bottom two plots show the distribution of log;(BF across the
frequency spectrum for the derived allele. The left hand plots shows ABACUS
results when we correct for heterogeneous relatedness, and the right hand plots

shows the results when we assume that everyone has the same relatedness.
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as we have discussed above, is due to the derived allele having more homogeneity,

possibly due to is age.

4.2.3 Effect of Recombination Hot Spots

Finally we decided to explore the effect of recombination hotspots on the distri-
bution of log,,BF values. As discussed in we simulated genetic vari-
ation data on samples taken from regions with a single recombination hotspot
with a recombination rate A times the background recombination rate, where
A = {1,2,5,10}. Figure shows the false positive rates from SNPs with an
allele frequency between 5% and 10%. The false positive rates were calculated as
before only now comparing the distribution of log,,BF values inside to those out-
side the hotspot. Note that the results from other frequencies are similar, however
because we cannot fix the frequencies of the alleles there is less data at higher

frequencies.

From Figure |4.6| we observe that the false positive rates appear to be unaffected
by recombination hotspots. Referring back to Equation and Figure [3.5] one
might argue that this observation is unsurprising. We observed that the lengths
of the painting are highly correlated with the total genetic distance between re-
combination events. As a result in the presence of higher recombination rates the
lengths will be reduced due to the increase in the probability of recombination.
Assuming a neutral population this increase in recombination will affect all in-
dividuals. Therefore one might expect that by looking at a relative comparison

between individuals there shouldn’t be an increase in the false positive rates.
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FIGURE 4.6: The effect of recombination hotspots of different stength on the

false positive rate. The strength of the recombination hotspot is measured by

A which represents the recombination rate in the hotspot divided by the back-

ground recombination rate. The plot shows each estimated false positive rate,

and the 95% bootstrap estimated confidence intervals using 1,000 resamples.

The results were calculated by analysing SNPs with an allele frequency between
5% and 10%.

4.3 Power to detect ongoing selective sweeps

In this section we determine the power of ABACUS to detect signals of positive
selection across a wide range of strengths of selection, and frequencies. In addition
to classical selective sweeps we look at the power of ABACUS in soft sweep set-
tings, specifically recurrent mutations, and standing variation. Note that unless
otherwise stated we look at panmictic populations with a constant recombination

landscape and constant population size.

Before we look at the results we show a comparative example that illustrates why

ABACUS will have better power than alternative methods in soft sweep scenarios.
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Figure [4.7] shows the results of the painting procedure in a region experiencing a
classical selective sweep, and a region experiencing a soft sweep. In both scenarios
we fix the strengths of selection, o = 500, and the population frequency of the
beneficial allele, f = 50%. Note that these are the same regions that we looked at
in Figure [I.10]

(A) Haplotypes for Classical Sweep (o = 500, f = 50%) ( B )
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FIGURE 4.7: (A) A haplotype plot for a sample experiencing a soft sweep
(0 =500, f = 50%), overlaid with ABACUS painted paths. (B) EHH decay
at the selected site for the soft sweep using all derived haplotypes. (C) EHH
decay at the selected site for the soft sweep using derived haplotypes obtained
from the largest sample from a single mutation source. (D) A haplotype plot
for a sample experiencing a classical sweep (o = 500, f = 50%), overlaid with
ABACUS painted paths. (E) EHH decay at the selected site for the classical
sweep using all derived haplotypes. Painted paths are coloured according to the
allele that they carry at the selected SNP, blue for derived, red for ancestral.
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As you can see in Figure [I.10]and Figure [4.7] under the classical sweep there is one
haplotype on the derived mutation, and under the soft sweep there are multiple.
The painted segments on the derived alleles, in both scenarios, are significantly
longer than those on the ancestral background. We observe that the ABACUS
value of association under the classical sweep was log,, BF = 6.62, and under the
soft sweep, log,, BF = 3.17. Both of these have an empirical p-value < 0.1% |,

under their corresponding nulls.

We calculated the unstandardised iHS score, and compared it to the corresponding
null in both scenarios. We observe an empirical p-value of 0.011 in the classical
sweep, and a p-value of 0.495 in the soft sweep. Therefore with a false positive
rate of 5% we would correctly reject the null hypothesis in the classical sweep, and

incorrectly accept the null in the soft sweep.

As we discussed above, the reason for this is that a soft sweep will likely create
multiple haplotypes carrying the selected allele [Messer and Petrov, [2013], there-
fore haplotype homozygosity will decrease much faster and iHS will be suppressed.
ABACUS will be robust to this because it relies of identifying regions of the genome
where a subset of individuals have reduced time to common ancestor relative to
the alternative group. By using the painting, rather than the raw haplotypes,
ABACUS will make no distinction between a single long haplotype or multiple

long haplotypes.

To illustrate this point we removed all, but the most common haplotype on the
derived background in the soft sweep scenario, reducing the frequency of the allele
to 20%. We then re-calculated the unstandardised iHS score and compared it to
the appropriate null. We observe that the ulHS value for this dataset was -2.943,
which at 20% frequency has a p-value of 0.029. Therefore at a 5% false positive

rate we would correctly reject the null hypothesis.
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We shall see that this conclusion is not limited to this small experiment. Indeed
we observe that both ABACUS and iHS have similar power to detect classical

sweeps, but in the case of soft sweeps ABACUS has considerably greater power.

4.3.1 Classical sweeps

We begin by looking at the power of each method to detect classical selective
sweeps. We simulated variation data using a range of derived allele frequencies
and strengths, and the parameters that we discussed in in Section .1
above. For each combination of parameters we simulated 250 regions. As described
in we constructed ABACUS, ulHS, and Hy, at the selected locus, and

calculated, for a = 5%, the power maps shown in Figure [4.8

From Figure We observe that all three methods appear to have similar power (>
0.8) to detect strong selection (o > 500) across intermediate frequencies (10% <
[ < 90%), and low power (< 0.2) to detect selection when the derived allele
has low frequency (f < 5%). We note that ulHS has greater power than both
ABACUS, and H;s to detect nearly complete sweeps (f > 90%), and ABACUS

has greater power than Hs to detect new sweeps (f < 20%).

The corresponding receiver operator characteristic (ROC) curves are shown in
Figure Here we observe three frequencies f = {10%,50%,90%} and o =
{250,500,1000}. An optimal ROC curve will have an area under the curve equal

to 1.

We observe that ulHS has a greater area under its ROC curves for all o at 10%
frequency, however the differences between the methods seem to disappear as

frequency of the derive allele and ¢ increases. ABACUS surpasses the Hy, statistic

nearly all but the (o = 250, f = 90%) ROC curve.
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FIGURE 4.8: Three heat maps showing the power of ulHS,
Hy;, and ABACUS to detect a classical selective sweep, across
f = {5%, 10%, 20%, 40%, 50%, 60%, 80%, 90%, 95%}, and o =

{10, 50, 100, 250, 500, 1000}.  Power is calculated as discussed in
in Section @ The right hand panel provides the legend for all three maps.

In conclusion for classical sweeps we observe, in these simulations, that ABACUS
appears to do as well as His in nearly every derived allele frequencies, and all
strengths of selection that we considered. As we have mentioned before, the weak
power of ABACUS at the edges of the frequency spectrum can be explained by
the reduction in the number of observations in one allele group relative to the

other. The upward bias of power towards higher frequencies in all methods is

symptomatic of increased homozygosity on the derived background relative to the



MODEL VALIDATION AND POWER TO DETECT SELECTIVE SWEEPS 118

Classical Sweep 50%

Classical Sweep 10%

o, =
] -] T
U
I
o_| ]
[S) S} .
jol jo) :-
T ©_| T ©_] '
T o T o X
E 2 "
& & X
g3 2l
= ¥ = ]
| ]
| b
o | ---- 0=250 o] b -ee- 0=250
o | - - 0=500 sk - - 0=500
— 0=1000 — 0=1000
—— ABACUS —— ABACUS
ulHS ulHS
o- — H12 2 — H12
[ [ I I [ 1 [ [ [ [ [ 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate
Classical Sweep 90%
S
2 —=
J
I
o_| [4
< J
i
I
o)
T ©_]
odC o
2
."5’
<
23
g
~_| - 0=250
e == 0=500
— 0=1000
—— ABACUS
ulHS
e — H12
I I I I T 1
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
FIGURE 4.9: Receiver Operator Charateristic (ROC) curves comparing the
relationship between the true negative and true positive rate for selection on a
de novo mutation. Here we show the ROC curves for ulHS, Hy5, and ABACUS
for f = {10%,50%,90%} and o = {250, 500, 1000}.
ancestral.

4.3.2 Soft Sweep - Recurrent Mutations

To investigate power to detect soft sweeps by recurrent mutations, we simulated
regions with the same parameters as before, only now we relax the condition

that the beneficial allele that arose from a single mutation. See the discussion

in in Section .1}, and Figure for a full discussion. At the selected



MODEL VALIDATION AND POWER TO DETECT SELECTIVE SWEEPS

119

site we calculated ABACUS, ulHS, and Hi» and using the discussion above we

estimated, for a = 5% the power maps shown in Figure
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From Figure we observe that all three methods have similar power (> 0.8) to

detect soft sweeps that have a current day population f > 80%. Below f = 80%,

however we observe that power drops off significantly in ulHS. As we discussed

above, EHH decay is downwardly biased in soft sweeps, because the multiple ori-

gins of the beneficial allele increases the chances that multiple ancestral haplotypes
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appear on the derived background. We observe that ABACUS has better power
than Hys to detect weaker selection (250 < o < 500) at intermediate frequencies
(20% < f < 80%) and all strengths of selection at lower frequencies (f < 20%).

Looking at the ROC curves in Figure we see a similar pattern.
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FIGURE 4.11: Receiver Operator Charateristic (ROC) curves comparing the

relationship between the true negative and true positive rate for soft selective

sweeps. Here we show the ROC curves for ulHS, His, and ABACUS for f =
{10%, 50%,90%} and o = {250,500, 1000}.

The ROC curves for ABACUS Hi,, ulHS, at 10% frequency suggest that both

methods struggle to detect any signal of selection, however because the curves lie,
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approximately, along the diagonal suggests that the null and alternative distri-
butions are nearly identical. At 50% we observe ROC curves for both H;5 and
ABACUS that have greater area under the curve, however it appears that ABA-
CUS surpasses His. At 90% frequency the ROC curves suggest that methods have

performed well.

In conclusion, Hi,, in these simulations, performs significantly better than ulHS
under soft selective sweeps, but not as well as ABACUS. We observe that the
Bayesian approach has greater power to detect soft sweeps at lower frequencies.
One reason for this could be that Hi requires a window in order to calculate
haplotype frequencies |[Garud et al., 2013]. Regions of older selection will likely
experience recombination that results in the selected haplotype loosing homozy-
gosity at the edges of the window. A window based approach does have advantages
in that it one can calculate simple statistics, however as we discussed in Chapter

changing the size of the window can drastically alter the quality of the inference.

4.3.3 Soft Sweep - Standing Variation

The results from the analysis of the soft sweep data generated by recurrent mu-
tations are very encouraging. Unfortunately, it is not clear whether we are able
to extend them to the selection on standing variation scenario, despite assertions
in published literature that the patterns of variation are similar to those observed

under recurrent mutations [Messer and Petrov, 2013].

To establish whether the power of ABACUS holds under these scenarios we decided
to simulate regions experiencing selection on standing variation. As we mentioned
above, we could not condition on the current day frequency of the selected allele,
therefore we had to do a large number of simulations in order to ensure that there

were enough observations in each frequency bin. Using the same null distribution
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as the soft sweeps we constructed the power curves for ABACUS, ulHS, and H

in Figure [4.12]
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FIGURE 4.12: Power curves comparing the relationship between the true nega-

tive and true positive rate for selection on standing variation. Here we show the

power curves for ulHS, His, and ABACUS at o = {250,500, 1000}. The shaded

regions are calculated by performing a bootstrap sampling, with replacement,
and estimating the 95% confidence intervals.

Comparing Figure with Figure [£.12] we observe ABACUS has similar power
to detect selection on standing variation and soft sweeps via recurrent mutations.
Note that the power curves of ulHS and H;, do not always appear to increase

with the strength of selection, this is likely due to stochastic variation in the
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power calculations. That being said, overall we observe similar power to detect

standing variation and soft sweeps by recurrent mutations.

Finally we compared the ROC curves for the three methods on the selection by
standing variation datasets. As expected we observe similar patterns as in Figure

4.11] and ABACUS appears to out perform the two alternative methods across all

frequencies.
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FIGURE 4.13: Receiver Operator Charateristic (ROC) curves comparing the

relationship between the true negative and true positive rate for selection on

standing variation. Here we show the ROC curves for ulHS, His, and ABACUS
for f={10%,50%,90%} and o = {250,500, 1000}.
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Observe, in Figure that the ROC curves for ulHS at 10% frequency appear
to suggest that the false positive rate increases faster than the true positive rate.
This observation is due to the fact that under the null and alternative distributions
are not simulated from the sample model. The null in this scenario is simulated
by setting ¢ = 1 x 10~® and allowing recurrent mutations. Therefore the obser-
vation in this ROC curves suggests that there is more diversity on the derived
allele under the alternative model (i.e. higher ulHS values) than one observes
under the null. Since we are performing a one sided test, i.e. a decrease in ulHS
values relative to the null suggesting more extended haplotype homozygosity on
the derived background the power calculations in Figure |4.12| will not be sensitive

to this feature.

We have tried simulating the null from the same model, but the fact that we cannot
condition on the frequency implies that it would take an intractable number of
simulations to get enough observations at higher frequencies. Other simulation
packages offer this feature, however we found that they were not able to scale

using the parameters that we chose.

Despite these challenges, the results presented in this section suggest that ABA-
CUS is capable of detecting regions of a genome that experience classical selection,
soft sweeps by recurrent mutation, and soft sweeps by standing variation. Further-
more, ABACUS has, in general, considerably more power to detect non-classical
selective sweeps than either of the two incumbent models that we considered.
Moreover, we do not need to change the method according to the type of selection

that we wish to identify.
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4.4 Effect of Sample Size

ABACUS makes inference on local relatedness by looking at the tips of the un-
derlying coalescent tree. To establish whether a SNP has evolved under selective
pressures ABACUS compares a proxy for the time to common ancestor between
those haplotypes carrying one allele to those haplotypes carrying the other. One
challenge with this approach, however is that as sample sizes increase, the dif-
ferences between the time to common ancestor for those individuals carrying the

selected allele to those who don’t will decrease.

To see this we use the model of a coalescent tree under selection proposed by
Coop and Griffiths| [2004]. Suppose that there are [nf] chromosomes carrying the
selected allele and n— |nf| chromosomes carrying the non-selected allele, and the
trajectory of the A allele is governed by the function X (.); where f is the current
day frequency of the selected allele. Using Figure [1.9 as a guide we find that for
those haplotypes carrying the selected allele the time of first coalescent event is

governed by

£~ Exp (t5|ﬁ (Ln2f J)) . (4.2)

Equally for those chromosomes not carrying the beneficial allele their time to first

coalescent event is governed by

t¢ ~id Exp (t;y L_;M] (" - QW J)) | (4.3)

Simplifying the above distributions to remove the integer notation, |.|, we can

write down the expectation of the difference between coalescent times under these
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two distributions. Moreover we can calculate its limit as n — oo.

2X (v) 2(1— X (v))
d,r(n)= — 4.4
S = ) = nf = 1) 44)
2| X 1—-X(v)
e f(f-3) A=-H0-f-3)
= lim d, s (n) < lim %K =0:|K|< o0 (4.5)
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FIGURE 4.14: Relationship between number of haplotypes and the power of
ABACUS to detect selection. Data simulated using a classical sweep model of
selection with o = 500, and f = 50%. Each sample size was repeated 250 times.

The results in Equation implies that as the number of samples grows the

differences between the two sub-groups will be more difficult to establish. To
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establish whether changes in realistic sample sizes have an effect on the ability of
ABACUS to detect selection we constructed a small simulation experiment. The

results can be seen in Figure

We observe that for small sample sizes (n < 50) we have little power to detect
strong selection (0 = 500) at an intermediate frequency (f = 50%). As sample
sizes increase the power also increases sharply, to a maximum of 0.97 at n = 250.
We see that as sample sizes increase further the power tails off and begins to

decrease.

4.5 Discussion

Building on the development of the ABACUS model in Chapter 3, we demon-
strated, in this chapter, the power of the model to detect the presence of selection

across a wide range of simulated scenarios.

We show that the distribution of log,,BF in neutrally evolving populations is
slightly correlated (p = —0.03) with the frequency of the derived allele, and ap-
pears to be suppressed at the edges of the frequency spectrum. One reason for
this pattern is the reduction in the number of samples in one of the comparison
groups at the ends of the frequency spectrum, and less frequent derived alleles will
have longer lengths due to their age. Contrasting these observations with iHH, we
observe, in the tails of the frequency distribution, that there is increased variation

potentially leading to an increase in the false positive rate.

Rather than looking at the raw values of log,,BF an alternative approach might
involve a simple standardisation step not unlike that which iHS performs. The
problem, however, with approach is that it would alter the interpretation of the
results from ABACUS. log,,BF represents the level of evidence in support of a

putatively ‘non-neutral’ hypothesis across all frequencies. If we were to perform
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standardisation it would distort this definition and we would no longer be able to
ascertain the evidence in support of either model. A more useful alternative would

be to calculate empirical p-values using the observed distribution of log,, BF.

In our simulations of demographic and structured populations, we showed that
false positive rates for ABACUS remained largely stable relative to neutrally evolv-
ing samples. We explained that is was due to the fact that we make comparisons

between haplotypes based on their observed level of relatedness across the genome.

We simulated structured populations to demonstrate the impact of not adjusting
for within haplotype pair relatedness, however detecting selective sweeps in such
settings is likely to be challenging. Suppose that the samples in our study come
from two distinct populations. If an beneficial allele is present before a population
split, then the frequency in the current day population will depend on the within
population selective pressures, i.e. it may be more efficacious to carry that allele
in one population relative to the other. Another potential scenario is that the
beneficial allele is present in only one of the populations. Therefore when we bi-

partition the alleles we have reduced power as it is only present in one population.

A solution to this problem would be to determine the values of ABACUS within
defined populations. This problem is not unique to ABACUS, for example EHH
[Sabeti et al., [2002b| suffers from similar challenges [Sabeti et al., [2007]. Indeed,
XP-EHH by Sabeti et al.| [2007] is designed to look for regions of the genome where
a selected allele has risen to near fixation in one population by basing its inference
of within population comparison of EHH scores. A potential direction of future
work might be to design a version of ABACUS that incorporates information from

samples from multiple populations.

In addition to population structure and demography we showed in the false positive
rates do not appear to be affected by a number of recombination hotspots scenarios.

This conclusion appears to hold across the frequency spectrum, however this is
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more difficult to ascertain as we cannot fix the frequency of the alleles. A more
detailed study will need to be undertaken in the future to empirically estimate the

effect of variable recombination rates on the power to detect positive selection.

One undesirable feature of the model is that the power of ABACUS does not appear
to increase monotonically with an increase in sample size. Using the model by
Coop and Griffiths [2004] we explained this feature by showing that as sample sizes
get very large the differences between those individuals who carry the selected allele
and those who don’t will tend to zero. From our experiments this doesn’t appear
to be a major issue with the current datasets at our disposal. For reasonably
large (n = 1000) datasets of samples from a single population ABACUS still had
good power (p > 0.8) to detect strong selection, however due to the complexity
of the underlying inference algorithm it is not obvious that these datasets will be

computationally feasible with the current implementation.

A stopgap solution to this phenomena might be to construct multiple subsamples
and measure the Bayes factor of association using an approach like the bag of
many bootstraps method by [Kleiner et al|[2012]. Another approach may be to
explore the effect of alternative HMM decoding algorithms e.g. k-segment paths
(Chris Yau - personal correspondance), where rather than looking at the most
likely path one would look at the k-most likely path. This may have the effect of
looking higher in the tree therefore learning the overall structure and being less

affected by increased relatedness among the sample.

One of the major challenges with performing the experiments in this chapter was
that, using the simulation software msms |[Ewing and Hermisson| [2010] we were
unable to condition on the allele frequency of the beneficial allele in the current
population. Other software packages, e.g. mbs [Teshima and Innan, 2009], can be
re-engineered to have this feature, however we found that they were considerably

less efficient at simulating datasets with the necessary parameters and it would
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be infeasible to use them for the size of experiments that we require. From our
own experience with developing coalescent simulation software, it would likely be

straightforward to add this functionality to the msms program.

Whilst we can show under classical sweeps and soft sweeps by recurrent mutation
that ABACUS performs well, we cannot conclude with the same level of assured-
ness that we will observe similar results in soft sweeps by standing variation. From
the results presented in this chapter we have showed that ABACUS still remains
powerful in these settings, however we cannot test all frequencies and strengths of

selection.

Note that these results were constructed assuming that the phase of the chro-
mosomes was known. In reality this won’t be the case as phasing algorithms will
introduce errors. As observed by Lawson et al. [2012] one effect of this error will be
to incorrectly break or extend a painted length. This shouldn’t have a significant
impact on the results as we look at the relative size of the painted lengths and use
that to compare between individuals at a single loci. This should mean that ABA-
CUS is more robust to such inaccuracies, however a more extensive investigation

would need to be carried out to ensure this.

In conclusion the results from this chapter show that under classical selective
sweeps, ABACUS has similar power to His across all values of ¢ and f and less
power, compared with iHS, to detect strong selection o > 250. We observe that
a significant advantage of our model is that in scenarios where the samples come
from a population experiencing a soft sweep, either by recurrent mutation, or
standing variation, we had equal or better power than the other two methods.
These results were constructed assuming that we know the causal variant, however
with sequencing technology become more readily available we will always type the
causal variant. Furthermore, ABACUS is based on an HMM framework that scales

linearly with positions, which makes it readily applicable to these datasets.
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The evidence presented in this chapter suggests that ABACUS has good power
to detect recent classical sweeps and recent soft sweeps in simulated data. More-
over, these results were construct without the need to perform non-parametric

standardisation, or windowing, and not using ancestral allelic information.



Chapter 5

An Application to 1000 Genome

“If we knew what it was we were doing, it would not be called research, would it?”

Albert Einstein

5.1 Introduction

Building on the development of ABACUS in Chapter 3, and its application to
simulated data in Chapter 4, we focus in this chapter on genome wide sequence
data. Using the latest release of human genome wide variation data from the
1000 Genome Project (1KG) [1000 Genomes Project Consortium et al., [2012] and
ABACUS, we scan the genomes of samples from three different populations for
evidence of positive selection. We also apply iHS and investigate the discrepan-
cies between the two models in previously identified candidate regions of positive

selection.

We show that both methods identify many of the well established regions of clas-
sical selective sweeps, e.g. LCT |Hollox et al. 2001]. In regions where there
is evidence to suggest alternative methods of positive selection, e.g selection on

132
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standing variation, we show that ABACUS appears to more readily identify these
regions having patterns of variation associated with selection. Across the genome,
we observe that results from ABACUS show good agreement (> 80%) with previ-
ously constructed maps of selection in the human genome |Akey| 2009]. We then
highlight a number of novel candidates of selection, some of which show patterns

of variation consistent with a soft selective sweep.

5.2 Data

In this chapter we use genome wide sequence data from phase one of the 1000
Genome Project (1KG). At the time of publication, this dataset represents the
largest collection of global variation in humans; > 95% of all common SNPs (f >

5%). |1000 Genomes Project Consortium et al., [2012]

From the IMPUTE2 [Howie et al., 2009] website (http://mathgen.stats.ox.ac.
uk/impute/data_download_1000G_phasel_integrated.html) we downloaded phased
haplotypes for 1,092 individuals from phase one of 1KG. The data was phased us-
ing BEAGLE [Browning and Browning} 2007] and MaCH /Thunder [Li et al.,|2011]

to obtain haplotypes.

Pop. | Number | Description Polymorphic
SNPs

CEU 85 Utah residents (CEPH) with Northern | 10,842,168
and Western European ancestry
YRI 88 Yoruba in Ibadan, Nigeria 17,783,794
CHB 97 Han Chinese in Beijing, China 10,133,550

TABLE 5.1: The number of individuals and polymorphic SNPs for three pop-
ulations of 1000 Genome Project Phase 1 [1000 Genomes Project Consortium
et al., 2012


http://mathgen.stats.ox.ac.uk/impute/data_download_1000G_phase1_integrated.html
http://mathgen.stats.ox.ac.uk/impute/data_download_1000G_phase1_integrated.html
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From this dataset, we removed all insertions, deletions, and structural variants
which left 36,648,992 autosomal single nucleotide polymorphisms (SNPs). Build-
ing on the discussion regarding inference across population structure from the pre-
vious chapter, we split the 1,092 samples into their respective populations; Table
6.1l We ensured that all SNPs within each population sample were polymorphic,
i.e. in CEU 10,842,168 SNPs (29.4%) were polymorphic.

For this analysis we focus on those samples from the CEU, CHB and YRI popula-
tions. We chose these populations as they have been used in a number of previous
studies of positive selection on human variation data, e.g. [Voight et al. [2006] and
Akey| [2009]. Figure shows the allele frequency distribution across the three

populations.

We observe that the samples from the CHB and CEU populations tend to have
similar distributions as measured by the proportion of SNPs within each popula-
tion, however samples from the YRI population appear to have significantly more
rare derived variants (f < 5%). This is not unique to the YRI population as
similar excess of rare variants, compared with populations of non-african ancestry,
have been observed from both the African American (ASW), and Luhya Kenian
(LWK) populations [1000 Genomes Project Consortium et al., 2012]. The relative
upward shift in allele frequency distributions for populations of non-african ances-

try could be evidence of ancestral bottlenecks in those populations [Marth et al.,

2003].

This excess of rare variants will have different effects on ABACUS and iHS. In
Chapter 4 we showed that when a population from which we take a sample is
evolving selectively neutral the distribution of log,, BF' at SNPs with a minor
allele frequency (MAF) < 5% will have considerably reduced power because of the

low number of haplotypes in the group carrying one allele, relative to the other.
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FIGURE 5.1: Barplot comparing the distribution of SNPs, stratified by derived

allele frequency, across the three populations: CEU, CHB, and YRI. The height

of each bar is the proportion of SNPs in that population that have that derived
allele frequency.

The effect of this feature, as observed in Figure will be to reduce the values

of log,, BF in these frequencies relative to intermediate frequencies.

Compare this to iHS where, following the discussion by [Voight et al.| [2006], we do

not calculate iHS at SNPs where the MAF < 5%. The reason for this, as mentioned
earlier, it that the reduction in observations in one of the comparison groups may
artificially inflate the EHH decay. As a result, at SNPs where the derived allele

frequency is very small this will decrease the value of the unstandardised iHS score
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Pop. | Missing Ancestral (%) | Low MAF (%) | Overlap (%)
CEU 5.14 45.48 2.02
YRI 4.64 52.02 2.04
CHB 5.29 45.69 2.12

TABLE 5.2: The proportion of SNPs in each population that have missing
ancestral information, minor allele frequencies < 5%, or both.
potentially increasing the false positive rate. In addition, we do not calculate an
iHS value at SNPs when it is not possible to establish which allele is derived, and
which is ancestral. For this dataset we used the inferred Human Ancestral Genome
obtained from Ensemble [Flicek et al., 2013]. Table details the proportion of

polymorphic SNPs in each population that have missing iHS values.

The implications of this level of missingness is that for samples from CEU and CHB
it is only possible to calculate iHS scores on 51.4% and 51.14% SNPs respectively.
In samples from YRI this falls to 45.38% SNPs. We have observed that the
location of SNPs with MAF < 5% tend not to be clustered in any particular
region of the genome. Unlike SNPs with missing ancestral information which tend
to be clustered in highly polymorphic regions or regions of high recombination

(data not shown).

After removing all monomorphic SNPs within a population we constructed a lin-
early interpolated recombination map using build 37 of the human Genome Refer-
ence Consortium (GRCh37) from the National Centre for Biotechnology Informa-
tion (NCBI). Using the EM algorithm provided by chromopainter |[Lawson et al.,
2012] we estimated the effective population size for the samples from each popu-
lation. Finally, we use the genome reference panel GRCh37 to identify locations

of genes.
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5.2.1 Method Implementations

We constructed our implementation of the ABACUS pipeline using a combination
of concurrent Java and Linux. See Appendix [C|for a full description of the model,
implementation, and input parameters. We used simulations to estimate the CPU
run time for the three populations using the latest release of the software. The

results are shown in Table 5.3l

Pop. | No. Individuals | No. SNPs | Processing Time (CPU Hrs)
CEU 85 10,842,168 85
YRI 88 17,783,794 149
CHB 97 10,133,550 103

TABLE 5.3: Detailing the processing time in CPU hours based on estimates
from simulated data. (2.7 x 1071 CPU Hrs number of haplotypes~2 number of
SNPs™1).

ABACUS is designed with inbuilt parallelisation therefore using ten, twelve core
nodes we can construct the painting, and calculate an estimate of the BF at every

SNP in the CEU population in two hours.

To apply iHS to this dataset we used a scalable version of iHS (Si Li Quang -
personal correspondence). It performs the same calculations as the original im-
plementation by Voight et al.| [2006], however it spreads the computation across
multiple cores. Using this implementation we calculated the values of the unstan-
dardised iHS score at every SNP in the genome and then standardised the values

within 1% frequency bins.

5.2.2 Comparing ABACUS and iHS

Comparing the values of ABACUS and iHS directly will prove difficult due to the
inherent confounding with allele frequencies and in how the statistics are calcu-

lated. To circumvent this we decided to compare the values by using the position
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in their empirical distribution i.e. the empirical p-value. This allows us to deter-
mine how ‘significant’ a SNP is under either model. If both models are detecting

similar phenomena one would expect that these values are correlated.

5.3 Existing Candiates for Positive Selection

We ran ABACUS and iHS on all polymorphic SNPs within each population group.
Figure [5.2] shows the plots for the results of ABACUS applied to each population.
Tables and in Appendix [D] provide a more detailed descriptions of the top

ten regions for each population, for ABACUS and iHS respectively.

In the Manhattan plots and Tables & [D.2] we observe that both models show
elevated values at previously identified candidates of selection, e.g. LCT [Hollox
et al., [2001]. Indeed, the top ten regions for ABACUS in all three populations
include the MHC which is known to be an important region in terms of protecting

an organism from pathogens |[Borghans et al. 2004].

The results from ABACUS suggest, however, that the distribution of log;, BF in
the YRI population is skewed more towards zero than the distribution of the other
two populations. This might be the effect of increased rare variants, however if
we compare the distributions of log,, BF across derived alleles in Figure (A) we
see that this effect is observed at most frequencies. To understand why this is the
case we compared the distribution of the average distance between breaks in the

painted chromosomes for each population, Figure [5.3(B).

Compared with CEU and CHB we see that the distribution of average distance
between breaks in the painting for the YRI population is considerably lower. Re-
calling the discussion from Chapter 3 we observed a close relationship between
breaks in the painting procedure and the distance between recombination events.

Using the argument that shorter distances between recombination events suggest
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FIGURE 5.2: Evidence for selective sweeps in all autosomal chromosomes of
samples from (A) CEU, (B) YRI, (C) CHB, populations obtained from 1000
Genomes Project Consortium et al.| [2012]. Using GRCh37 we have annotated
the top ten peaks by the genes that the region overlaps. * are the closest genes

to a highlighted region.
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FIGURE 5.3: Analysis of results from genome wide scan of positive selection

in CEU, YRI, and CHB populations.(A) compares the distribution of log;, BF

stratified by derived allele frequency for each population. (B) compares the

distribution of average lengths between breaks in a painted chromosome for
each population.

longer time to common ancestor, it would appear that the YRI population, rela-
tive to CEU and CHB has a much older ancestry and the samples are less related.
Recall that the effect of a bottleneck is to increase the rate of coalescence reducing
the time to common ancestor among the sample. This suggests that direct numer-
ical comparisons of log;, BF across different populations is not appropriate. Note,
we observe that the results from iHS also exhibit an overall reduction in values of

the score in the YRI population relative to the CEU and CHB populations.

5.3.1 Signals in Six Candiate Regions

To begin our analysis we focus on investigating regions of the genome that have
been previously identified as having patterns of variation associated with positive
selection. We used the list of classical and soft selective sweep candidate regions
identified by [Peter et al. [2012] to investigate the difference between the results

from ABACUS and iHS. As we have discussed in previous chapters, the authors of
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this paper use the candidate regions, detailed in Table [5.4] to assess the evidence

for a classical selective sweep, or a sweep from standing variation.

Gene | Population | Function Model (Peter et al[[2012]) |
LCT FIN Lactase persistence Classical sweep ]
ASPM GBR Microcephalism Standing variation
TRPV6 CEU Calcium absorption Classical / Standing variation
ADHI1B CHB Alcohol metabolism Classical sweep
EDAR CHB NF-xB Activation Classical sweep
PSCA YRI Involved in bladder & Standing variation
pancreas cancer

TABLE 5.4: The six autosomal candidate regions identified by [Peter et al.

[2012] to have patterns of variation associated with either classical sweeps, or

soft sweeps by standing variation. Model identifies the mode of selection that
Peter et al.| [2012] infer from their method.

Note that throughout this section we used the population with the closest ancestry
to those chosen by Peter et al|[2012]. For example, for the Finnish population
(FIN) we looked at the signal of selection in the CEU population. We begin, this
analysis by focusing on the evidence for the presence of a selective sweep at the

LCT locus in populations of European ancestry.

5.3.1.1 CEU Candidates

LCT LCT encodes a protein that enables mammals to digest lactose carbohy-
drates (disaccharides) in milk [Hollox et al., [2001]. In the majority of mammals
this ability decreases when they are weened off milk in infancy, however variants
identified in humans can lead to a phenotype known as lactase persistence, i.e.
the ability to digest lactose into adulthood [Hollox et al. 2001, [Bersaglieri et al.,

2004].

The C/T - 13910 polymorphism (rs4988235) is observed at very high frequency in
European populations, and has been shown by [Enattah et al. [2002] to be 100%
associated with lactase persistence in samples from Finnish populations. It was ar-

gued by Hollox et al.| [2001] that the observed high frequency of lactose persistence
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tered on rs4988235, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the Lo-
cusZoom web application Pruim et al. [2010]. (C) Haplotype variation plot,
with individuals as rows, and positions as columns. Coloured black or white de-
pending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

in European populations was as a result of the spread of agricultural techniques
around the same time that modern humans were expanding into southern and

eastern Europe. This variant has been observed at low frequency, or complete

absence in other populations across the world, e.g. Figure and Enattah et al.|

2003

Figure [5.4(A) shows the results from ABACUS in this region. We see that there

are a considerable number of SNPs with log;, BF > 2 in the CEU population. The
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two highest values in this region corresponds to the C/T - 13910 polymorphism,
and to another SNP that was also identified by [Enattah et al. [2002], (rs182549),

as being highly associated with lactase persistence.

Note that both of these SNPs have the same log;, BF value, because they both
lie on the same painted segments and have an R? = 1, i.e. in complete linkage.
Whilst direct numeric comparisons between populations is not appropriate we do
observe considerably fewer SNPs with values of log;, BF > 2 in both YRI and CHB
(data not shown) supporting the argument by Hollox et al.| [2001]. Furthermore,
the causal SNP (rs4988235) is not polymorphic in either of the two alternative

populations.

An equivalent analysis of the results from iHS calculated at the LCT locus, Figure
5.4(B), again shows a large number of SNPs with |[iHS|> 2. We observe neither of
the two proposed causal variants (rs4988235 & rs182549) have the largest value of
[iHS| in this region, despite having ancestral allele information and intermediate
derived allele frequencies. Whilst the |iHS| values for the two variants are not the
highest, the iHS values are negative (-4.21, and -3.99, respectively). This suggests
that the derived allele shows more evidence of extended haplotype homozygosity

than the corresponding ancestral allele.

Analogous to the simulated data in Figure we produced the haplotype plot
and dissimilarity matrix for a 600 SNP window surrounding the C/T - 13910 poly-
morphism. Figures [5.4(C) & [p.4[(D) show a large reduction in variation between
haplotypes carrying the derived allele and those carrying the ancestral. On aver-
age, across this region, any two haplotypes who carry the ancestral allele at C/T
- 13910 vary at 25.9% of SNPs, compared to 1.1% of SNPs for any two haplotypes

that carry the derived allele.

Extending the analysis to a larger region; Figure shows the output of a diag-

nostic tool that we developed to better understand the evidence of a selectively
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shows the recombination map in ¢cM / BP. The lower middle panel shows the
shows the EHH decay. The bottom plot shows the Viterbi lengths that overlap
the SNP of interest, in this case 1s4988235, overlaid on to the haplotype map.
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non-neutral evolutionary hypothesis. It focuses on the causal C/T - 13910 poly-
morphism, which has a log;, BF' > 12. In the lower panel of this plot we see that
those haplotypes coloured blue (derived) show distinct patterns of reduced varia-
tions relative to those haplotypes coloured red (ancestral). This is reflected in the
EHH decay plots which show that the homozygosity decay is significantly slower

in the blue haplotypes.

To directly compare the values of both methods at the causal SNP (rs4988235) we
can calculate the empirical ranks for the corresponding metric. To calculate the
rank we determine the number of SNPs with a value of that metric greater than
the one we observed, i.e. an empirical p-value. Since ABACUS does have some
dependancy on derived allele frequency we performed the calculations for it in 5%
frequency bins. For ABACUS we observe that the empirical rank of the causal
SNP is 1.51 x 1073, compared with 2.25 x 1072 for iHS. This suggests that both
models consider this SNP to be in the tail of their corresponding distributions, and
at a 1% false positive rate would reject the null hypothesis of selectively neutral

evolution.

The large log,, BF values in this region, together with the patterns of variations
suggest that the C/T - 13910 polymorphism is experiencing, or has recently expe-
rienced, a classical sweep. This conclusion is in agreement with previous studies,
e.g. Peter et al.|[2012] who showed that their model of a classical sweep had 98.7%
posterior support compared with 1.2% for selection on standing variation [Peter

et al., [2012].

ASPM It was shown by Bond et al.|[2002] that ASPM is a major determinant
factor in the size of brains. By quantifying the difference between chimpanzee and
human DNA sequences at this locus, a number of studies have identified evidence

of positive selection on the human linage |[Zhang), 2003, [Kouprina et al., 2004].
Mekel-Bobrov et al| [2005] identified a particular SNP, A44871G (rs41310927)
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FIGURE 5.6: (A) and (B) show the regions surrounding the ASPM locus,
centered on rs41310927, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the
LocusZoom web application [Pruim et al., 2010]. (C) Haplotype variation plot,
with individuals as rows, and positions as columns. Coloured black or white
depending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

which they estimate arose 5,800 years ago and was swept up to high frequency.
Focusing on this SNP, Figures E ) & 5.6 - ) show the results for ABACUS and

iHS in this region.

The number of SNPs with log,, BF > 2, or [iHS|> 2 around the focal SNP in
Figure suggests that this region exhibits patterns of variation associated with
positive selection. The haplotype variation plot in Figure [5.6{C) and diagnostic

plot in Figure suggest that there is a considerable reduction in variation on
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the derived background relative to those haplotypes carrying the ancestral allele.
Furthermore, the dissimilarity matrix in Figure [5.6(D), suggests that there is a
single haplotype on the derived background which appears to be very different
to those on the ancestral. Nevertheless, the empirical ranks for the causal SNP
for ABACUS and iHS are 0.238, and 0.672, respectively, suggesting that neither
method consider this SNP to have patterns of variation associated with positive

selection.

Despite the fact that neither method consider the proposed causal SNP to have
patterns of variation associated with positive selection, this region does have have
a considerable number of SNPs with elevated values under both ABACUS and iHS.
Moreover, the observation, at the causal SNP, that there appears to be a single
haplotype on the derived background, does suggest that this region has patterns
of variation consistent with a classical selective sweep. Note, this observation is
at odds with Peter et al| [2012] who conclude that this region has a posterior
probability of 0.87 of having patterns of variation associated with selective sweep
on standing variation, 0.13 from a classical sweep, and 2 x 107 from a neutral

model.

TRPV6 The next candidate in populations of European Ancestry, TRPV6, was
shown by |Akey et al|[2004] to reside in a 115Kb region of chromosome 7 that
exhibited patterns of variation associated with positive selection. TRPV6 encodes
a protein that is responsible for calcium absorption |Akey| 2006, and whilst Peter
et al|[2012] concluded that there was evidence of selection in this region their

method was unable to distinguish between a classical sweep model or a soft sweep.

Using the first non-synonymous SNP (rs4987682), identified by Akey [2006], we
centred a 1Mb window on the locus and looked at the results from ABACUS and

iHS this region; Figure . The elevated values of both method, in Figures (A)
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FIGURE 5.7: (A) and (B) show the regions surrounding the TRPV6 locus,
centered on rs4987682, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the
LocusZoom web application [Pruim et al., 2010]. (C) Haplotype variation plot,
with individuals as rows, and positions as columns. Coloured black or white
depending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

& (B), suggest that this region exhibits patterns of variation associated with

positive selection. Note, however, that neither appear to indicate that the focal

SNP is the target of selection. Observe in Figure (C), that haplotype variation

suggests that there is considerably reduced variation on the derived background.

The reduction in differentiation in the dissimilarity matrix in Figure [5.7(D) to-

gether with the variation in Figure C) suggests that there is a single, short hap-

lotype on the derived background that has experienced recombination upstream
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and downstream of the focal SNP increasing the variation. Figure indicates
that the painted lengths do capture this feature, however a large number of seg-
ments switch at the recombination hotspot 50Kb upstream, as a result only a few
of them will have longer lengths. Also, since the frequency of the derived allele is

92.4% ABACUS will have little power to detect selection at this SNP.

Under iHS, there does appear to be more SNPs with |[iHS|> 2, relative to the
number of SNPs with log,, BF > 2 under ABACUS. Nevertheless, the patterns
surrounding the focal SNP in Figure (B) appear to suggest that the target of
selection is not the focal SNP (rs4987682). Indeed it is interesting to observe that
both methods indicate that there is a region that has much stronger evidence of
patterns of variation associated with positive selection 100Kb downstream of the
focal SNP. The empirical ranks for the causal SNP for ABACUS and iHS is 0.225,
and 0.529, respectively. This again suggests that despite the observed patterns
of variation neither method have enough evidence to reject the null hypothesis of

selectively neutral evolution.

The observation of a single core haplotype on the derived background might in-
dicate that this region has experienced a classical selective sweep, however the
increased variation on the derived background due to the increased recombination
makes it difficult to rule out a soft sweep. This increased variation, may have lead
to the inconclusive results by [Peter et al. [2012]. Note, to perform their analysis,
Peter et al|[2012] use an older recombination map from |International HapMap

Consortium, [2005].

5.3.1.2 CHB Candidates

ADH1B The ADHI1B encodes a enzyme involved in the alcohol degradation
pathway, and it is suggested to be one of the major genetic factors influencing

alcoholism risk [Li et al., 2007]. A mutation, Arg47His (rs1229984), is thought to
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FIGURE 5.8: (A) and (B) show the regions surrounding the ADHI1B locus,
centered on rs1229984, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the

LocusZoom web application [Pruim et al., 2010]. (C) Haplotype variation plot,

with individuals as rows, and positions as columns. Coloured black or white
depending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

be under selection due to its increased enzyme activity and estimates of its age

relative to its frequency in the population |Li et al., 2007, Peter et al., 2012].

Using this SNP as a focal point we looked at the variation in ABACUS and

iHS values surrounding this locus. Figures [5.8(A) & [5.8(B) show the results for

ABACUS and iHS, respectively.

If we accept a selectively non-neutral evolutionary hypothesis at this SNP, we
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would conclude from Figure that, since there isn’'t a large number of SNPs
with log,, BF > 2, iHS, in this region, is better able to detect the patterns of vari-
ation consistent with positive selection. The recombination landscape in Figures
5-8(A) &[5-8(B), together with the variation on the derived background in Figures
(C) & suggest that this is a region of high recombination. As a result, the
dissimilarity matrix in Figure (D), compared with previous examples, shows
a decrease in the number of SNPs which differ between those haplotypes carrying
the derived allele, and those carrying the ancestral allele. As before, the empirical
ranks for the causal SNP (rs1229984) for ABACUS and iHS are 0.759, and 0.211

respectively, suggesting that neither method can reject the null hypothesis.

It is challenging to make a conclusion about whether this region is under selection,
or not. The number of SNPs with [iHS|> 2 might lead one to conclude that this
region does have patterns of patterns of variation associated with selection, how-
ever in the 600 SNP window centred on the focal SNP (rs1229984) suggests that
there is considerable similarity between haplotypes on the derived and ancestral
backgrounds. This could be a feature of the multiple recombination hotspots in
the region, and further analysis would need to be undertaken to understand the
nature of the evolution at this locus. Note that the method by [Peter et al.| [2012]

calculates the posterior probability of neutral evolution in this region at 1 x 1078,

EDAR Another candidate region for populations of Asian ancestry is the EDAR
locus. EDAR was shown by [Fujimoto et al. [2008] to be associated with the
thickness of hair, and has been identified by a number of previous genome wide
selection scans |Akey et al., 2004, Voight et al., [2006]. Bryk et al.|[2008] showed,
using a series of in vitro experiments, that a SNP (rs3827760), associated with
these phenotypes, appears to be under positive selection. As before we use this
SNP as a focal point we centred a 1Mb window on the locus and looked at the

variation in ABACUS and iHS values in the region; Figure [5.9
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FIGURE 5.9: (A) and (B) show the regions surrounding the EDAR locus,
centered on rs3827760, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the

LocusZoom web application [Pruim et al., 2010]. (C) Haplotype variation plot,

with individuals as rows, and positions as columns. Coloured black or white
depending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

It would appear from Figures [5.9(A) & [5.9(B) that neither method identifies the

proposed causal variant (rs3827760) as having the largest value, however ABACUS

appears to identify a region of increased evidence upstream of the focal SNP. The

patterns of variation in Figures[5.9) (C) & [5.9 (D), suggest that there is evidence of

very strong classical selective sweep in this region. There appears to be one single

haplotype on the derived background at a high frequency (f = 93%). The painted

lengths in Figure do appear to suggest that the time to common ancestor
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among the derive alleles is much shorter, however because there only a handful
of observations in the comparison group ABACUS has little power to detect the

causal variant.

iHS does seem to have better power in this regions but considering the relative
difference between the decays on the ancestral (red), and derived (blue), alleles in
Figure[E.4 it is surprising that we do not see a much stronger signal of selection in
this region. One explanation may be that this region appears to be a recombination
cold spot, therefore the decays are likely to be down weighted to account for the
reduction in recombination. The empirical ranks for ABACUS and iHS are 0.348
and 0.049, again suggesting that at the 1% false positive rate we would reject the
alternative hypothesis. Note, however, that iHS does have a considerably higher
rank than the corresponding rank for the ABACUS value, suggesting that there

is more evidence under iHS relative to ABACUS.

5.3.1.3 YRI Candidate

PSCA PSCA is involved with bladder and pancreatic cancer, and a particular
SNP (rs2294008) has been associated with positive natural selection [Bhatia et al.,
2011]. Using this SNP as a focal point we centred a 1Mb window on the locus and
looked at the variation in ABACUS and iHS values in the region. Figures[5.10(A)
& [5.10(B) show the results for ABACUS and iHS, respectively.

The results from Figures [5.10(A) & [5.10[B) indicated that both methods identify
a region surrounding the focal SNP as having patterns of variation associated
with selection, however there is some uncertainty as to which SNP is ‘causal’.
We observe that the SNP with the largest value under ABACUS has an R? = 1
with the focal SNP (rs2294008). Nevertheless, the empirical ranks for the proposed

causal SNP are 6 x 1072 and 0.031 for ABACUS and iHS, respectively. As a result,
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FIGURE 5.10: Comparison of YRI Candidates. (A) and (B) show the regions
surrounding the PSCA locus, centered on rs2294008, for ABACUS and iHS
respectively. SNPs are coloured according to their R? value with the highlighted
variant. Overlaid with the GRCh37 reference genome, and recombination map.
Constructed using the LocusZoom web application [Pruim et al. [2010]. (C)
Haplotype variation plot, with individuals as rows, and positions as columns.
Coloured black or white depending on the allele that they carry. (D) Pairwise
difference matrix between the haplotypes over this region. Dark red indicates
low number of differences.

under ABACUS, at a 1% false positive rate, we would reject the null hypothesis

of selectively neutral evolution.

It would appear, from Figures C) &[5.10(D) and the diagnostic plot in Figure
that there are multiple haplotypes carrying the derived allele, as evidenced by
the structure of the dissimilarity matrix in Figure M(D)7 however they are rela-

tively short. One reason for this is that the focal SNP lies between two regions of
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increased recombination, therefore the haplotype will get broken up much quicker

than in other regions. The results from this locus suggest that this region exhibits

patterns of variation associated with selection on standing variation, which is in

agreement with the results from Peter et al.|[2012].

5.3.2 Summary

The results from the analysis above have been summarised in Table [5.5] Overall,

we observe that the results fit well with our observations from the previous chapter.

In classical selective sweeps we expect iHS to have better power when the frequency

of the derived allele is high (> 90%), e.g. TRPV6 and EDAR, and at intermediate

frequencies we expect both methods to have similar power, e.g. LCT and ADHI1B.

In soft sweeps we expect to ABACUS to out perform iHS across all frequencies,

e.g. PSCA.
Gene Population SNP Derived Fre- IOglo BF (rank) |1HS’ (rank)
quency

LCT CEU rs4988235 | 0.71 12.04 (1.51 x 107%) | 4.21 (2.25 x 107?)
ASPM | CEU | rs41310927 | 0.39 0.15 (0.24) 0.38 (0.62)
TRPVG | CEU | rs4987682 | 0.92 20.24 (0.23) 0.57 (0.53)
ADHIB | CHB | rs1229984 | 0.71 ~0.62 (0.76) 1.16 (0.21)
EDAR | CHB | rs3827760 | 0.93 70.37 (0.35) 1.96 (4.90 x 10-2)
PSCA YRI rs2294008 | 0.76 2.02 (6.29 x 1072) | 2.22 (3.12 x 107?)

TABLE 5.5: Summary of results from ABACUS and iHS applied to six auto-
somal candidate regions identified by Peter et al. [2012] using data from |[1000
Genomes Project Consortium et al.| [2012].

We also observed that a number of examples where ABACUS more clearly iden-

tifies the causal SNP, or a SNP that is in complete linkage with it, e.g. LCT and

PSCA.

It would not be appropriate, or possible to, extend the conclusions of this fine

scale analysis to the rest of the genome. As a result, in order to assess the quality

of the results and the degree of overlap between the methods, and with previous
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studies, across the genome it is necessary to construct an automated approach to

identifying regions.

5.3.3 Overlap with Previous Studies

Akey| [2009] constructed an integrated map of positive selection in the human
genome, by analysing eight previous genome-wide selection studies, Table [5.6] and
established degree of overlap between regions. Those regions that were identified
by two or more studies are included. Using this dataset we can compare the

results from both models across the three populations and determine which regions

overlapped.
Reference Feature Sample
| |Carlson et al.| [2005] Frequency Spectrum Perlegen
| [Wang et al.7[2006] LD HapMap, Perlegen
| Voight et al[[2006] LD HapMap
- Kelley| [2006] Frequency Spectrum Perlegen
| [Tang et al|[2007] LD HapMap, Perlegen
. Kimura et al.[2007] LD HapMap
| [Williamson et al.| [2007] Frequency Spectrum Perlegen
| [Sabeti et al.| [2007] Population Differentiation / LD HapMap

TABLE 5.6: A list of methods used by |Akey| [2009] to produce an integrated

map of natural selection in the human genome. HapMap data was obtained

from [International HapMap Consortium| [2005], and Perlegen from Hinds et al.
[2005].

To calculate the boundaries of a region that either method identifies proved to
be challenging. Visual identification of these regions is relatively straightforward,
however this is not feasible when the number of observations is on the order of
1 x 10°. To establish whether a signal of selection is present in either ABACUS
or iHS we first identify all SNPs in the genome that have a value above a given
threshold. Then using a 50Kb window centred on each SNP we determine the

width of a region by the number of SNPs that have overlapping windows.
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Within each population, and for each method we set the cut off value to be the
upper 1% percentile for that metric, observed across the genome. In addition, to a
universal 1% cut off for the values of log;, BF under ABACUS we also performed
the same calculations when we considered different 1% cut off values for the dis-
tribution of log,, BF within 5% frequency bins. In the CEU example this results
in 10.2% of the genome being highlighted as being under positive selection by
ABACUS. Compared with 18.3% for iHS applied to the same sample, and 8.50%

for the integrated map of positive selection [Akey, [2009).

We begin by looking at the distribution of log,, BF as a function of [iHS|. Figure
5.11| shows the relationship between these two values at every SNP in the CEU
sample where it has a value of both metrics. We split the SNPs according to MAF

to highlight the differences.

We observe that there appears to little SNP by SNP correlation between the two
methods. The two simple linear models, (log,, BF = a+ b[iHS|) predict that there
is an increasing relationship between the two metrics (b = 0.085, and b = 0.249),
however there is significant heteroscedasticity. We might expect considerable de-
viation at SNPs that show evidence of soft selective sweeps, which might, to some
extent, explain the dense cloud of points with large log,, BF and low |[iHS|. The
large cloud of red observations with low log,, BF and larger |iHS]|, is likely evidence

of iHS having better power at lower frequencies.

If we consider the overlap of ABACUS with previous studies, we observe that
88.6% (86.0% adjusting for derived frequency) of regions identified by [Akey| [2009]
overlap with regions identified by ABACUS in at least one of the three populations
that we explored from 1KG. Using an equivalent definition of a region for iHS
we calculated that the degree of overlap is 90.4%, however iHS is in the list of
methods used by |Akey| [2009]. Within each population, of those regions identified

by ABACUS, 58.9% (57.4% adjusting for derived frequency) are also identified
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FIGURE 5.11: Scatter plot of log;o BF against [iHS| for SNPs in the CEU

sample, split by MAF. The red observations correspond to SNPs with MAF <

10%, and blue observations correspond to SNPs with MAF > 10%. The straight

lines correspond to a simple linear model, log;, BF = a+b|iHS|, within frequency
class.

by iHS. Moreover, in regions that are identified by both ABACUS and iHS, they
have on average higher maximum values (25.9%, and 10.3% higher respectively)
compared to regions that are identified by just one of the methods. Note using
the definition of a regions above the regions identified by iHS cover 34.5% of
the genome and 32.5% for ABACUS. Therefore the probability of chance overlap

between the two methods across the genome is 11.2% (calculated by take the

product of the genome wide coverage for each method). Note that the observed
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overlap is 8 fold that of the chance overlap.

The quality of this scheme depends entirely on the width of the windows; too wide
and every SNP would be in the same region, too short and only a handful of regions
would overlap. We tried a number of different window widths and found that 50Kb
resulted in a good trade off between visual and automated identification. These
results are quite encouraging, and suggest that there is good agreement previously
constructed maps of positive selection in the human genome. Note, |Akey| [2009)
observed that the degree of overlap between any two independent selection scans
was on average 14.1%. Therefore the fact that we observe an overlap of > 50% with

iHS suggests that ABACUS results in better agreement with existing techniques.

5.4 Novel Candidates for Positive Selection

Finally, we decided to look in more detail at examples of some regions that appear
to have a considerably lower empirical p-values under ABACUS compared with
iHS. The regions presented in this section were chosen from this group due to the
fact that they occur in interesting regions of the genome, and because they appear

to show evidence of soft selective sweeps.

DPY19L2 The first region focuses on SNP, rs4762993, in the DPY19L2 gene in
the CEU population. DPY19L2 encodes a protein that is highly expressed in the
testis and is required for sperm head elongation and acrosome formation during
spermatogenesis, and it was discovered by [Ellnati et al.| [2012] that deletion of

DPY19L2 is highly associated with Globozoospermia; a form of male infertility.

We observe in Figure[5.12(A) a large number of SNPs that have log,, BF > 2 which

align with the DPY19L2 gene. The fact that we observe values log,, BF > 10 in
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FIGURE 5.12: Comparison of CEU Candidates. (A) and (B) show the regions
surrounding the DPY19L2 locus, centered on rs4762993, for ABACUS and iHS
respectively. SNPs are coloured according to their R? value with the highlighted
variant. Overlaid with the GRCh37 reference genome, and recombination map.
Constructed using the LocusZoom web application [Pruim et al. [2010]. (C)
Haplotype variation plot, with individuals as rows, and positions as columns.
Coloured black or white depending on the allele that they carry. (D) Pairwise
difference matrix between the haplotypes over this region. Dark red indicates
low number of differences.

this regions suggests that a number of SNPs have alleles that are strongly asso-

ciated with reduced time to common ancestor. The variation analysis in Figures

15.12[(C) &[5.12(D), suggests that those haplotypes carrying the derived allele, have

considerably reduced diversity compared to the ancestral haplotype.

Furthermore, the structure of the variation in Figures|5.12(C) & |5.12[(D) suggests

that there appears to be at least two haplotypes on the derived background. As
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evidenced by the block-like pattern in the dissimilarity matrix between those hap-
lotypes on the derived background. The diagnostic plot in Figure [F.1] also shows
that the painted segments extend up to 400Kb in either direction, and are signifi-
cantly longer than the painted lengths of the ancestral allele, which is driving this

large signal of selection.

The patterns of variation suggest that we cannot rule out the hypothesis that
this region is currently experiencing, or has recently experienced, a soft selective
sweep. iHS values in this region are also high (JiHS|> 2) however the signal is not
as strong as those observed under ABACUS, and the highlighted SNP does not
have the highest score in this region. As before, we calculated the empirical rank
of the highlighted SNP as being 4.75 x 107% under ABACUS and 0.048 under iHS.
Therefore, at the 1% false positive rate we would reject the null hypothesis under

ABACUS and reject the alternative under iHS.

FADS The next region that we look at focuses on a 2Mb region surrounding
a set of genes called FADS1, FADS2, FADS3 in the CHB subpopulation. These
genes are members of the fatty acid desaturase family which cluster together in this
region, and variants have been associated with reduced desaturation of polyunsat-
urated fatty acids, e.g. omega-3 [Steer et al| |2012]. Tt is thought that a reduction
in omega-3 concentrations can be associated with cardiovascular disease, type 2
diabetes, and also some developmental traits e.g. reduced IQ and visual develop-

ment [Steer et al., 2012].

Figure indicates that this region has a large number of SNPs with values of
log;y BF > 2 . The variation plots in Figures [5.13(C) & [5.13[D), suggest that
there is a significant reduction in variation on the derived allele, and possibly a
single haplotype on the derived background. Figure suggest that the derived

allele is significantly more associated with longer lengths under one allele. The
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FIGURE 5.13: (A) and (B) show the regions surrounding the FADS locus,
centered on rs72643559, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the
LocusZoom web application [Pruim et al., 2010]. (C) Haplotype variation plot,
with individuals as rows, and positions as columns. Coloured black or white
depending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

painted segments extend up to 500Kb in each direction, even though this region

has a number of recombination hotspots.

We also observe that there are a considerable number of SNPs at this locus with

[iHS|> 2 adding to the evidence that this region has patterns of variation consistent

with a selective sweep. Furthermore, this SNP has the highest empirical rank under

ABACUS, and a rank of 0.018 under iHS. Considering the large single haplotype

on the derived background it is surprising that we do not see a more extreme
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value of iHS. One explanation may be the increased variation as a result of the
multiple recombination hotspots, however as with ABACUS, iHS is designed to be
robust to such features [Voight et al. |2006]. The fact that we observe such a large
value of log;, BF at this locus, and considerably reduced variation on the derived
background suggests that this region has experienced or is currently experiencing

a classical selective sweep.

IGH The final region focuses on the immunoglobulin heavy locus (IGH) at the
end of chromosome 14 in the CEU subpopulation. This locus has one of the largest
values of log,, BF that is replicated across all the populations that we have looked
at. The IGH locus encodes a large number of antibody molecules which are used
by the immune system to protect an organism from infections [Tanaka and Nei,
1989]. By comparing synonymous to non-synonymous substitutions, which we
discussed in Chapter 1, Tanaka and Nei| [1989] showed that there was evidence of

positive Darwinian selection.

Figures [5.14(A) & |5.14{B) show that there is a large number of SNPs that have

values of log;, BF > 2 and |iHS|> 2 in this locus. The variation plots in Figures

5.14{(C) & [5.14(D) show that the region is experiencing strong recombination, as

shown by the recombination maps in the top two panels. Despite the large recom-
bination we observe that there is considerably reduced diversity on the derived
allele. The empirical ranks for ABACUS and iHS at this SNP are 2.42 x 1079,
and 0.0179 respectively. Again, this suggests that at the 1% false positive rate we

would reject the null hypothesis under ABACUS.

From the patterns of variation it is difficult to identify whether this region has
variation consistent with classical or soft sweep, however one might argue in Figure
5.14(C) that there are multiple haplotypes. Together with the block-like structure
in the dissimilarity matrix, one might conclude that the region has experienced or

is currently experiencing a soft selective sweep.
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FIGURE 5.14: (A) and (B) show the regions surrounding the IGH locus, cen-
tered on rs72693980, for ABACUS and iHS respectively. SNPs are coloured
according to their R? value with the highlighted variant. Overlaid with the
GRCh37 reference genome, and recombination map. Constructed using the Lo-
cusZoom web application Pruim et al. [2010]. (C) Haplotype variation plot,
with individuals as rows, and positions as columns. Coloured black or white de-
pending on the allele that they carry. (D) Pairwise difference matrix between
the haplotypes over this region. Dark red indicates low number of differences.

Due to the increased recombination, and polymorphisms in this region aligning the
human sequence with other species is very challenging. As such it is often difficult
to identify which of the alleles is derived and which is ancestral. One effect of
this is that it is not possible to identify iHS values at these positions. This is one
explanation as to why we see a significant number of missing SNPs in Figure [F.3|
This phenomenon is not unique to the /GH locus, indeed the MHC' also suffers

from a similar problem (data not shown).
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5.5 Discussion

The goal for this final results chapter was to understand the challenges of applying
ABACUS to real data and to attempt to quantify the differences between the
results and previously studies, e.g. [Voight et al.| [2006] & |[Akey [2009]. ABACUS
identified many previously identified regions of natural selection, e.g. LCT, and
genes that are involved with immunity e.g. MHC' [Borghans et al., 2004] and IGH

[Tanaka and Nei, |1989].

In line with the results from Chapter 4, we observed that iHS had significantly
better power to detect patterns of variation associated with selection, when the
derived allele was at high frequency (f > 80%). We observed that some of the
strongest signals of selection under ABACUS included a number of regions where
the patterns of variation might suggest evidence of selection by a soft sweep, e.g.
DPY19L2. Moreover, in regions, e.g. IGH, where it is difficult to use ancestral
genomes to identify which allele is derived, ABACUS will be able to calculate the

evidence of selection, where iHS will not.

Finally, we observe across the genome that ABACUS resulted in good (> 80%)
overlap when compared with existing maps of positive selection in the human
genome, e.g. |Akey| [2009], and we observe that there was a good degree (65%) of

overlap between the results from iHS and ABACUS.

For this chapter we decided to focus on samples from just three of the fourteen
populations from 1KG. We did this so that we could focus on explaining the
differences between the methods in a number of regions, however we identified that
the selection pressure may not be the same between populations with the same
ancestry. As a result the conclusions that we made regarding the evolutionary
development of some of the regions that were identified by [Peter et al. [2012] may

not be directly comparable.
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Visually identifying whether a region highlighted by either method is evolving
under a classical sweep, or a soft sweep of selection is very challenging. As we il-
lustrated in Figure different modes of selection can leave very distinct patterns
of variation in the region, however without a statistical model like that described
in Peter et al.|[2012] it is not possible to assess the support of each model. Further-
more, the variability of the haplotypes between backgrounds is dependent on the
recombination rate in the region, which will also affect the extent of the selective

pressure.

Overall we are encouraged by the fact that we observe good agreement with pre-
vious studies and between iHS and ABACUS. Moreover results presented in this
chapter together with the previous chapter suggest that ABACUS is a viable al-
ternative to iHS when one wishes to quickly identify regions of a genome that
exhibit patterns of variation associated with positive selection, either from a clas-

sical sweep or by a soft sweep.



Chapter 6

Conclusion and Future Direction

“If I have seen further it is by standing on the shoulders of giants.”

Sir Issac Newton

6.1 Conclusions

In this thesis, we set out to design a method that is capable of probabilistically
identifying evidence of positive selection in genome wide variation data. Our
aim was to construct the method so that it is sensitive to patterns of variation
associated with classical selective sweeps and soft selective sweeps, at the same

time as scaling to genome wide variation data.

6.1.1 Exact model, approximate inference

In Chapter 1 we highlighted a major challenge with using the likelihood of the
coalescent to perform conditional inference. Since the space of trees, that could

have generated a particular pattern of variation, is infinite it would be intractable

167
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to apply this method directly to genome wide variation data. We decided to
investigate the use of alternative inference frameworks that have been designed to

work in intractable likelihood settings, e.g. Approximate Bayesian Computation.

We began by using machine learning tools together with coalescent simulation
software to establish whether it was possible to infer the strength of selection,
captured by the parameter o, using a set of frequency spectrum statistics. These
statistics were chosen based on their sensitivity to patterns of variation associated
with a complete selective sweep. In Figure [2.6| we showed, even in the simple case
of assuming everything except o is known, that these machine learning methods

resulted in highly variable estimates.

We then applied an Approximate Bayesian Computation method to establish
whether the quality of the results improved. Using the same metrics as before
together with the original rejection algorithm by Tavaré et al. [1997], we examined
the results when we applied the method to four scenarios of differing strengths
of selection, Figure 2.7, In general, we showed that despite the increased cost of
computation the results were still highly variable, however in the case of strong
selection o > 200, and a derived allele frequency of 75%, we noted that the vari-

ability in the estimates did decrease considerably.

The results from our ABC analysis are consistent with those of other studies, e.g.
Peter et al.| [2012]. In their paper, the authors show that when selection is strong
(0 > 100) and the beneficial allele is at a high frequency in the population (f =
95%), their method is able to detect the strength of selection. Furthermore, when
selection is very strong (o > 1000) then their method is able to distinguish between
patterns of variation associated with a classical selective sweep, and selection on

standing variation.

One of the challenges that we identified with this approach is that it requires

simulation from a model of evolution that is sufficiently complex so as to reduce
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the effect of confounding variables, e.g. population structure, and varying popu-
lation size. In real applications we will never know the true model and incorrect
assumptions may introduce biases into the results. In general, we noted that these
simulation based methods will not scale to genome wide variation for two reasons.
First, it requires a choice of a window size and as we discussed in Chapter 2,
changing the size can alter the conclusions. Second, in each window it will be
necessary, as in [Peter et al.| [2012], to perform independent simulations as local
recombination patterns will alter the genealogy of the sample. This will prove

challenging if this method was applied to entire genome variation data.

6.1.2 Approximate model, exact inference

An alternative approach to using a coalescent model to perform inference is to
use an approximate model that captures the main features of it. A method to do
this, which has become popular for the analysis of genome wide variation data,
was proposed by [Li and Stephens| [2003]. This model uses patterns of variation to
relate haplotypes based on their most recent common ancestor, and has been used

in a number of different applications in modern population genomics.

Using a version of this method, known as chromosome painting [Lawson et al.
2012], we demonstrated that it was possible to estimate the distance between
recombination events in haplotypes for pairs of closely related haplotypes. Using
a theoretical argument by Wiuf and Hein| [1999] and simulated data, we showed
that estimated distance is closely related, in expectation, to the time to common
ancestor. In Figure 3.5 we showed that the longer the distance between estimates

of the recombination distance, the shorter the time to common ancestor.

From the results from Chapter 2, we were aware of different sources of bias that
might also impact the time to common ancestor, e.g. non-constant population

size, and population structure. In expectation these sources will affect the whole
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genome equally. Therefore we decided to use the fact that we have genome wide
variation data to reduce their impact. In practice, we perform a relative com-
parison between haplotypes based on the estimated average distance between re-
combination events across the whole genome. Using simulations, and theoretical
arguments we show that this step stabilises the false positive rate of the method
across different demographic scenarios and population structures. Importantly
though this step does not detrimentally impact the method’s sensitivity to pat-

terns of variation associated with positive selection.

One of the challenges of using this model to infer ancestral relationships is that
it bases its inference on the tips of the tree [Li and Stephens, 2003|. As a result,
inference on selection will be based on its effect on the recent parts of the tree.
Whilst this is sufficient for recent selective pressures, older pressures will be much

more difficult to detect.

This argument is linked to the observation, in Figure [4.14] that the power of the
method to detect selection does not increase monotonically with sample size. We
argued that this result can be explained by looking at the effect of sample size on
the underlying ancestry. As sample sizes increase the times in the underlying an-
cestry will become shorter, increasing the distance between any two recombination
events. As we showed at the end of Chapter 4, the effect of this will be to reduce
the effect of the selective pressure to differentiate the recombination distances.
As result, using current estimates of the distance between recombination events
to infer evidence of selection in very large samples (n > 1000) will become more

challenging.

6.1.3 Power to Detect Selection

In order to assess the evidence that a region of the genome exhibits patterns of

variation consistent with partial selective sweep, we proposed a novel Bayesian
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test of association. At each SNP we calculate the posterior probability that the
estimated distance between recombination distances is longer than expected across
the genome. We use this probability to label estimates of recombination distance
as long relative to the genome wide average. Then using a logistic model we
marginalise out the uncertainty in the labels to establish whether one allele is
more associated with longer lengths compared with the alternative allele. Note,
unlike existing methods e.g. iHS [Voight et al., |2006] we make no distinction
between ancestral and derived alleles. This makes the method more applicable to
regions of the genome where it is not possible to align the DNA with its ancestral

ortholog, i.e. highly recombining or highly polymorphic regions.

We compared the power of our method, ABACUS, to detect both classical selective
sweeps and soft selective sweeps relative to two alternative methods; iHS [Voight
et al., 2006] and Hj, |Garud et al., 2013]. Applying ABACUS across a range of
simulated scenarios, we showed, under classical selective sweeps, that it has similar
power as iHS and Hj, to detect strong positive selection (o > 250), Figure .
Under soft sweeps by recurrent mutation, and soft sweeps by selection on standing

variation, we showed that it had considerably better power than either of the two

alternative methods, Figures &

One explanation, as to why ABACUS has similar power to detect classical and
soft selective sweeps, is that it identifies regions of the genome where one allele
is associated with longer distances between recombination events compared with
the alternative allele. Controlling for the local recombination rates we expect that
longer distances between recombination events are an effect of reduced time to
common ancestor. Therefore if all haplotypes carrying a particular allele have
considerably reduced time to common ancestor relative to the alternative allele,

we argue that this is evidence of positive selection.

Since the derived allele is necessarily the younger allele, those haplotypes that
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carry it will have relatively lower time to common ancestor than those haplo-
types that do not. The effect of this will be to increase the distance between
recombination events on the derived background. This will necessarily increase
the association test at lower derived frequencies. The effect of this phenomenon,
however, was actually quite small. As, in practice, we observe that at very low,
and very high frequencies the test of association has reduced power due the low
number of observations in one of the comparison groups. This is a feature of in-
ference methods that are analogous to contingency tables. The fact that there are
fewer observations in one of the comparison groups reduces the power to detect
association. If one wished to achieve stability in distributions across the frequency
spectrum one might wish to perform a standardisation not unlike that which is
performed by Voight et al.| [2006], however this will diminish the interpretability
of the Bayes factor. A more useful alternative is to calculate empirical p-values

using the distribution of log,, BF.

Genome wide scans for selection, like ABACUS, rely on the assumption that se-
lection is the only evolutionary pressure that might reduce the time to common
ancestor among a subsample of chromosomes. Whilst true in expectation, other
features, such as demography, act stochastically along the genome to alter the
ancestry. We believe that ABACUS will be robust to these sources because we
make a relative comparison between haplotypes at a single site and account for

the average ancestry across the genome.

6.1.4 New candidates

Following on from the development of ABACUS and the demonstration of its power
to detect both classical selective sweeps and soft selective sweeps, we focused in
the final chapter on the applicability of the model to genome wide sequence data.

Using samples from three populations (CEU, YRI, CHB) from [1000 Genomes
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Project Consortium et al.| [2012] we applied ABACUS and a scalable version of
iHS. Using previously identified candidates of either classical selective sweeps or
soft selective sweeps from Peter et al. [2012] we looked at the differences in the

results from the two methods.

In line with results from simulations in Chapter 4, under classical sweeps, we
showed that iHS has significantly better power when the beneficial allele has
reached a very high frequency in the population, Figure 4.8 In a number of
regions that exhibit patterns of variation associated with classical or soft sweeps
of selection, at intermediate frequencies, we highlighted the fact that ABACUS

identifies the causal variant as having the largest log;, BF in the region.

In Figure [5.11] we observed that there was little correlation between the SNP by
SNP values of log,, BF and |iHS|, however when we looked at regions identified
by either method we observed that there was considerable overlap (58.9%). By
comparing the results of an integrated map of positive selection in the human
genome [Akey, 2009] to the results from ABACUS we observed that 88.6% of
the regions overlap. Some of the differences in the SNP level relationship can
be explained by the fact that ABACUS is more sensitive to patterns of variation
associated with soft selective sweeps, and iHS is more powerful to patterns of
variation consistent with positive selection when the minor allele frequency is

< 10%.

Building on this we propose three novel candidates of positive selection in the
human genome; DPY19L2, FADS, and IGH. All three regions have some of the
largest log,, BF under ABACUS, and patterns of variation consistent with either a
classical selective sweep, or in the case of DPY19L2 and IGH patterns of variation
associated with a soft selective sweep. We observed in Figures to that
iHS also has a considerable number of SNPs in this regions with [iHS|> 2, however

they had a much lower rank. Furthermore, in the IGH locus, we observed that
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many SNPs had no iHS value because the method was not able to establish which

allele was ancestral.

We mentioned at the end of Chapter 5 that visually identifying the mode of se-
lection from the variation data is fraught with challenges, and it would be unwise
to relying on these conclusions without quantifying the evidence; e.g Peter et al.
[2012]. Moreover, it is difficult to make conclusions about whether iHS is able to
identify a causal variant because stochastic variation caused by the standardisation

of the metric within frequency windows.

The results from our analysis of the 1000 Genomes data together with the power
estimates suggest that ABACUS is capable of detecting patterns of variation as-
sociated with both classical and soft positive selective sweeps. In the case of soft
sweeps the results suggest that it is more powerful than either of the two alterna-
tive methods that we considered. Furthermore, as we have shown, the inference
framework and implementation of ABACUS means that it is readily applicable to

genome wide sequence variation data.

6.2 Future work

An aim for this thesis is to establish a new method to scan genome wide variation
data for evidence of positive selection. The model that we designed is based on a
method that relates patterns of observed variation to recent ancestry. This is just
one possible approach, and over the course of this research we explored a number

of alternative methods.
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6.2.1 Alternative inference methods

The Viterbi algorithm is a very quick and efficient way of making inference in
HMMs, however it only produces a point estimate summary, i.e. a single path
through the state space, with no additional information about the variation. At
the end of Chapter 3, we proposed that an alternative approach would be to
use posterior decoding, to calculate, at each position, the posterior probability of
any chromosome being most closely related to all other chromosomes. Using this
approach one could sample paths through the HMM and calculate the Bayesian
test of association for each sample, and take an average of the results at each SNP.
This approach has merits, as one is able to establish the variation in sampled
paths, however we abandoned it because we could not establish whether it was

appropriate, or more powerful, to combine Bayes factors across realisations of the

HMM.

Both Viterbi decoding, and path sampling, produce a single path through the state
space of the HMM. We explored, an alternative approach that removed the need
to summarise the HMM using paths. At each position we use the posterior decod-
ing probabilities to calculate for each pair, in expectation, the distance between
consecutive recombination events. At each position this produces a matrix of the
expected distance (Equation between recombination events for each pair of
haplotypes. In simulated data this, visually, produced a very accurate painting
of the selected haplotypes. We abandoned this method because, unlike previous
models, this method no longer has linear complexity in the number of positions.

Thus applying this method to genome wide variation data would not be possible.

An aim throughout this thesis is to make inference using the ancestral history
relating a sample of haplotypes. Since inferring the history itself is challenging,

we used alternative methods that capture its underlying features. We chose the
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method by [Li and Stephens| [2003], because it is uses information regarding the re-
lationship between closely related haplotypes to make inference on recent ancestry,
however more ancient events are beyond its capability. To improve the accuracy
of our method we explored a number of alternative models that should allow one

to make inference on more ancient ancestries.

In particular, we looked at an HMM based method by [Zhang| [2013] which was
originally designed to simultaneously genotype and phase haplotypes using the
raw output from sequencing machines. It infers a set of ancestral haplotypes from
which it is possible to infer patterns of relatedness in a similar manner to the
LSHMM. Our investigations suggest that this could be a useful approach, however
whilst this method is very scalable, it was shown by Zhang| [2013] to get stuck in
local modes. The authors propose using a MCMC jump to resolve this problem,

however we found in practice that it still produced unstable conclusions.

6.2.2 New applications

The main advantage of using an HMM based model to perform inference is that
it will scale to very large datasets. This is especially important as genome wide
sequencing technologies become more common in population genetics. The benefit
of this new data is that the causal or beneficial SNP will always be typed. Therefore
methods that rely on bi-partitions of alleles to perform inference, e.g. ABACUS

should have a better chance of detecting the causal variant.

Due to data availability it was only possible to present the results from applying
ABACUS to genome wide sequence data from (1000 Genomes Project Consortium
et al|[2012]. Over the past few months we have applied the method to sequence

data from Mus musculus castaneus, and Mus musculus domesticus.
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In the next application we will be focusing on genome wide variation data from
10,000 individuals from eight African populations. Ultimately, however, our goal
is to apply ABACUS to genome wide variation data from Plasmodium falciparum,
however the patterns of recombination may mean that the method will need to
be adapted slightly to account for these differences. Despite these challenges,
ABACUS has a distinct overall existing methods to detect patterns of variation
associated with selection, in that it has good power to detect both selection on
standing variation and classical selective sweeps. This is particularly useful in
drug resistance applications where environment pressures may mean that bene-
ficial mutations rise to high frequency in the population from variation that is
already present in the population, i.e. selection on standing variation. Further-
more the Bayesian design of the method means that if samples were collected,
and sequenced, regularly from populations we might be able to use ABACUS to
leverage this temporal information to perform drug resistance surveillance at a

population level.

6.2.3 A final word

ABACUS is designed to be a fast, efficient and robust method to detect patterns
of variation associated with positive selection in genome wide genetic variation
datasets. To our knowledge it is the first scalable model that has to similar power
to detect patterns of variation associated with both incomplete classical selective
sweeps and incomplete soft selective sweeps. The fact that ABACUS performs
this inference in a model based way makes it more robust to confounding effects

such as demographic history and population structure.

Recall, one of the motivations for doing this research was to construct a method
that would be capable of detecting and monitoring drug resistant traits in pathogens.

ABACUS represents a first step in constructing such a method, however there is
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still a considerable amount of work still left to do. Ultimately one of the key
features of this model should be that it is able to combine information from mul-
tiple sources, e.g. clinical records and genetic variation data. By constructing a
unified model we believe that it will help to reduce the impact of drug resistant

pathogens.



Appendix A

Laplace Approximation Equations

To calculate the Laplace Approximation to the posterior is necessary to determine
the score vector and information matrix under each hypothesis. To do that in this

application we need to establish the derivatives of p (6;) in Equation M

o (14 exp (u+ 56,))°
(
exp(u+p8) _
5 b 2 02 — ]_
%p (91) _ (1+exp(p+0)) ) (A‘Q)
k 0 60,=0
(
exp(u+8)(1—exp(u+08)) o
() ={ (Rl e (A.3)
pop 0 6,=0
\
5_2p (0, = &P (1 + B0;) (1 — exp (1 + 36;)) (A)
o (1 + exp (1 + 59;))’° ’
exp(u+B)(1—exp(u+8)) o
55_;229 O (A.5)

We following the argument in [Marchini et al. [2007] and set the priors for p and

2

p to be Gaussian with mean 0 and variance o,

and o3, respectively. Defining
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I(p, B) =log (L (u, B|II, G)) we can express the posterior score function under H;

as,
U ~ (2 O logP (4] H
i 0.8) = (20 (0.) + 3 08P (i),
5 5
105) + 1o (3] (A6)
5
= (Z—log 1)+ 5 Yog P (ulH).
Zﬁlog fi) +—ﬁlogﬂ)( !H1)> (A7)
n 6f; 1 n 5fz
— o P
= (; F o 21: - ) (A8)
where
%: %p(l)ﬁﬂr%p(@)(l—m) gi=1 (A9)
a \ —5:p (V)i — 50 (0)(1—m) gi=0
(s =
((55_1;: sop ()i gi=1 (A.10)
—%p(l)m 9i=0
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Using a similar argument we can express the posterior information matrix as fol-

lows,
T (1. 5) = Sl (1 8) 5l (1, B) 2z log P (u| Hy ) 0
25l (1 8) =l (1, B) 0 2 1og P (8|H,)
(A.11)
n 5?2 52 1
_210 7 2—lo i —5z 0
_ 6;; g (f:) aig g (f:) n z (A12)
T sttt Gros(ry)  \ 0 —%
S8 Sh-4
n ou? S 5o S OB 1 0
= 2 0 S N (A.13)
=1 gut{;?_%% %_(%) 0 LQ
f? 7 %5
(A.14)
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Appendix B

Simulations

B.1 Data Generation

In all these simulations, population frequency f, and selection coefficient, o, unless

otherwise stated can take the following values.

f={5%,10%, 20%, 40%, 50%, 60%, 80%, 90%, 95% }

o = {10, 50, 100, 250, 500, 1000}

B.1.1 Classical Sweep
B.1.1.1 Null

We simulated 1,000 regions in each of the nine frequencies. msms simulates a
trajectory conditional on the frequency of the allele in the current day population.
We set 0 = 0.1, 04 = 0, u = 1.2 x 10~ per generation per base pair, r = 1 x 1078

per generation per base pair, [ = 2 x 10° base pair, and N, = 10, 000.

msms -ms 200 1000 -t 960.0 -r 800.0 2000000 -SAA 0.1 -SaA 0.05
182
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-SF 0.0 frequency -N 10000 -Sp 0.5 -Smark

B.1.1.2 Alternative

We simulated 250 regions at each intersection of the nine frequencies and six
o. msms simulates a trajectory conditional on the frequency of the allele in the
current day population. Weset 84 = 0, u = 1.2x107® per generation per base pair,

r =1 x 1078 per generation per base pair, [ = 2 x 10° base pair, and N, = 10, 000.

msms -ms 200 250 -t 960.0 -r 800.0 2000000 -SAA sigma -SaA sigma/2

-SF 0.0 frequency -N 10000 -Sp 0.5 -Smark

B.1.2 Soft Sweep

B.1.2.1 Null

We simulated 1,000 regions in each of the nine frequencies. msms simulates a
trajectory conditional on the frequency of the allele in the current day population.
We set 0 = 0.1, 04 = 10, n = 1.2 x 10~® per generation per base pair, r = 1 x 1078

per generation per base pair, [ = 2 x 10° base pair, and N, = 10, 000.

msms -ms 200 1000 -t 960.0 -r 800.0 2000000 -SAA 0.1 -SaA 0.05

-Smu 10 -SF 0.0 frequency -N 10000 -Sp 0.5 -Smark

B.1.2.2 Alternative

We simulated 250 regions at each intersection of the nine frequencies and six
o. msms simulates a trajectory conditional on the frequency of the allele in the

current day population. We set 64 = 10, p = 1.2 x 1078 per generation per
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base pair, r = 1 x 1078 per generation per base pair, [ = 2 x 10° base pair, and

N, = 10, 000.

msms -ms 200 250 -t 960.0 -r 800.0 2000000 -SAA sigma -SaA sigma/2

-Smu 10 -SF 0.0 frequency -N 10000 -Sp 0.5 -Smark

B.2 Calculating ABACUS

We perform the painting as described in Chapter 4 setting input effective popula-
tion size parameter N, = 10,000. We then average the total copying length across
all pairs and repetitions under the null, to estimate the average pairwise copying

length.

We then calculate ABACUS as described in Chapter 3, but setting the estimate
of the copying lengths across the genome for all pairs equal to that which we

calculated under the null. We then take the log,,BF value at the selected site.

B.3 Calculating ulHS

At the target locus we calculate the integrated decay of on the ancestral and
derived backgrounds; iHH, and iHHp, respectively. We then calculate ulHS =
log, iHH 4 — log, iHHp.

B.4 Calculating Hi,

Following the derivation in |Garud et al. [2013] we calculate the Hpy statistic as
follows. At the target locus we take a 401-SNP window it and calculate the fre-

quency of each haplotype. We rank each haplotype, in descending order according
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to its frequency; i.e. p; is the i most frequent haplotype. Then

Hiy = (p1+p2)” + ZP? (B.1)

1>2



Appendix C

ABACUS Implementation

To maximise the flexibility and scalability of the ABACUS model we implemented
it using a combination of Linux bash and concurrent Java. In its current form the
model reads the variation files into memory and then calculates the Viterbi paths,
and Bayes factors in parallel. One of the challenges with our implementation how-
ever is that the Viterbi algorithm requires a significant amount of memory. This
can be a problem when the number of samples is > 1 x 103. One solution that we
will discuss in the next chapter is using a Map-Reduce [Dean and Ghemawat, |2008]
design, or exploiting the Viterbi algorithm to split the genome up and reconstruct
the Viterbi paths. For our purposes however, the current implementation is quite

sufficient.

A schematic of the current implementation of ABACUS has been produced in
Figure [C.1] As we can see the implementation takes a phased haplotype file in

.gen format.

rs58108140 rs58108140 10583 G A 0 1 0 ...

rs180734498 rs180734498 13302 C T 0 1 0 ...

186
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viterbi

senciemzp - (ABACUS) &

|

.bayesfactor

@

FI1GURE C.1: Schematic detailing the ABACUS pipeline. (1) Read in haplotype

file in .gen format. (2) Use position information and genetic map to produce

linear interpolated map in centi-Morgans for every position in .gen file. (3)

Parallel run the Viterbi to produce one .viterbi file for every haplotype. (4)

Read Viterbi information into ABACUS and parallel create .bayesfactor file.
Parallel process are denoted by dashed lines.

Each space separated line represents a SNP; the first two columns uniquely identify
the SNP via the RSID, the third column denotes the position in the chromosome,
the fourth and fifth columns denote the nucleotides for the 0 and 1 alleles respec-

tively, and the last columns denote the alleles for each haplotype.

This haplotype file is read into ABACUS and using the recombination map for
the species a linear interpolated map is produced for each position in the .gen file.
This is then used to produce the .viterbi files (one for each haplotype) which are
then used to produce the .bayesfactor file. As we mentioned above the last two
steps are implemented in a parallel which means that the application can take

advantage of multicore compute nodes.
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ABACUS and iHS Results Tables
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Pop. Chr. Position (Mb) Genes log,,BF iHS Replicated
CEU 6 29.56 - 31.69 m™MHC 1752 NO CHB + YRI
CEU 1 248.3 - 248.6 OR14, OR2 16.48 NO CHB + YRI
CEU 10 134.75 - 135.2  GPR123 16.42 YES CHB
CEU 7 6.8 -7.16 CCZ1B 16.21 NO -
CEU 12 63.88 - 64.21 DPY19L2 15.47 NO CHB
CEU 2 135.11 - 137.13 McCMs, LCT 14.76  YES -
CEU 4 78.11 - 78.32  ccNG2 14.59 YES CHB + YRI
CEU 3 97.44 - 98.01 OR5, EPHA6, GABRRS3, 13.38 NO CHB + YRI
CRYBG3
CEU 9 89.14 - 89.29  zccHCS6 13.19 NO CHB
CEU 14 10641 - 106.78 1cH 12.79 NO CHB + YRI
YRI 2 89.2 - 89.6 IGK 1243 NO CEU + CHB
YRI 19 21.6 - 21.89 ZNF100, LINC00664 12.01 NO -
YRI 6 29.65 - 32.83 MHC 10.78 NO CEU + CHB
YRI 2 112.03 - 112.41 LOC541471, MIR4435 10.70  YES -
YRI 14 106.14 - 106.33 1GH 10.14 NO CEU + CHB
YRI 8 8.02 - 8.14 FAMS6B3P 9.29 NO -
YRI 7 149.67 - 150.17 AcCTR3C 8.68 YES CHB
YRI 16 29.1 - 29.37  RRN3P2, SNX20P2 8.33 YES CEU + CHB
YRI 17 80.23 - 80.41  UTS2R, OGFOD3 8.33 NO CHB
YRI 4 168.78 - 168.9  ANxXA10 8.32 YES -
CHB 11 61.24 - 61.91 rADs 17.81 YES CEU + YRI
CHB 1 22.19 - 224 CELA3B 1755 YES CEU + YRI
CHB 2 56.57 - 57.64  ccDCssA 16.89 NO CEU
CHB 10 134.73-135.08 GPR123 16.72  YES CEU
CHB 8 127.1 - 127.54  LINCO00861, FAMS4B 15.94 YES -
CHB 16 29.08 - 29.37  RRN3P2, SNX20P2 15.89 YES CEU + YRI
CHB 1 1.84 - 1.97 KIAA1751 1547 YES CEU
CHB 11 11.12 - 11.42  CSNK2A3, GALNT18 1474 YES CEU + YRI
CHB 6 30.9 - 31.66 MHC 14.34 NO CEU + YRI
CHB 4 96.48 - 96.71  UNC5C, PDHA2 14.16 YES CEU

TABLE D.1: Shows the top 10 regions in each population. Regions were deter-
mined by the distance from the maximum that log;(BF fell below 3. Genes that
are in boldface overlap the region and genes that aren’t are the closest to the
tagged region. The iHS column indicates whether a similar signal is observed in
the iHS analysis. The Replicated column indicates whether we observe a similar
BF signal in other populations.
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Pop. Chr. Position (Mb) Genes iHS BF Replicated
CEU 10 67.62 - 68.8 CTNNA3 13.48 YES CHB + YRI
CEU 2 12.93 - 14.34  LINC00276 12.80 YES CHB + YRI
CEU 13 107.33 - 107.8  LINC00443 11.63 YES CHB + YRI
CEU 8 33.8 - 34.78 UNC5D 11.50 YES YRI
CEU 10 59.81 - 60.39 1PMK 11.35 NO CHB + YRI
CEU 13 58.82 - 59.57  DIAPH3 11.28 YES -
CEU 15 74.05 - 75.05  ARID3B 10.92 YES CHB + YRI
CEU 4 59.95 - 60.4 LPHN3 10.60 YES CHB + YRI
CEU 1 34.2 - 34.4 CSMD2 10.57 YES CHB + YRI
CEU 6 77.86 - 78.68  HTRIB 10.44 NO CHB + YRI
YRI 18 62.23 - 62.43  LOC284294, CDH7 11.73 NO CEU + CHB
YRI 9 30.95 - 31.28  LOC401497 10.36 YES -
YRI 3 98.7 - 98.81 MIR548G, DCBLD2 9.50 NO -
YRI 8 34.6 - 34.88 UNC5D 9.49 YES CEU
YRI 10 67.93 - 68.29 CTNNAS3 9.35 YES CEU + CHB
YRI 11 86.74 - 88.06 TMEM135 9.30 YES CHB
YRI 19 29.77 - 29.89  LOC284395 9.27 YES CEU + CHB
YRI 2 81.61 - 81.72  CTNNA2, LOC1720 9.18 YES -
YRI 20 24.83 - 24.94  SYNDIG1, CST7 8.64 YES CEU, CHB
YRI 18 12.03 - 12.32  c18orf61 8.54 NO CEU, CHB
CHB 4 65.26 - 65.63  TECRL, LOC401134 12.59 YES CEU + YRI
CHB 10 25.42 - 25.82  GPR158 12.51 YES CEU + YRI
CHB 4 70.13 - 70.65  UGT2B4, UGT2A1 12.34 NO CEU + YRI
CHB 4 120.15 - 120.95 FLJ14186 12.21 NO CEU + YRI
CHB 12 58.29 - 58.56  XRCC6BPI, LRIG3 12.19 YES CEU + YRI
CHB 11 86.85 - 87.1 TMEM135 11.53 YES YRI
CHB 16 48.42 - 49.05  N4BP1, CBLN1 11.24 NO YRI
CHB 2 75.95 - 76.68  MRPL19, LRRTM4 11.21 NO CEU + YRI
CHB 4 59.93 - 60.4 IGFBP7, LPHN3 10.99 YES CEU + YRI
CHB 15 52.67 - 53.77  ONECUT1, WDR72 10.84 YES YRI
TABLE D.2: Shows the top 10 regions in each population. Regions were de-

termined by the distance from the maximum that iHS fell below 2. Genes that
are in boldface overlap the region and genes that aren’t are the closest to the
tagged region. The BF column indicates whether a similar signal is observed in
the ABACUS analysis. The Replicated column indicates whether we observe a

similar iHS signal in other populations.
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FIGURE E.1: Diagnoistic plot focusing on a 2Mb region surronding the ASPM
gene on chromosome 1 for the CEU subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢M / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs31410927, overlaid on to the haplotype map.
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FiGure E.2: Diagnoistic plot focusing on a 2Mb region surronding the TRPV6
gene on chromosome 7 for the CEU subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢M / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs/987682, overlaid on to the haplotype map.
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FicUure E.3: Diagnoistic plot focusing on a 2Mb region surronding the ADHI1B
gene on chromosome 4 for the CHB subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢M / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs122998/4, overlaid on to the haplotype map.
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FIGURE E.4: Diagnoistic plot focusing on a 2Mb region surronding the EDAR
gene on chromosome 2 for the CHB subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢M / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs3827760, overlaid on to the haplotype map.
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FiGure E.5: Diagnoistic plot focusing on a 2Mb region surronding the PSCA
gene on chromosome 8 for the YRI subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢cM / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs2294008, overlaid on to the haplotype map.
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Ficure F.1: Diagnoistic plot focusing on a 2Mb region surronding the

DPY19L2 gene on chromosome 12 for the CEU subpopulation. The top panel

two panels show the [iHS| and log,, Bayes Factor across the region. The middle

plot shows the recombination map in ¢cM / BP. The lower middle panel shows

the shows the EHH decay. The bottom plot shows the Viterbi lengths that

overlap the SNP of interest, in this case rsd762993, overlaid on to the haplotype
map.
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Ficurg F.2: Diagnoistic plot focusing on a 2Mb region surronding the FADS
region on chromosome 11 for the CHB subpopulation. The top panel two panels
show the |iHS| and log,, Bayes Factor across the region. The middle plot shows
the recombination map in ¢M / BP. The lower middle panel shows the shows
the EHH decay. The bottom plot shows the Viterbi lengths that overlap the
SNP of interest, in this case rs72643559, overlaid on to the haplotype map.
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Ficurg F.3: Diagnoistic plot focusing on the IGH locus on chromosome 14

for the CEU subpopulation. The top panel two panels show the |iHS| and log;

Bayes Factor across the region. The middle plot shows the recombination map

in cM / BP. The lower middle panel shows the shows the EHH decay. The

bottom plot shows the Viterbi lengths that overlap the SNP of interest, in this
case rs72693980, overlaid on to the haplotype map.
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